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Preface

This proceedings volume contains the papers presented at The 18th Inter-
national Workshop on Statistical Modelling held in Leuven, Belgium, July
7-11, 2003. The workshop aims to bring together researchers and all those
interested in the development of statistical models and in their applica-
tions in the widest sense. It arose out of the idea of having a forum for
presenting and discussing advances in statistical modelling and stimulat-
ing international collaborative work. The main focus is the annual meeting
(usually held in July) where a wide range of non-theoretical papers from a
wide range of areas in addition to considering theoretical contributions are
covered.

The International Workshop on Statistical Modelling has been held in Eu-
rope and the USA for the past 18 years. The workshop arose out of two
GLIM conferences in the U.K. in London (1982) and Lancaster (1985), and
from a number of short courses organised by Murray Aitkin and held at
Lancaster in the early 1980s, which attracted many European statisticians
interested in Generalised Linear Modelling. At this time, a group of Aus-
trian, Italian and British statisticians saw both the opportunity and the
need for a regular meeting of Europeans that would focus on various aspects
of statistical modelling in an informal workshop environment, specifically
aimed at applied statistics, but also including theoretical developments and
computational methods.

The spirit of the workshop has always concentrated on papers that are both
motivated by real life data and which also make novel contributions to the
subject. Statistical modelling is an important cornerstone in many scien-
tific disciplines, and the workshop has consistently provided a rich environ-
ment for cross-fertilization of ideas from different statistical disciplines. The
workshop has brought together scientists from different nationalities with
different backgrounds and experience, and has thus always promoted contri-
butions from students early in their careers and allowed time for discussion
and interchange between junior and senior scientists. Special attention is
given to student contributions, and an award for the best student presen-
tation is given. The scientific programme is characterised by having invited
lectures and a pre-workshop short course, contributed papers, posters and
software demonstrations.



Since the first meeting in Innsbruck in 1986, the workshop has grown sub-
stantially, and now regularly attracts over 200 participants. There has been
a strong effort to bring each new meeting to a different European country.
The scope of the workshop is now much broader, reflecting the growth in
the subject of statistical modelling over ten years. The number of sub-
mitted papers has grown with the number of participants, but parallel
sessions have been avoided, allowing everyone both to learn and to con-
tribute. Poster sessions are now held, and software demonstrations and
displays are organised. One change is that the workshops have become
more international in nature. Participants now attend from all corners of
the globe, and workshops have travelled around Europe: Innsbruck (1986),
Perugia (1987), Vienna (1988), Trento (1989), Toulouse (1990), Utrecht
(1991), Munich (1992), Leuven (1993), Exeter (1994), Innsbruck (1995),
Orvieto (1996), and Biel/Bienne (1997) - to the USA - New Orleans (1998)
- and back to Europe - Graz (1999), Bilbao (2000), Odense (2001), Chania
(2002). Future workshops will be organized in Florence (2004) and Aus-
tralia (location to be specified, 2005).

After 10 years, the workshop is back in Leuven, as a joint organization of
the Biostatistical Centre of the K.U.Leuven and the Center for Statistics
of the Limburgs Universitair Centrum. The scientific programme consists
of invited papers, oral contributions as well as poster contributions. We
very much appreciate the efforts of the scientific committee in the selection
of the invited speakers and the oral contributions. We thank the invited
speakers, Ron Brookmeyer (The Johns Hopkins University, U.S.A.), Chris
Chatfield (The University of Bath, U.K.), Marie Davidian (North Carolina
State University, U.S.A.), Anastasios Tsiatis (North Carolina State Uni-
versity, U.S.A.), and Henry Wynn (London School of Economics, U.K.) for
accepting the invitation to present a one hour state of the art lecture in their
specific fields of expertise. Abstracts of these presentations are included in
the first part of this volume. Further, we very much appreciate the efforts
of Brian Marx (Louisiana State University, U.S.A.) and Paul Eilers (Uni-
versity of Leiden, The Netherlands) for their one-day short course entitled
‘Smoothing for Smarties.” Finally, our special thanks are dedicated to all
authors who contributed to the second and main part of this proceedings
volume, for participating in the workshop, and for carefully preparing their
manuscripts. Finally, we wish all participants a pleasant stay in the historic
city of Leuven, and a very fruitful scientific meeting.

Geert Verbeke
Geert Molenberghs
Marc Aerts

Steffen Fieuws

Leuven, May 2003
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Statistical Models for Anthrax Outbreaks

Ron Brookmeyer

! Department of Biostatistics, Johns Hopkins Bloomberg School of Public Health
Baltimore, Maryland USA

In the fall of 2001 an outbreak of inhalational anthrax occurred in the
United States that was the result of bioterrorism. Letters contaminated
with anthrax spores were sent through the postal system. In response to
the outbreak, public health officials treated over 10,000 persons with antibi-
otic prophylaxis in the hopes of preventing further morbidity and mortality.
No persons receiving the antibiotics subsequently developed disease. The
question arises how many cases of disease may actually have been prevented
by the public health intervention of antibiotic prophylaxis. In this paper, a
statistical model is developed to answer this question by relating the dates
of disease onset, initiation of antibiotic prophylaxis, and exposure to the
anthrax spores, to the incubation period distribution. An important com-
plication is that the date of exposure to the anthrax spores was unknown
for a cluster of cases in Florida because the contaminated letter was never
found.

A general likelihood function for a multi-common source outbreak is devel-
oped where the dates of exposure to the source (e.g. anthrax spores) may
or may not be known. Estimates of the incubation period distribution are
derived from an outbreak in Sverdlovsk, Russia. The results are applied to
the 2001 U.S. outbreak to estimate jointly the date the Florida cases were
exposed to the contaminated letter, and the numbers of cases of disease
that may have been prevented in the three main clusters in New Jersey,
Florida and Washington, D.C. The model is extended to allow a phase-in
time period during which antibiotics are distributed. The sensitivity of the
estimates to the assumed incubation period is investigated. Properties of
the estimators particularly when the outbreak sizes are small are evaluated
by simulation. We find that antibiotics may have cut in half the number of
cases of disease. Sensitivity analyses indicate that even in the absence of
antibiotic prophylaxis the outbreak would not likely have been more than
50 cases. The results underscore the importance of early detection of out-
breaks together with targeted and effective public health control measures.

Keywords: Anthrax; Epidemiology; Infectious disease; Likelihood.
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Model Selection, Data Mining and Model
Uncertainty

Chris Chatfield®

! Department of Mathematical Sciences, University of Bath, Bath, UK, BA2 7TAY

Different methods for selecting an appropriate model are briefly reviewed.
Data mining, or data dredging, arises when large numbers of models are
tried on the same data. The effects of this, such as model-selection bias,
are still not widely understood and some remarks are made on model un-
certainty.

Keywords: Akaike’s information criterion; Bayesian information criterion;
Data dredging; Principle of parsimony.

An extended version can be found on page 79.






“Semiparametric” Approaches for Inference
in Joint Models for Longitudinal and
Time-to-Event Data

Marie Davidian!

! Department of Statistics, North Carolina State University, Raleigh, USA

A common objective in longitudinal studies is to characterize the relation-
ship between a longitudinal response process and a time-to-event. Consid-
erable recent interest has focused on so-called joint models, where models
for the event-time distribution (typically proportional hazards) and longi-
tudinal data are taken to depend on a common set of latent random effects,
which are usually assumed to follow a multivariate normal distribution. A
natural concern is sensitivity to violation of this assumption. We review
the rationale for and development of joint models and discuss two model-
ing and inference approaches that require no or only mild assumptions on
the random effects distribution. In this sense, the models and methods are
semiparametric. The methods will be demonstrated by application to data
from an HIV clinical trial.

Keywords: Longitudinal data; Time-to-event data; Semiparametric.






Efficient Estimation of The Mean of A
Time-Lagged Variable Subject to Right
Censoring

Anastasios A. Tsiatis

! Department of Statistics, North Carolina State University, Raleigh, USA

In many clinical trials, the endpoint of interest may not be available im-
mediately, but rather evolves over time. Examples are numerous. Survival
time is clearly such an example, but also cost-of-care, quality-adjusted life-
time, or even dichotomous response such as whether viral load falls below
detectable limits after treatment for AIDS patients are also examples of
time- lagged responses. The lag time may be part of the biological process
or due to administrative delays. Because patient entry is staggered and
follow-up is of limited duration, some of the response variables will be
missing due to censoring of the lag time. We will show how the theory of
inverse probability weighting of complete cases developed by Robbins and
Rotnitzky can be used to derive consistent estimators for the mean of a
time-lagged variable. We will also show how to use additional information
collected during the study to increase effciency.

Keywords: Efficient estimation; Time-lagged variable; Right censoring.






Computational Algebraic Methods for
Discrete Statistical Models

Henry P. Wynn

! London School of Economics, UK.

Algebraic statistics is the name given to the use of computational algebraic
methods in statistics covering in particular graphical models and various
independence and conditional independence structures. The use of algebra
comes from various sources. First by interpolating the probability mass
function or its logarithm over the support using Grober basis methods one
obtains unique forms of polynomial or exponential models. This imme-
diately copes with difficult support problems such as structural zeros in
contingency tables.

Second, complex factorisations can be expressed algebraically. Thus for
conditional independence of X; and X5 on X3, in the binary case, we have
the exponential form:

p(z,y, 2) = exp(Pooo + P100%1 + Po10%2 + Po01%3 + P10121T3 + Go11L2T3)

By setting
to = exp(dq)

for each multi-index o we obtain another algebraic formulation. Then elim-
inating the t, we obtain the “toric ideal” representation.

The representation comes from the special choice of multi-indices « defining
the original factorisation. There is a very close connection between the set
of multi-indices and certain inclusion-exclusion identities based on the sets.
For the above conditional independence, for example we have:

{123} = {13} + {23} — {3}

The key to the use of such identities in the modelling environment is certain
projection operators based on conditional expectations.

In summary, many factorisations such as graphical models, junction trees
and similar structures can be classified using such identities. Being able
to move between the different algebraic formulations of models and sub-
models is revealing. The work summarises collaboration with co-workers

11
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especially: G Pistone (Torino), E Riccomagno (Warwick).

Keywords: Algebraic Methods, Discrete Statistical Models.
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Two Lack of Fit Tests for Multiple Logistic
Regression

M. Aerts', G. Claeskens?, J. Hart?, E. Moons?, and G. Wets®

1 Center for Statistics, Limburgs Universitair Centrum, Universitaire Campus,

B-3590 Diepenbeek, Belgium

Department of Statistics, Texas A & M University, College Station, Texas
77843, U.S.A.

Data Analysis and Modeling Group, Limburgs Universitair Centrum, Univer-
sitaire Campus, B-3590 Diepenbeek, Belgium

Abstract: Several methods have been developed to asses the fit of a regression
model. Many lack of fit tests however focus on the simple regression setting. Here
we propose two tests which are completely different in nature, but which both
are promising especially in the case of a multiple regression model with several
potential explanatory variables.

Keywords: Bayes information criterion; Classification trees; Lack of fit; Poste-
rior distribution; Recursive partitioning.

1 Introduction

There is a variety of techniques and methods available for testing lack of
fit in regression models, see e.g. Hart (1997). Here we focus on the special
case of multiple logistic regression. Other related work covering this setting
includes Brown (1982), le Cessie and Van Houwelingen (1991, 1993, 1995),
Aerts, Claeskens and Hart (2000).

Consider a binary response Y on N subjects and a logistic regression model
logit{P(Y = 1)} = g(x) with g some unknown regression function and
x = (21, ...,xp) the covariate vector (possibly containing mixed continuous
and categorical variables). The null hypothesis states

Hy: g(x) = g(x; 0) (1)

as the correct model for our data, where g(x;8) is a specified parametric
regression function and @ an unknown parameter vector. In case all ex-
planatory variables are categorical and if sparseness is no issue, we can rely
on the Pearson goodness-of-fit test, given by

oyl g
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where n; is the number of subjects in covariate pattern i, y; the number
of observed events and 7; the fitted probability based on the null model
My in the i-th of all I possible combinations. In case there are one or more
continuous explanatory variables, the asymptotic distribution of Pearson’s
chi-squared and the deviance test is not applicable anymore. The following
two tests offer a solution in this setting. A first approach is a modification of
the well-known Hosmer-Lemeshow test. The second method is a Bayesian-
motivated test and can carried out in either Bayesian or frequentist fashion.

2 A Tree Based Test

The Hosmer-Lemeshow test has the same form as the Pearson test statistic
but the grouping is different and typically based on the so-called deciles
of risk. More precisely, the first group contains those subjects (10 % of
the sample size) with the smallest estimated (under the null hypothesis)
probabilities, etc. Since this grouping is based on the fitted null model, this
approach is expected to have nonoptimal power characteristics.

The grouping proposed here is based on a flexible nonparametric model,
the classification tree. The test statistic actually measures the discrepancy
between the parametric null model and the classification tree as its unre-
stricted nonparametric counterpart. In general, a tree consists of different
layers of nodes (implying a grouping, splitting of the sample). It starts
from the root node in the first layer, containing all data. Using an impurity
criterion (maximizing the homogeneity), this parent node is split into two
daughter nodes on the second layer. This partitioning process continues
until a stopping criterion is reached. The tree is then pruned to an optimal
sized tree during the pruning process. It is the grouping of this final tree
which is used to define a Hosmer-Lemeshow like test statistic.

As a consequence of the data-driven grouping procedure, the final groups
might be highly unbalanced with some of the groups containing only a few
observations. To improve the distributional behaviour of the test statistic
(2), the tree test can be based on the Cressie and Read (1984) family of
power divergence statistics, i.e.

Tcr =

2 S () 1) + - () -1} @

with I the number of final nodes resulting from the partitioning and pruning
process, 7; the proportion of observed events in the ith group and —oco <
A < 0. For A =1 it equals the Pearson based formulation (2). Cressie and
Read (1984) recommend the statistic with A = Z, which they found less
susceptible to effects of sparseness.

Because the cells in the contingency table are random, the distribution of
the tree based test cannot be obtained from a straightforward application
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of the usual theory for chi-squared goodness of fit tests (Moore and Spruill
1975). Simulations show that a chi-squared distribution with 2 x g — p de-
grees of freedom is a reasonable choice. Next to this approximate distribu-
tion, one can always simulate a null distribution by a parametric bootstrap
method. For a detailed discussion, see Moons, Aerts and Wets (2002).

3 A Bayesian Motivated Test

A version of this test was proposed by Hart (1997). The idea is very sim-
ple. Consider a sequence of models for g(x) of varying dimensions, one of
which is the parametric null model g(x; ). The posterior probability, 7,
of the null model is computed, and if this probability is sufficiently low,
the null model is rejected. A sequence of constants a,, can be determined
such that a,(1 — 7, ) converges in distribution to a nondegenerate random
variable when Hj is true and the sample size n tends to oco. This allows
the frequentist to conduct a valid large sample test of given size based on
an(1—17y,). There are several choices for the sequence of alternative models
M;. Here, we consider nested models (M; C M) and singleton models
that contain only one more parameter than the null model M.

Applying Schwartz ’s (1978) approximation, we get the following approxi-
mation of the posterior probability

1 def
P(Myly) =~ = TBIC-
(Moly) 1+ 31 | exp(BIC; — BICy)

where BIC; = logL; — mjlogn/2, the Bayes Information Criterion of
model M; (L; the likelihood function at the MLE and m; the dimension
of model M;).

Under certain regularity conditions and for a finite number K of alterna-
tive models, , it can be shown that n%(l — mprc) —p exp(V1/2) for the
nested models and nz (1 — wgrc) —p 22(:1 exp(V}/2) for the singletons,
where Vi,. .., Vi are independent x? random variables and K is the total
number of alternative singleton models. For more details on the limiting
null distribution (including finite sample corrections and the case in which
the number of alternative models tends to co with n) and on the power
against local alternatives, see Aerts, Claeskens and Hart (2003).

4 Data Example and Discussion

The data set used in this analysis comes from the Project on Preterm
and Small-for-Gestational-Age Infants in the Netherlands (POPS), a Dutch
follow-up study on preterm infants by Verloove and Verwey (1988), see also
le Cessie and van Houwelingen (1991) . Data were collected on 1338 infants,
born in 1983 in The Netherlands with a gestational age of less than 32



18 Lack of Fit Tests

TABLE 1. Test results POPS data: p-values for three null models.

Test, T1,T3, Ty T1,T9,T5 T1,T7,T9,Ts
Bg 0.000 0.000 0.126
By 0.006 0.000 0.138
Ter 0.012 0.044 0.090
HL 0.125 0.002 0.207
CVH 0.02 - 0.45
BR 0.01 - 0.06
ACH1 - - 0.07
ACH?2 - - 0.02

completed weeks and/or a birthweight of less than 1500 g. After deleting
the observations with missing data, a data set of 1310 infants remained.
We consider the situation after 2 years. The response variable Y indicates
whether or not the infant has died within 2 years or has survived but with
a major handicap. The explanatory variables are gestational age (X;) and
weight of the babies at birth (X3). As an illustration, we consider each
of the following models as null model: model 1 with z1,2?%, 29, model 2
with x1, 22,22, and model 3 with 2, 2%, x5, 23. Table 1 shows the results
for the tree-based and the Bayesian motivated test and compares them
with the results from several other tests from literature. The first four lines
shows p-values for the singleton and nested Bayesian motivated test (Bg
and By respectively) using a sequence of alternative models including up
to fifth order main and interaction effects, the tree-based test based on the
Cressie-Read statistic (T¢gr) with pruning up to 15 terminal nodes, and
the Hosmer-Lemeshow test (HL) based on deciles of risk. All p values were
simulated using the parametric bootstrap (1000 runs).

The last four lines show some analogous results from other test statistics
proposed in literature: a kernel based goodness of fit method (CV H) pro-
posed by le Cessie and Van Houwelingen (1991, 1993), the Brown statistic
(BR, Brown 1982, see also le Cessie and Van Houwelingen 1993) and an
order selection score test (ACH1) and the value of a score based AIC cri-
terion (ACH?2) as reported by Aerts, Claeskens and Hart (2000).

The p-values in Table 1 show that there is clear evidence against any model
without both quadratic terms (model 1 and 2). Only the HL test does not
reject model 1. As also discussed in Aerts, Claeskens and Hart (2000), there
is some evidence against model 3 with both quadratic terms, but the dif-
ferent test results disagree. The HL test seems to have less power than
the tree based test Togr, which has been confirmed by simulations (see
Moons, Aerts and Wets 2002). On the other hand this latter test has less
convincing results for the simpler null models. Especially the Bayes moti-
vated tests reject model 1 and 2 very strongly. Of course, such conclusions
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are premature. Extensive simulations are needed to shed more light on the
power characteristics of the different test statistics. An appealing property
of the Bayes motivated test is that it can be easily implemented for more
complex likelihood models (like e.g. for clustered data). The tree-based test
is promising in settings with huge datasets (like in data mining).
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Abstract: In this paper we introduce a new procedure to build the Classifica-
tion and Regression Trees. The procedure called ECART is based on a genetic
algorithm.
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1 Introduction

Classification And Regression Trees (CART) (Breiman et al, 1984) is a
popular procedure for regression and classification problems where high di-
mensionality and a non-linear optimization criterion are involved. In par-
ticular, CART is a nonparametric statistical method developed to build
models with a tree-based structure.

Considering a regression problem, where X = (Xy,---,X,) is the input
space and Y is the response variable, the CART algorithm adopts a binary
recursive partitioning startegy: the input space Ry, with X € Ry, is divided
into two regions Ry and Ry by a split (¢, a) on the variable X; at the split
point a. The procedure selects ¢ and a so that replacing the parent region
Ry with the two regions R; and Rs yields minimal empirical risk. The
algorithm proceeds recursively on the daughter regions until a very large
number of regions are achieved. Model selection criteria are then applied
for stopping the process.

In this procedure to model the relation between Y and X we are asked to
choose: i) which and how many variables to introduce in the model, ii) in
which order the variables should appear, iii) the number and the position
of the split points, and iv) the associated regression parameters.
Choosing all these elements of the model to minimize empirical risk is a
hard combinatorial problem, and CART represents an approximate solution
based on a recursive partitioning approach.

CART is a simple algorithm to implement and fast to compute. Unfortu-
nately CART also produces sub—optimal solutions and can be an unstable
procedure (removing or adding a few observations may change the tree
structure). Recently, Breiman (2001) introduced the Random Forest (RF)
to avoid instability.

21
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FIGURE 1. The partition generated by the tree model [1] (left) and by the model
[2] (right).

In this work we adopt an evolutionary approach to build the CART method.
We design a Genetic algorithm (GA) which evolves the partition of the
input space, and then achieves how many and which split points for each
variable considered. We introduce a two stage genetic algorithm where the
first stage is designed to evolve the number of the split points in each X
variable and the second stage the position of the split points.
To introduce this algorithm let us consider I; 5, an indicator function such
that

L-,aj{(l) §22§ 1<i<pandj>0,
and L,aj = (1 — I;,4,) the complement of I; 4;.
The simple regression model (with the tree representation as in Figure 1):

Y=pu+arha +azlia Iop, +ashalop +¢ (1)

with u, a1, as, as, a1, by, b2 as unknown constants and € as a normal random
variable with mean zero and variance o2, is reformulated in the following
way

Y = p+ Bilia, + Balop, + 8312, + Bali oy Iop, + B5lrailop, +€° (2)

This reformulated model [2] is related to the regression tree model [1]: a few
constraints are introduced on the 3’s (see also Figure 1), such as 81 = ay,
B2 =as, B3 =0, 0s=—0F2=—az, f5 = az.

Models with this formulation present the following advantages:

1. the variables and their split points can be introduced or cancelled
from the model without modified the remaining structure;

2. the order of the variables is not relevant and this simplifies and speeds
up the search of a sub—optimal model,

3. the cardinality of the set of models grows very slowly.

The formulation (2) of the regression model allow us to build a genetic
algorithm which evolves the possible candidate solutions to our problem,
chosen in a very large sets of possible solutions.
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2 The Genetic Algorithm

Genetic algorithms (Holland, 1975, and Goldberg, 1989) are powerful and
flexible tools for search and optimization problems. They are based on
the mechanics of natural selection and they are particularly suitable for
optimization problems involving discrete parameters. They have been suc-
cessfully applied in a large variety of fields and problems, including the
selection of statistical models (Minerva and Poli, 2001).

In this work we design a two-stage genetic algorithm in order to choose the
number of split points and their values. In fact, the first stage creates and
evolves a population of candidate numbers to be considered as the number
of split points of each variable of the input set. The second stage creates
and then evolves a population of possible split points for each variable of
the input set. The algorithm works with a transformed form of the Akaike
criterion (AIC) as a fitness function to select the optimal models.

The implementation of the genetic algorithm follows these steps:

1. Select random values from a discrete Uniform distribution with sup-
port 0,1,---, N;, where IN; represents the maximum number of split
points for the i-th input variable with ¢ = 1,-- -, p, and create a pop-
ulation of individuals ng, s = 1, - -, .S where S is the size of the popu-
lation; each individual defines a possible set of the number of the split
points of the input space variables, that is ny = (ns1,ns2, -+, Nsp);
encode each individual with the reflected Gray code;

2. For each individual ng create a random population of new individ-
uals vi, £k = 1,---, K, where K is the size of the population. Each
individual is a p vector whose elements are vectors of variable size,
that is vi = (Vi1, Ve, -+, Vip), With Vi = (Vki1, Vki2, 5 Uking, )
each element of the vector vy;, represents a rank value identifying the
corresponding value assumed by the i-th input variable; encode each
individual with the reflected Gray code;

3. Compute the fitness function values;

4. Select the values of the parameters for the selection, crossover and
mutation operators and perform the genetic operators as defined
above;

5. Set g=g+1; if g < Ny then go to step 3;

6. Assign to each individual n, the best fitness function achieved with
the last generation of the previous GA (which identifies the best
choice of the values of the input variables given the number of the
splits: steps 2-5;
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19.980-19.610 -20.1600 20.0500 19.8700 -19.8800

FIGURE 2. The tree generated with CART (left) and ECART (right).

7. Select the values of the parameters for the selection, crossover and
mutation operators and perform the genetic operators as defined
above;

8. Set G=G+1; if G < N¢ then go to step 2;
9. Return the best ng and the associated vy from the last generation.

This algorithm has been applied to few set of data giving very encouraging
results.

3 An illustrative Example

We present the results achieved with a sample of observations from data
with the following model:

Y =-20+40 1175 + 40 12,5 — 80 11,51275 +e€

and X1, Xo ~ U(0,10), € ~ N(0;1) and a sample of size 129 from it.

The tree structure from CART is reported in Figure 2 (left). The suggested
tree has several branches that we can not prune without losing the correct
splits. From the tree it is really difficult to recover the true structure of the
data.

We run the genetic algorithm described above using S = K = 20. The
parameter of crossover is set to 0.95 and that of mutation is set to 0.02. We
run Ny = Ng = 10 generations. The number of possible partitions we con-
sider is of order 10?® and with the algorithm, at the end, we explore 40000
of them, a very small number. The best solution is found after exploring
about 12000 partitions (5-th generation).

Table 1 compares CART with our procedure (ECART). We compute the
deviance (Dev(R)) of the residuals and deviance (Dev(Y')) of the dependent
variable.
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TABLE 1. Results for CART and ECART.

True model CART ECART

DeV(R) 125.113 4180.693 125.113

Fitness (><10_3) 11.529 2.745 11.529

Misclassified (%) 0.000 2.326 0.000

Dev(Y) 51493.370
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Abstract: In longitudinal studies with a set of continuous or ordinal repeated
response variables it may be convenient to summaries the outcome as a threshold
event. Then, the time to this event becomes of interest. In this paper we obtain
the general likelihood for the unknown parameters when the underlying survival
model is parametric and the survival times are interval-censored. We investi-
gate the use of a member of the Generalized Time Dependent Logistic family of
survival distributions (MacKenzie, 1996) which is a non-PH Accelerated Hazard
Model and has a logistic baseline hazard function. We use simulation to inves-
tigate how inference on the treatment parameter is compromised by using the
mis-specified likelihood, which treats the interval-censored survival times as if
they were exact
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1 Introduction

In classical survival analysis, the exact time to event is usually known.
However, in longitudinal clinical trials where outcome is a continuous or
ordinal variable measured repeatedly at scheduled follow-up times, the ex-
act time-to-event may be unknown. Such situations arise when the outcome
is classified according to threshold of clinical interest. Then scientific inter-
est is focused on the time at which the threshold is crossed. In these studies
recruitment is staggered in time and, increasingly, survival-type methods
(Kaplan Meier, 1958; Peto & Peto, 1972, and Cox, 1972) are being pressed
into service.

These methods are appropriate for right censored 'time to event data’ when
the exact time of occurrence is known, but strictly inappropriate when the
‘time to event’ is known only to lie in an interval. Application of conven-
tional methods to interval ’end’ or 'mid’ points can lead to bias (Lindsey
and Ryan, 1998) and optimistic precision (MacKenzie, 1999). Here, we de-
velop the parametric accelerated life (AL) logistic model (MacKenzie, 1996)
in which the baseline hazard follows the time-dependent logistic (TDL) sur-
vival model. We compare inference from the correct model with that from

27
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the mis-specified model which uses follow-up times as if they were exact.

2 Likelihood Formulation

Suppose there are m + 1 scheduled inspection times, ¢, tf, ..yt at which
continuous or ordinal responses Yy, Y1, ..., Y,, are measured. Let T be a non
negative variable denoting the time to some outcome of interest defined on
the Y's. Let S(¢;0) and A(t;0) be the corresponding survival and hazards
functions, respectively, depending on the unknown vector parameter 6 € O,
where 6 = (o/,7',3’)". Then for a sample of n independent subjects it may

be shown that the true censored likelihood for the unknown parameters is:

0;
Ll(e) - H {S(ti(kl) ) 9) [1 - S(tik—l ) timeﬂ } [S(t:, 9)]176" (1)

i=1

where typically ny patients fail between scheduled examination times t&_l)

and tz for k = 1,...,m and n. patients are censored or withdrawn at specific
times, ¢;,such that n. + Z;’;l nr = n. Here, §; = 1 denotes an event and
d; = 0 denotes a censored observation. We may compare (1) with the mis-
specified censored likelihood resulting from treating the observed inspection

times as if they were exact:

La(6) = [T Ntis0)S (0001 (65,00 (2)

i=1

Equations (1) and (2) enable us to investigate the effect of mis-specification
for any survival model where the function takes closed form. Notice the use
of observed inspection times rather than the scheduled times in equation

(1)

3 Model Formulation

MacKenzie’s (1996) AL logistic survival model is defined by the hazard
function
Aexp(ta'S + )

Atiz) = 1+ exp(tz’B+7) ®)

a form which we have modified to obtain an accelerated hazard model
defined by

Aexp(tag)

A(t; @) 1 + exp(tag)

(4)
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where ¢ = exp(a’f3) and we have suppressed the dependence on 6. We
compare this model with the corresponding modified accelerated life model
defined by

exp(tag)

Mtl) = Moo s o)

(5)

a form which is recognisably different from (4).



30 A Non-PH Accelerated Hazard Model

TABLE 1. Comparison of Mis-specified and True Models Estimators: AL Model.

Mid-point, Regular follow up (3,6,9,12,15,18,21,24)
Mis-specified True

n___ ¢ a s ¢ a s
¢* = —0.6, a = 0.2, 8 = —0.5, % within censoring =0
Mean 100 —1.007 1.901 —0.451 —0.601 0.251 —0.511

(se.) (0.160)  (0.250) (0.161) (0.215) (0.201) (0.178)
Mean 500 —1.052 1.976 —0.438 —0.626 0.201 —0.501
(se.) (0.053) (0.120) (0.071) (0.131) (0.135) (0.078)

¢* = —0.6, « = 0.2, 8 = —0.5, % within censoring=30
Mean 100 —1.346 1.882 —0.443 —1.060 0.371 —0.479

(se.) (0.175)  (0.294) (0.188) (0.207) (0.306) (0.205)
Mean 500 —1.403 1962 —0.442 —1.127 0531 —0.481
(se.) (0.061) (0.168) (0.089) (0.151) (0.385) (0.091)

TABLE 2. Comparison of Mis-specified and True Models Estimators: AH Model.

Mid-point, Regular follow up (3,6,9,12,15,18,21,24)
Mis-specified True
n o o p ¢ o p
¢* = —0.6, a = 0.2, 8 = —0.5, % within censoring =0
Mean 100 —1.020 1.618 —0.034 —-0.624 0.253 —0.552

(se.) (0.094) (0.203) (0.221) (0.180) (0.211) (1.112)
Mean 500 —1.053 1.742 —0.045 —0.635 0.225 —0.538
(se.) (0.040)  (0.103) (0.104) (0.129) (0.125) (0.588)

¢* = —-0.6, a =0.2, = —0.5, % within censoring=30
Mean 100 —1.024 1.688 —0.024 —0.632 0.248 —0.393

(se.) (0.088) (0.211) (0.218) (0.197) (0.199) (1.206)
Mean 500 —1.055 1.744 —0.045 —0.634 0212 —0.530
(se.) (0.040) (0.108) (0.099) (0.125) (0.109) (0.584)

4 Simulation Study

The object of the simulation study is to quantify the degree to which in-
ference about the parameters in the AH & AL models, especially G, is
compromised by the use of the mis-specified likelihood. We investigate the
2-sample case, mimicking a RCT in which scientific interest is focused on
estimating the treatment effect and its associated standard error. The sim-
ulation parameters include: sample size, percentage censored, patterns of



Al-Tawarah and MacKenzie 31

follow-up examination is regularly and irregularly spaced, the model para-
meters (). The maximum likelihood estimates will be calculated using the
correct and the mis-specified likelihoods.

5 Results

First we compared models (4) and (5) using lung cancer data, and present
the conditional fits obtained by each regression model and the marginal
fit of the Kaplan Meier estimator. The (AH) model shows a better fit
compared with the (AL) model (Figures 1, 2).

Second, we report a subset of the complete simulation using mid-points in
the mis-specified likelihood. Tables 1 and 2 show the MLE’s for the three
parameters using a regular visit schedule. Note that we report ¢* = log, (1))
in the tables. Overall, the true likelihood provided consistently better esti-
mates with superiority for the AH model compared with the AL model,
when we allowed for drop-out and using a regular schedule. The mis-
specified likelihood also produced standard errors which were artificially
precise.

6 Summary

The idea of an accelerated hazard model is new. To our knowledge this
is the first time that they have been described, and compared empirically
with classical accelerated life models, allbeit in the context of a single fam-
ily of survival models - the GTDL (MacKenzie, 1996). The results of the
numerical analysis favour the AH model suggesting that the model may be
useful in practice. The advantages of these parametric models stem from
the closed forms taken by survivor functions and the fact that when 3 =0
the underlying survival functions have testable parametric forms. We have
demonstrated by simulation, the use of these two models in the analysis
of interval censored survival data arising in longitudinal randomized con-
trolled trials.
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Abstract: Likelihood estimation of the general finite mixture model is consid-
ered. A short discussion on this likelihood method is given. The phenomenon of
spurious maxima is explained and its relation with sample size. The method is
demonstrated on two real reliability data examples.

Keywords: General finite mixture model; Likelihood estimation; Spurious max-
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1 Introduction

A lot of today’s reliability data obtained from experiments with micro-
electronic components give evidence of bi or even multi modal failure data.
Although reliability engineers know mostly whether there is more than one
failure mechanism involved, at the end of the experiment it is or too difficult
or too expensive to recover the specific failure reason of each device. A large
part of these failure data can be modeled by means of a finite mixture. In
particular, mixtures with mixing over all parameters are of interest since,
due to the nature of much reliability data, a common shape parameter for
the component densities cannot a priori be assumed.

A general M-component finite mixture has the following density:

M
fru(x|0) = Z Tom f (2| oy Tm) (1)

m=1

with 27]\,{:1 Tm = 1, f(x|tm, om) the density of a 2-parameter distribution,
tm a scale and o, a shape parameter. The problem with these mixtures
is that a maximum likelihood estimate (MLE), defined as the global maxi-
mum of the likelihood, does not exist. However, the likelihood does have a
local maximum with, very importantly, good statistical properties.

The aim of this paper is first to discuss shortly this likelihood theory, which
is far from new, acknowledged by some authors, but still rarely applied.
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Second to tackle the problem of spurious maxima and sample size, and
third to demonstrate the method on two sets of reliability data.

2 Likelihood Estimation

It is well known that the likelihood function for a mixture with density
(1) is unbounded at some points on the edge of the parameter space. As
a result an MLE does not exist. Nevertheless, both empirical and theo-
retical evidence proved for finite normal mixtures the existence of some
local maximum of the likelihood function with good statistical properties,
i.e. consistent, asymptotically normal and efficient (Quandt, 1972; Kiefer,
1978). An explanation for this is given by the different conditions determin-
ing the existence of a consistent global and a consistent local maximum of
the likelihood. Namely, under the conditions of Cramér (1946), the likeli-
hood equations (LEQ) have a (in essence unique) consistent, asymptotically
normal and efficient solution which, with probability tending to one as the
sample size tends to infinity, corresponds to a local maximum. On the other
hand, the different and more demanding conditions of Wald (1949) ensure
the consistency of the classical MLE.

While for a mixture with common shape parameter both set of conditions
hold, only Cramér’s conditions apply for a general M-component mixture .
Importantly, whether we either work with a mixture with common or with
unequal shape parameters, in essence the same kind of estimate is obtained
from the LEQ, in spite of the convention of terminology to only call the
first an MLE. The latter will be referred to as a likelihood estimate (LE).
The problem is not entirely solved yet since the likelihood function for (1)
has multiple roots and it is not specified which is the proper one. It can be
proven that for many general finite mixtures, such as the (log)normal or
Weibull mixture, the largest local maximum of the likelihood corresponds
to those well-behaved estimates. This gives a criterion similar to ML esti-
mation. But, not everyone agree on this as McLachlan et al. (2000), among
others, claim that a spurious maximum could then be chosen as LE.

3 Spurious Maxima

What is meant with a spurious maximum? No unambiguous definition ex-
ists yet, but mostly the corresponding mixture is characterized by a small
proportion or shape parameter for one of its components. Since a spurious
maximum cause problems when it has the largest likelihood value, some
authors suggest to first remove all solutions of the LEQ corresponding to
such maxima and then to choose among the remaining roots the solution
with the largest likelihood as LE. Although these maxima should be con-
sidered with care, this procedure is dangerous, highly subjective and we do
not recommend it.
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TABLE 1. Some local maxima of the likelihood of two simulated datasets. Esti-
mates in bold correspond to the maximum closest to the true values.

n pw =0 00=05 =3 o09=1 @ =0.2 Likelihood
-1.029 0.00175 2.493 1.470 0.0399 -85.122

50 1.387 1.444 3.627 0.553 0.569 -88.398
-0.249 0.694 2.996 0.987 0.198 -88.571
-0.255 0.627 2.895 0.984 0.128 -200.921

120  3.246 0.685 1.693 1.543 0.514 -202.120
2.874  0.0000541 2.485 1.425 0.0166 -202.628

The point is that spurious maxima are not only related to the largest like-
lihood criterion and the finite mixture case. They exist as soon as Cramér’s
conditions hold and as the LEQ have multiple roots; irrespective of the fact
whether we search for a local or a global maximum. Their appearance as
the largest maximum is primarily due to the ambiguity in the statement
of a consistent root and related with sample size. Indeed, consistency is a
limiting property. As a result an improper estimate can be the outcome of
the likelihood or ML method if the sample size n is too small. We define a
spurious maximum as each maximum of the likelihood that is not closest
to the true values, with closest defined by some distance.

How can we then obtain a proper estimate from the LEQ in case of multiple
roots? First, use always a consistent procedure (e.g. the largest local or
global criterion). Second, choose the sample size large enough. If the latter
is not possible, one should take into consideration another method or look
whether there is relevant information about the possible true values. A
too small sample can often be recognized through the likelihood value of
distinct spurious maxima, i.e. maxima for which one of the component
densities corresponds to no more than a few data values (if these data values
are not clearly separated from the others). Namely, simulations indicated
that when n is too small, often at least one of these maxima has a highest
likelihood value. As an example, Table 1 gives some local maxima of the
likelihood of two simulated datasets from a two-component normal mixture.
The second dataset is based on the first but with 70 extra values generated.
As seen, for the smallest dataset, the maximum with the highest likelihood
value is distinct spurious (7 is less than 2/50), while for the larger dataset
the proper maximum has the highest likelihood value.

4 Examples

We demonstrate the likelihood estimation method on two datasets obtained
from experiments carried out at IMO. The experiments consisted of acceler-
ating the failure mechanisms of a micro-electronic component by means of
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TABLE 2. Some mazima of the likelihood for the datasets of eramples 1 and 2.
The first mazimum of each example is the largest local. Estimated parameters are
the mean and shape of the mizture distribution of the log failure times.

Example i1 01 2 09 T Likelihood
6.164 0.236 7.022 0.251 0.286 -66.100
1 6.745 0.0000355 6.777 0.463 0.0159 -72.545

6.864 0.0000436 6.775 0.463 0.0158 -72.918
5.329 0.0000684 5.009 0.429 0.0292 -40.444
2 5.071 0.0000783 5.020 0.432 0.0291 -41.375
4.086 0.000730 5.041 0.413 0.0286 -43.137
4.220 0.0518 5.080 0.389  0.105 -44.575
4.697 0.340 5.374 0.166 0.641 -45.427

increasing certain stress factors (such as temperature, current, ...). Main
interest is in the estimation of the failure-time distribution. For the com-
ponents under study it is known that there could be a second failure mech-
anism, leading to bimodal failure data.

4.1 Example 1

The failure times of 125 commercial metal film resistors, stressed at a tem-
perature of 165 °C, were measured. Figure 1(left) shows a lognormal QQ-
plot of the data. Generally, the failure times for this type of component
are lognormally distributed. Since the data suggest two failure modes, a
two-component lognormal distribution is estimated. The local maxima of
the likelihood function are searched for and the most important ones are
indicated in Table 2. As noticed, the largest local maximum is not a dis-
tinct spurious maximum and its likelihood value is much larger than the
second largest maximum. So, there is no reason to mistrust the largest lo-
cal maximum. The fitted distribution is shown in Figure 1(left). One can
now proceed as in case of ML estimation and carry out tests, construct
confidence intervals, ...in the usual way.

4.2 Example 2

Interconnects were stressed at 80 °C and 0.75MA /cm?. All 68 devices un-
der test failed. A Weibull QQ-plot of the failure times is shown in Fig-
ure 1(right). Previous experiments indicated that there could be two failure
mechanisms. So, a two-component Weibull mixture is used to fit the data.
The likelihood is scanned for local maxima and some of them are tabulated
in Table 2. In contrast to the first example, the largest local maximum is
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FIGURE 1. (left) Lognormal QQ-plot ex.1; (right) Weibull QQ-plot ex.2.

now distinct spurious. Although the last two maxima in the table corre-
spond to reasonable estimates, it is dangerous to choose one of these two as
the LE. Indeed, depending on the chosen maximum other inference results
are obtained, which could lead to wrong reliability predictions and con-
clusions. If there are truly two failure modes, this is not clearly seen yet.
Consequently, more data is needed or other techniques have to be applied.

5 Conclusions

Despite the nonexistence of the MLE for general finite mixtures, there exists
a root, of the LEQ with good statistical properties. It is the same kind of
estimate as the MLE, called the LE and corresponds for a lot of cases to
the largest local maximum of the likelihood.

The appearance of spurious maxima is inherently linked to the presence of
multiple roots in the LEQ and independent of the fact whether one search
for the largest local or global maximum. When the likelihood function is
dominated by distinct spurious maxima, the sample is most likely too small
and none of the roots of the LEQ can be trusted.

Acknowledgments: This work was supported by the Flemish Science
foundation (IWT).
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Abstract: The Non-PH Canonical Time Dependent Logistic survival regression
model described by MacKenzie (1996, 2002), is extended by incorporating a multi-
plicative Gamma frailty component into the hazard function. The resulting model
is obtained in closed form and its properties are compared with the classical PH,
Weibull frailty regression model described by (Hougaard, 1994). The performance
of the models, with and without frailty, is investigated by re-analyzing some data
from the NI lung cancer study (MacKenzie, 1996).

Keywords: PH and non-PH models; Gamma frailty; Canonical logistic.

1 Introduction

The Weibull proportional hazards (PH) regression survival model has been
extended to a frailty model by means of a multiplicative random effect
acting on the hazard function (Hougaard, 1994). Classically the random
component is assumed to follow a Gamma distribution, which is mathe-
matically tractable and leads, after marginalization, to a closed form for
the resulting frailty distribution. However, not all survival data are PH and
it is therefore useful to have alternative non-PH models. This is relevant as,
increasingly, random effect models are being used to analyze multivariate
survival data (Ha, Lee and Song, 2001, Ha and Lee, 2003).

A flexible non-PH model is the Canonical Time-Dependent Logistic (CTDL)
described by MacKenzie (1996, 2002). We generalize this model by includ-
ing a multiplicative Gamma frailty term in the hazard function. The result-
ing frailty model is obtained in closed form and we compare its properties
with the Weibull frailty model, noting the connection with a general class of
frailty models described by Aalen (1988). Moreover, we investigate the per-
formance of the four models, Weibull and CTDL with and without frailty,
using data from the Northern Ireland lung cancer study.
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2 Parametric Regression Models with Frailty

Consider a basic survival regression model with failure time density f(¢|6, 3),
hazard function A(t|.) and survivor function S(t|.), where typically 6 is a
vector valued parameter and [ is a regression parameter. Assume that a
random variable U, with density g(u|o?), denotes the unobservable indi-
vidual (i.i.d.) frailties and that E(U) = 1 and V(U) = o2. Then, given
data (t;,x;,d;) for i = 1...n subjects, a target vehicle for inference is the
marginal likelihood of the parameters of interest

#(0,8,0* H/ Atilui, 0, 3)% S (ts]ui, 0, B)g(ui|o?)du; (1)

where §; is the censoring indicator and f denotes the marginal frailty
survival model, derived from f(t|u, ) using the frailty distribution density
9(ul")

In more general cases, the marginal likelihood may be analytically in-
tractable, when recourse to numerical methods of integration may be re-
quired. Alternatively, the h-likelihood method, extended to survival models
by Ha, Lee and Song (2001), has the obvious advantage of dispensing with
the need for marginalization in several important classes of statistical mod-
els. Here, we adopt a classical approach to the derivation of L;(-) for two
parametric survival models with Gamma frailty and obtain the resulting
marginal frailty survival models in closed form.

2.1 CTDL Model

A non-PH model, the CTDL regression model (MacKenzie, 1996), is defined
by the hazard function

Atlz) = Ap(t]x), (2)

where A > 0 is a scalar, p(t|z) = exp(ta + 2'0) /{1 + exp(ta + 2'5)} is a
linear logistic function in time, « is a scalar measuring the effect of time, 8
is a p x 1 vector of regression parameters associated with fixed covariates
' = (x1,...,2p) and ' =(\, o, B).

The corresponding survival function is

S(tle) = {(1 + exp(ta +2'8)) /(1 + exp(a’3))} = (3)

whence the censored log-likelihood becomes

n

A
(N a,B)=> |:5i log A + dilogep; + — [logegi + logegs] (4)

i=1
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where,
pi = exp(tia+z;8)/{1+exp(tia+x,5)}
a = 1/{1+exp(tia+2;0)} (5)
9i = 1+exp(z;f3)

and where, for notational convenience, we have suppressed the dependence
on time and the covariates on the LHS of (5).

When developing the CTDL-gamma mixture model, we assume that the
random component has a multiplicative effect on the hazard, such that
At z,u) = uA(t;z). If U follows a Gamma distribution with E(u) = 1
and V(u) = o2 then g(u|o?) = us2 ' exp(—u/o?)/T(1/0?)0?% . We may
then integrate out the random effect to obtain the survivor function for the
resulting frailty survival distribution, viz

Sy (t]x)

/ S(t|x,u)g(u|o?)d (6)

1

{1 - %loge(ngz)}_ﬂ (7)

whence it follows that
Ao
) = 3o/ {1~ 2 lonaaian) | ®)

results, which enable the censored log-likelihood to be constructed

n

Ovanfiot) = 3 {losalp) — 6+ losa(1 - Lonaan) | )

i=1

2.2 Weibull Model

The familiar Weibull regression distribution has the following hazard and
survival function

tle) = Mo(t\) " exp(a’B) (10)
S(tlr) = exp(—(tA)e”’?) (11)
respectively, giving rise to the censored log-likelihood

n

= 3 st o]

i=1

In deriving the marginal frailty distribution, we make the same assumptions
and use the same method as in section 2.1. We find that

Sy (tlz) = {1 + aQ(tA)pew/ﬁ}“’% (13)
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and
Mp(tlz) = AN pe® P /(1 + o*(tA)7e™ ) (14)

yielding the log-likelihood

U\ p, B, 0%) =
Soiy {0iloge (A" peri®) = (5 + o )logel(0 (t:N)Pe'P + 1) |

3 Example Data Analysis

The data analyzed form part of a population-based prospective study of
incident cases of lung cancer diagnosed in Northern Ireland in one year.
This multi-source study identified 900 incident cases in which outcome was
missing in 25 and a further 20 were diagnosed at post-mortem. We analyzed
'Time from Diagnosis to Death or Censoring’ in relation to a range of
covariates, but, to illustrate the models, we present a detailed analysis of
two covariates, age at diagnosis and sex of the patient. The model fitting
procedure was implemented in S-Plus (V4.5) and in R.

The results are presented in Table 1. The analysis illustrates some im-
portant findings. First the significant and adverse effect of Age is statis-
tically significant in all four models fitted, although the magnitude of the
estimated effect and the corresponding standard error varies. The non-
significance of the Sex effect is also confirmed in all models. In the CTDL
model & is statistically significant and negative so that the trend in the
hazard is decreasing with time - which, potentially, is a frailty signature.
When Gamma frailty is added to the CTDL & becomes non-significant, sug-
gesting that the significant negative trend resulted, at least in part, from
heterogeneity. The standard errors in the frailty models are all increased
suggesting that the non-frailty models under-estimate the dispersion in the
data.

Likelihood ratio tests were conducted within model family to test the ab-
sence of the frailty component, i.e. Hy : 02 = 0. Note that such a hy-
pothesis is on the boundary of the parameter space, so the critical value
is X%A for a size A test (Chernoff, 1954; Vu and Knuiman, 2002).For the
CTDL family, the difference —2(¢ — [f) is 4.24 and for the Weibull family
it is 21.68, whence the null hypothesis is rejected for both models by a 5%
level (Xio.lo = 2.71). Thus, the addition of a frailty component is justified,
especially in the Weibull family. Moreover, as judged by the usual AIC
criterion, the Weibull-frailty model is the best model.

However, inspection of the fitted models (not shown) reveals that the AIC
is misleading. The CTDL model without frailty is superior to the Weibull
model without frailty and the best fit, overall, is provided by the CTDL
frailty model. These findings persist when the data are categorized by esti-
mated risk score (2 3) into quartiles and compared with the corresponding
conditional Kaplan-Meier estimators.
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TABLE 1. Mazimum Likelihood Estimates & (s.e.): four models, with Age (B1)
and Sex (B2) fitted (Ac = X\ in the CTDL, Ay, = X in the Weibull, GF = Gamma
Frailty).

Parameter CTDL Weibull CTDL+GF  Weibull+GF

& -0.1165 - -0.0342 R
(0.0239) - (0.0770) -
e +0.2148 - +0.2169 .
(0.0352) - (0.0373) -
N - +0.0309 - +0.0308
- (0.0130) - (0.0145)
p - +0.8640 - +0.8186
- (0.0280) - (0.2181)
3 +0.0140  +0.0170 +0.0206 +0.0302
(0.0071)  (0.0050) (0.0114) (0.0082)
By +0.0177  +0.0175 -0.0673 +0.0250
(0.2000)  (0.0820) (0.4782) (0.1197)
&2 - - +0.4402 +1.1194
. . (0.2054) (0.0751)
/ -2053.299 -2052.399  -2051.166 -2041.556

4 Final Remarks

In this paper we have derived a new non-PH based Gamma frailty model
and compared it with the standard PH-based Gamma frailty competitor.
In the data analyzed the interpretation of the fixed effects was similar, but
the fit of the CTDL Gamma frailty model was demonstrably superior and
it is therefore a more natural vehicle for inference, among the frailty models
considered. Of course, this will not always be the case, but the new model
is flexible and clearly provides a viable alternative to the PH models con-
sidered. Further work is required on discriminating between these survival
models and on developing suitable measures of Goodness of Fit for non-
nested models with frailty in different model classes, when the AIC may be
misleading.
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Abstract: We present two different logistic regression models for longitudinal air
pollution data. After the confounder modelling we first use marginal regression
models to take account of the autocorrelation structure of the data. As a second
approach we then present Bayesian generalized additive mixed models with an
interaction between the trend and a patient-specific random effect to account for
unobserved heterogeneity and autocorrelation. We apply this methods to data of
the project EPA STAR.

Keywords: Longitudinal data; Logistic regression; Marginal regression models
(GEE); Bayesian generalized additive mixed models (GAMM).

1 Introduction

One objective of the project EPA STAR (Environmental Protection Agen-
cy; Science To Achieve Results: Inflammatory Response and cardiovascu-
lar risk factors in elderly subjects with angina pectoris or COPD in asso-
ciation with fine and ultrafine particles) is to characterize the association
between ambient particle exposures and changes in biomarkers of inflam-
mation in the airways and the blood of patients with stable coronary artery
disease (CAD). Therefore 60 male non-smokers, aged between 50 and 80
years, were recruited from local practitioners. Further participants have
physician diagnosed coronary artery disease or stable angina pectoris or
take angina pectoris medication.

Among other things the panelists recorded cardiovascular symptoms and
medication intake daily over a period of about six months. Ambient air
pollutants as well as meteorological parameters were measured at local
monitoring stations on a daily basis.

The main statistical challenge of this type of observational study is to find
the effect of air pollution on the symptoms in the presence of confounders,
autocorrelation and random effects.
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2 Modelling

To analyze the association between air pollution and health outcomes we
use logistic regression models for longitudinal data controlling for con-
founders and autocorrelation.

Responses v, = 1,...,n, t = 1,...,T; are binary, with y;; = 1 for the
presence and y;; = 0 for the absence of a symptom. We assume, that the
probability of appearance of a symptom follows a logit model

P(appearance)

logit(E (yit|zie)) = P(no appearance)

= Mg = o+ B + V121 + .-+ YpZitp
+g1(ver) + ...+ g (ver).

x—; denotes the (lagged) measure of the air pollutant, z;;; are confounder
variables with a linear effect and v;s confounders with nonlinear effects.

The modelling principle has two steps: First, the confounder model is fit-
ted. A step-wise model selection procedure in S-PLUS (2001) is used to
determine the optimal confounder model. As confounder variables are con-
sidered: an indicator variable for each subject, long-term time trend, med-
ication intake, influenza, temperature, relative humidity and barometric
pressure each with lag 0 to lag 5 (a lag is the assumed time period between
exposure and effect) and an indicator variable for weekday versus weekend.
For each metrical covariate both linear and non-linear terms are allowed.
The step-wise procedure selects whether each covariate should be included,
and if so, whether the metrical covariate should be linear or non-linear. The
Akaike Information Criterion (AIC) is used in this algorithm for variable
selection.

Due to the problems discussed in Dominici et. al. (2002) we use more strin-
gent convergence parameters than the default settings in S-PLUS for all
confounder models. However, at this stage, the procedure does not take
any autocorrelation structure of the data into account because this would
result in a quite complex statistical computation.

2.1 Marginal Regression

To allow for autocorrelation of the response we then use Marginal regres-
sion models for longitudinal data. The modelling and estimation approach
is based on generalized estimating equations (GEE). In these models, the
effect of covariates on responses and the association between responses is
modelled separately.

To be able to fit the GEE model the non-linear and polynomial confounder
components are transferred to SAS (2001) with the same degrees of free-
dom. The impact of calendar time and the possibly non-linear effects of
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meteorology are modelled with regression splines or polynoms. By us-
ing parametric smoothers we avoid the problem of concurvity (Ramsay
et. al. (2003)). The effects of the remaining confounders such as medica-
tion intake and of the air pollutant are considered as linear. Additionally
a fixed patient-specific effect is included.

2.2 Bayesian GAMM

As a second model approach, we use Bayesian generalized additive mixed
models (Bayesian GAMM). This methods allow for a predictor with semi-
parametric additive form. We now model the impact of the global trend
and the possibly non-linear effects of meteorology nonparametrically using
P-splines with second order random walk models as priors for the smooth
functions. The effects of the remaining covariates, especially of air pollu-
tants are considered as fixed. For the fixed effect parameters we assume
independent diffuse priors. Furthermore, interactions between the trend
and a patient-specific random effect account for unobserved heterogeneity
and autocorrelation. For this interactions we make the assumption that the
parameters are i.i.d. Gaussian.

Additionally we assume highly dispersed inverse gamma priors for variances
in a further stage of hierarchy. This allows for simultaneous estimation of
the unknown function and the amount of smoothness.

Inference is fully Bayesian via Markov Chain Monte Carlo (MCMC) tech-
niques. All Bayesian analyses are performed with BayesX (2000).

3 Results

Figure 1 displays the calendar time trend and a parametric estimate for rel-
ative humidity together with errors bands provided by S-PLUS. The trend
is slowly declining over the study period. The effect of relative humidity is
clearly non-linear. The curve indicates that not only low relative humidity
but also relative humidity between 80 and 95% increases the risk.

Table 1 gives the estimates with standard errors and p values for the re-
maining confounder effects. It is seen that medication intake increases the

TABLE 1. Estimates of constant confounder parameters for the symptom chest
pain.

Covariate Coefficient  Std. Error p value
Intercept -3.100073  0.575742  <0.000001
Temperature, lag 5  -0.022897  0.012297 0.062678
Medication intake 1.889101  0.282345  <0.000001
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FIGURE 1. Estimated trend and estimated effect of relative humidity together
with error bands provided by S-PLUS.
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FIGURE 2. Estimated trend and estimated effect of relative humidity. Shown is
the posterior mean within 90% pointwise credible intervals.

TABLE 2. Bayesian estimates of constant confounder parameters for chest pain.

Covariate Mean 10% quantil  90% quantil
Intercept -0.8546 -2.2439 0.9403
Temperature, lag 5 -0.0258 -0.0430 0.0095
Medication intake 1.1114 0.6121 1.5952

risk while an increasing temperature with lag 5 decreases the probability
of chest pain.

The Bayesian estimation results of the nonparamtric confounder terms and
the trend are shown in Figure 2. Corresponding to the parametric estimates
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TABLE 3. Estimated effects of NO2 and ultrafine particles (GEE).

Lag Odds 95% CI p value Odds 95% CI p value
Ratio/IQR Ratio/IQR
0 0.940 (0.984,1.076) 0.371 1.012 (0.888,1.152) 0.862
1 1.027 (0.991,1.177) 0.701 0.945 (0.816,1.095) 0.452
2 1.230 (1.001,1.487) 0.032 1.121 (0.922,1.364) 0.252
3 1.038 (0.991,1.214)  0.636 1.061 (0.907,1.242)  0.461
4 0.981 (0.981,1.220) 0.865 0.970 (0.821,1.147) 0.723
5 0.970 (0.982,1.179) 0.759 0.895 (0.705,1.137) 0.364

TABLE 4. Estimated effects of NO2 and ultrafine particles (Bayesian GAMM).

Lag Odds 90% Credible Odds 90% Credible

Ratio Interval Ratio Interval
0 0.925 (0.839,1.025) 0.984  (0.884,1.104)
1 1.030  (0.918,1.152)  0.962  (0.859,1.069)
2 1.212  (1.086,1.351)  1.096  (0.979,1.223)
3 1.113  (0.994,1.248) 1.086  (0.972,1.212)
4 1.021  (0.918,1.138)  0.998  (0.895,1.112)
5 0.968  (0.871,1.082) 0.907  (0.809,1.010)

the calendar time trend is again declining but with an stronger effect. The
curve for relative humidity indicates that low relative humidity and relative
humidity between 80 and about 95% increases the risk. This is in agree-
ment to the results shown in Figure 1.

Table 2 gives the posterior means together with 90% credible intervals of the
remaining confounder effects. As can be seen the medication intake again
increases the risk, while an increasing temperature with lag 5 decreases
the probability of chest pain. In comparison to the results in Table 1 the
estimations of temperature and medication intake have the same signs, but
the effect of medication intake here is less strong.

The Marginal regression results for the gaseous pollutant NO, and for par-
ticle number concentrations of ultrafine particles by the interquartile range
are given in Table 3, showing the strongest associations with a lag of 2
days. For NOs this association is even significant.

Table 4 shows the results of the Bayesian pollutant analysis. The strongest
associations are again seen with a lag of 2 days whereas for NO; this as-
sociation is even significant. This is in close agreement to the marginal
regression approach.
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4 Discussion

In this analysis we use two different logistic regression models for longitu-
dinal data controlling for trend, medication intake, influenza, meteorology
and autocorrelation. By using parametric regression splines we furthermore
avoid the problem of concurvity as discussed in Ramsay et al. (2003). Soft-
ware has been developed on all aspects of our models, but there are still
some technical difficulties to deal with the problems of confounder mod-
elling and autocorrelation simultaneously in one model. In comparison with
the Marginal regression model the results of the Bayesian approach gener-
ally show similar effects. The main advantage of the hierarchical Bayesian
model is the modular structure and flexibility.
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Abstract: We apply a spatial mixture smoothing model to data arising from a
study into grazing and trampling impacts by large herbivores in part of Scotland.
The mixture model is shown to allow the separation of larger-scale trend in
impacts from more localised variation.
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1 Introduction

We consider two spatial models for ordinal responses, and apply both to
data arising from a study of grazing and trampling impacts in the South
Loch Tay area of Scotland (Stolte et al, 2003). The first includes an L2-
norm spatial random effect as in Besag et al (1991), whereas the second
uses mixing weights to combine both L2- and L1l-norm spatial terms (see
Lawson and Clark, 2002).

Since 1997, the Macaulay Institute has been conducting surveys on the
impact of grazing and trampling by large herbivores on areas of upland
Scotland, in collaboration with the Deer Commission for Scotland, Scot-
tish Natural Heritage and Deer Management Groups. These surveys are
intended to inform decisions relating to the management of grazing uplands
and to aid understanding of the effects of different policies. The data in this
paper arise from one such study, on the South Loch Tay Deer Management
Group area in Perthshire, Scotland. The response is ordinal on a 5-point
scale, representing assessments of the intensity of impacts by grazing ani-
mals. The classes are Light, Light/Moderate, Moderate, Moderate/Heavy
and Heavy. These assessments are made for parcels of land called part-
polygons, which represent the intersection of contiguous areas of common
vegetation type (or habitats) and 0.25 km? squares of the National Grid.
The habitat of each part-polygon is available as covariate information, as
is the estate to which each belongs; there are 28 habitats and 6 estates
in South Loch Tay. We model the spatial effects at the 0.25 km? grid
square level, since some of the part-polygons are too small to be genuinely
representative—less than 10m? in a few cases.

o1
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2 Spatial Models for Ordinal Responses

We adopt the approach to modelling ordinal response data proposed by
Albert and Chib (1993), whereby a latent variable is used to model an un-
derlying unobservable continuous response and where cut-points separate
the observed classes. As in Albert and Chib (1993), we use Markov chain
Monte Carlo (MCMC) as our main analytic tool.
The density curve specific to each part-polygon is assumed to be Normal
with mean pj and common variance 1, where £k = 1,2,...,n indexes each
individual part polygon, being of habitat hx and belonging to estate ey.
The cut-points on this continuous (latent) scale are represented by 6; to
04, and if we further define 6y, 65 to be —oo, +00 respectively, then we can
define the probability of part-polygon k exhibiting class ¢ grazing impact
as

Pr(Yy=c|6,pu) =@ (0c — pur) = (Oc1 — pur) (1)

forc=1,...,5, and where ® is the standard Normal distribution function.
The variance is fixed since the probabilities at (1) are scale-invariant, and
we use the value 1 w.l.o.g. here. We consider two spatial models. Both
include an L2 spatial effect d,, ; if we define neigh(gx) to be the set of ng,
neighbours of grid square g then the (implicit) prior specification for g,
is

_ 0'2 _
Ogi| Ojzgy ~ N <59k7 n_) where Ogp = Z 8j/ng,

Ir j€ neigh(g)

and o2 is the random effect variance. The second model also includes an
L1 spatial random effect 7, , and where the product of the priors for {ng, }
is

AT exp e 20T DT Iy — ng,

gk j€ neigh(gx)

Note that Lawson and Clark (2002) use A~/2 rather than A=™/2. The J,,
and the 7, are both scaled to have mean 0. The stated aim in Lawson and
Clark (2002) is to allow d,, to reveal smoothly-changing patterns while 7,
uncovers “discrete jumps”. The linear predictor for our first model is

Mk = Qpy, + ﬁek + Yhi e + 69k

where ap, represents the habitat (random) effect for habitat hy, 3., the
estate (fixed) effect for ey, Vn, e, the interaction effect for the habitat/estate
combination (random for habitat within estate), and d,, the spatial effect
for grid square gi. For the second model, we weight the spatial components
by py:

p = Oy + By + Ynen + PrOgy + (1 = Pr) 7lg, -
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FIGURE 1. Maps of observed grazing impacts and mixing weights for model 2.

Finally, we use: weakly informative Gamma priors for precisions and for
A; and diffuse Normal priors for ap,, Beps Vhi,er and 6., the latter with
constraints to ensure 6.1 < 0. for ¢ =0, ...,5. Fuller details of the model
can be found in Brewer et al (2003).

3 Results and Discussion

In this paper we concern ourselves with the spatial smoothing of the two
models, and not with the importance or otherwise of the remaining covar-
iates—again, see Brewer et al (2003). In Figure 1 we see the observed
grazing impacts. The impacts are not smooth, but we can make out, e.g.,
areas of lower impacts in the centre and the top right (north-east)—these
correspond to an area of high altitude and an area of low animal stocking
density respectively. These areas are shown far more clearly in the maps of
fitted impacts from both models in Figure 2. The fitted maps are similar,
but the model 1 map is smoother, and the model 2 map has more part-
polygons in the extreme classes—most noticeably for the Heavy class. Note
that there are covariate terms in the models, so we should not expect the
maps to be too smooth.

Figure 3 shows the L2 spatial effects &; there are clear differences here
between the two models. The map for model 2 is far smoother than that
for model 1—the L1 term 7 in model 2 has removed the discontinuities,
leaving § to describe the larger-scale smooth spatial trend.

In contrast to the findings in Lawson and Clark (2002), we find more in-
formation as to the location of jumps in the mixing weights p than in the
1 themselves. Hence, we show a map of p from model 2 in Figure 1, where
the darker areas relate to greater weight on 7, i.e. large jumps in the spatial
pattern. Comparing the two maps of Figure 1, it is clear that the weights do
pick out areas where the grazing impacts differ most between neighbouring
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FIGURE 2. Maps of fitted impacts for models 1 and 2.

TABLE 1. DIC wvalues for both models.

Model D D() pp(p) DIC(n) D(@) pp(x) DIC(7)
1 4993.0 4554.4  438.6 5431.6 4662.7 330.3 5323.3
2 4743.1 4192.5 550.6 5293.7 4310.3 432.8 5176.0

grid squares. Typically, low p values correspond either to areas with low
animal numbers (due to altitude, low stocking, etc) or high animal num-
bers (due to the likely placement of food), where the numbers are not fully
explained by habitat or estate. Space limitations prevent us showing the
map of i, which in any case appears fairly random due to the high values
of p for many of the grid squares (cf. the map of p in Lawson and Clark,
2002).

Finally, we show DIC values (with standardising factor set to 1, see Spiegel-
halter et al, 2002) for both models in Table 1. Whether we use the means
or the class probabilities 7 to calculate DIC, we see that model 2 is favoured.
The standard deviations of the D quantities were around 30, so the differ-
ences in DIC would appear to be meaningful. Model 2 is far more complex
(by the higher pp values), but this appears to be outweighed by model
fit. Also, we note the large differences between the parameterisations—
following the advice in Spiegelhalter et al (2003) regarding Normality of
likelihoods, we prefer DIC(f).

In conclusion, the mixture model with two kinds of spatial random effect
provides a better fit to our grazing impact data than a simpler version,
allowing a clear separation of overall trend and more localised jumps.



Brewer et al

Model 2

55

o Model 1 % .,
P

EEEO0
SRR

+ +

WO R

EEREOOC
SRR R
(IR TRNTINT]

+ +
P OO or

FIGURE 3. Maps of estimated spatial random effects (8) for models 1 and 2.

References

Albert, J.H. and Chib, S. (1993) Bayesian analysis of binary and poly-
chotomous response data. Journal of the American Statistical As-
soctation, 88, 669-679.

Besag, J., York, J., and Mollié, A. (1991). Bayesian image restoration,
with two applications in spatial statistics. Annals of the Institute of
Statistical Mathematics, 43, 1-59, with discussion.

Brewer, M.J., Elston, D.A., Hodgson, M.E.A., Stolte, A.M., Nolan, A.J.,
and Henderson, D.J. (2003). A spatial model with ordinal responses
for grazing impact data. Statistical Modelling. Submitted.

Lawson, A.B. and Clark, A. (2002). Spatial mixture relative risk models
applied to disease mapping. Statistics in Medicine, 21, 359-370.

Spiegelhalter, D.J., Best, N.G., Carlin, B.P., and van der Linde, A. (2002).
Bayesian measures of model complexity and fit (with discussion).
Journal of the Royal Statistical Society, Series B, 64, 583-639.

Stolte, A.M., Nolan, A.J., Brewer, M.J., Duff, E.I., Elston, D.A., and
Henderson, D.J. (2003). Rapid assessment of grazing and tram-
pling impacts over large areas of rangeland: A sampling approach.
Biological Conservation. Submitted.



56 Spatial Mixture Models for Ordinal Responses



On Stationary GARCH(p,q) Mean Square
Stability

Viktorija Carkoval

! Mathematical Analysis Dpt., University of Latvia, Zelluiela 8, LV-1050 Riga,
Latvia.

Abstract: The paper deals with symmetric GARCH(p,q) models. Assuming that
there exists defined by this model stationary time series we have proposed the
necessary and sufficient condition for exponential mean square convergence of any
satisfying this model stochastic recurrent procedure to the above stationary time
series. A mathematical background of proposal methods are based on the derived
by author covariance method for mean square exponential stability analysis of
linear stochastic difference equations. That permits to write out a mean square
convergence criterion for GARCH(p,q) models with any integer positive p and ¢
in a convenient for application integral form involving the model parameters.
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1 Introduction: Stationary GARCH(p,q) Models

Over the last decade, there has been a tendency to employ to analysis
the financial time-series data model the symmetric regression model for
conditional mean, defined by formula

Yi=bo+ Y buXM + &, B{&/®ia} =0, B{&/0 1} =0}, (1)
k=1

with errors (shocks) & given as GARCH(p,q) model (Generalized Auto
Regressive Conditional Heteroskedasticity), that takes the following form
(Hamilton (1994)):

p q
op =0 + Z Pror_y, + Zekatg—k?ff—k- (2)
k=1 k=1

This process is described for time moments ¢t € Z by q 4+ 1 coefficients
0 > 0,k = 0,1,...,q, p coefficients ¢, > 0, k = 1,2,...,p, mean by, n
linear regression coefficients b, k = 1,2, ...,n, endogenous and exogenous
variables Y; and Xt(k), k = 1,2,...,n respectively, conditional variance o7,
white-noise type time series {e¢, t € Z} (that is, i.i.d. random variables with

o7
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mean zero and variance one) and the sigma-algebra ®;_; of information up
to time ¢t — 1, defined by {e,, s <t—1}. As it has been shown by (Bollerslev
(1986)) under assumption

p

Z(pk+29k<1. (3)

k=1 k=1

there exists defined by (2) stationary time-series {67,¢ € Z} and ex-
pectation of deviations u; := 07 — 62 of any other satisfying (2) time
series {07, t € Z} converge to zero in the mean with t+ — oo, that is
tlirgo E|o? — 67| = 0. It should be mentioned that parameters of regression

model (2) are mainly defined by the least square method and therefore it is
preferable (He and Terasvirta (1999)) to analyze a behaviour of the second
moments of iterations (2), that is, an asymptotic of sequence { E|67 — oZ|?}
with ¢ — co. We will say that the stationary GARCH model (2) is expo-
nential mean square stable if the above second moments exponentially tend
to zero as t — oo, that is, there exist such positive numbers M, A\ that

E{lo? — o7

} < MeMIE{jo? - 621} (4)

os=0

for any t > s, s € Z. The problem arises: to determine a largest set
of parameters of model (2), which guarantees the stability property (4).
For GARCH(p,1) models this problem has been discussed in our previ-
ous paper (Carkova and Gutmanis (2002)). Applying some of well known
mathematical results for positive defined matrices, the mentioned paper
derives the necessary and sufficient condition for exponential mean square
stability in a form of inequality involving forth moment of ¢; and pa-
rameters 1, ..., ©p, 01. In spite of the convenience for application of the
proposal there approach for ¢ = 1, that has been written as an inequal-
ity for two specially constructed determinants, it becomes very compli-
cated for GARCH(p,q)-models with ¢ > 2. To eliminate this lack we
will apply another method, developed in paper (Carkova and Carkovs
(1969)) for asymptotical stability analysis of linear stochastic difference
equations. It permits us under assumption (3) to derive necessary and suf-
ficient exponential mean square stability condition in a form of inequality

Elel* < g(p1, s i 01, -, 04)-
2 Integral Criteria for GARCH(p,q) Exponential
Mean Square Stability

It is easy to write for the deviations u; := 62 — o the homogeneous differ-
ence equation

m q
Up = Z apUs_g + Z OrUt—kYt—ks (5)
k=1 k=1
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where m = max{p, ¢},

Pk + 9197 if k S min{p, Q}a
ak = o, if p<k<g, (ar)

and y; = €7 —1. The latter random variables {y;, t € Z} are i.i.d. with mean
zero and variance s? := E|e? — 1|2 defined by distribution of &;. Formula
(5) defines a linear difference equation with random coefficients and the
problem is: to find necessary and sufficient conditions for exponential mean
square decreasing of its solutions. Let sequence {u, t € Z} be a solution
of (5). According to proposal in ( V.Carkova and J.Carkovs, 1969) method
first of all we have to define two sequences: {h;, t € Z}, satisfying for ¢t > 0
homogeneous difference equation

ht = arhi—1 +aghi—2 + ...+ amhi—m, (h)

under conditions hg = 1, hy =0 for t < —1, and {Z;, t > 0} satisfying the
same homogeneous difference equation Ty = a1T¢—1+a2Tt—2+. . .+ AmTt—m,
but for ¢ < 0 is the same as u;, that is, £ = us, t < 0. It may be proved that
owing assumption (3) any of solutions of the above homogeneous equations
exponentially tends to zero as t — oco. Now we should rewrite equation (5)
in a following form

t q q t
ur = Ty + Z Z hi—s0ys—jus—; = g + Z Z hi—x—;0;yrug,

s=1j=1 j=1k=1

9 J
where g, = & + > D> hi—s8ys—jus—; is &, -adopted random sequence
j=1s=1
for any t > 0. Squaring the both parts of the above equity and taking a
conditional expectation under condition ®, we can reach for conditional
second moment m; := E{|u;|?/®,} a following equation

¢
m; = g; +s° Z by, (6)
k=1
q
where by = Y hi—;0;. Because g7 and b7 are exponentially decreasing to
j=1

zero nonnegative sequences any satisfying (6) positive sequence {m, t > 0}
may be majorized by sequence {ct, ¢ > 0} for sufficiently large c. Therefore
to analyze an asymptotic of this sequence we may apply discrete Laplace
transformation multiplying the both parts of (6) by z! with some constant
z € (0, ¢c71) and summarizing by ¢ from 0 to oo. This approach permits to

oo
find function M (2) := >_ 2'my in a form of fraction

t=0
G(z)

M(z) = T_sB(s) (7)



60 GARCH Mean Square Stability

o) o0
where G(z) := Y z'gi, B(2) := Y 2'b?. It is obviously that m; expo-
=0 =0

o0
nentially decreases with ¢ — oo if and only if the series Y m; converges.
t=0
Analyzing equality (7) one can make sure of equivalence the latter asser-
tion to inequality s* < (B(1))~! involving fourth moment of white noise

st = E{|e/|* — 1|} = E{|e:|*} — 1 and parameters {¢y, 9], k=1,.,p,j=

1,...,q} of model GARPCH(p, q) defined by series B(1) = Z b?. Let Bi(z)
be a discrete Laplace transformation of sequence {b;}, that is, Bi(z) =
Z b:zt. Applying well known Cauchy theorem one may calculate any term

=0
of sequence {b;} as contour integral of complex valued function Bj(z) mul-

tiplied by 27t~
by = — / B(z)z ' tdz,
|z|=1+6
with an arbitrary sufficiently small by module real number §. Therefore

o0
formula B(1) = Y b? may written in an integral form:
i=0

N —1t L —1etg |
B =Y 5= / Bi(2)= "z | | o / (@)1t
=0 |z|=1+6 lz|=1
1 d:cdz 1y
- [ BeBE@TE - / ).
|2|=1+6 |z]=1 =

The function Bj(z) is a Z-transformation of series by = Z hi—;0; formed
j=1

by solution {h;} of difference equation (h). Let H(z) be a Z-transformation

of this solution. Owing to special chosen initial conditions for that, the

delayed solution {h; j} with any k¥ > 0 has Z-transformation z*H(z).

Therefore applying Z-transformation to formula (h) one can find B;(z) =

q ‘ m
(Z 9]-,2]) / (1 -3 akzk) . Finally defined by (9) expression B(1) has
j=1 k=1

an integral form

Xq: )(Z 0;2777)
1 j=1 m—qg—1

MS

a,zk) (1= > a,2m"Fk)

k=1

where m = max{p,q} and a; defined above in formula (aj). Therefore
the necessary and sufficient condition for stationary GARCH(p,q) mean
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square stability has a form an inequality s* < B(1)~! with B(1) defined
by formula (8). Because under assumption (3) the absolute values of all

m
roots of polynomial Y a, 2™ 7% are less than 1, the integral in (10) can be

k=1
calculated applying residual theory.

Example. Let we should deal with GARCH(2,2) model. Then p = ¢ = 2,
H(z) = (1—(¢1+01)z — (p2 + 02)2%)72, and integral (9) is equal to

dz.

= / 2(03 +603) + (1 + 2%)0.0
2m“ /| (1— (1 +01)z — (92 + 02)22)(22 — (p1 + 01)z — (92 + 02))

Not so difficult to find roots of polynomial 22 — (1 +61 )z — (2 +02) (Which
should be less than one by module) and applying residual theory for the
above integral to write necessary and sufficient exponential mean square
stability condition of GARCH(2,2) in a following complete form:

§t < 2[(1 — 2 — 62)% — (1 + 61)](1 + @2 + 02)
(07 + 03)(1 — @2 — 02) + 4(p1 + 01)0162
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Abstract: The paper proposes a stochastic analysis approach to equilibrium
stability analysis of an adaptive Samuel-Marshall type single component mar-
ket. Assuming that an equilibrium can be achieved by the equality of demand
to supply, manufacturer would like to stabilize the price of a product unit into a
small neighborhood of the level p. Because to enter the market a manufacturer
needs a time, he can manage by a chosen supplied quantity at the delayed time
moment ¢ — 7(¢). Taking into account this circumstance and permanent random
perturbations of demand elasticity function the paper discusses stochastic price
dynamics. Our approach is based on asymptotical theorems of stochastic calcu-
lus and second Lyapunov methods for stability analysis of stochastic functional
differential equations. That allows not only to estimate how a time delay of sup-
ply and other market performances exert price dynamics, but also to advance in
stochastic stability analysis, calculating dependence of maximal admissible price
equilibrium volatility on demand and supply elasticity functions.

Keywords: Price equilibrium; Stochastic stability; Adaptive market.

1 Introduction: Adaptive Single Component Market

The paper deals with simplest mathematical model of an adaptive Samuel-
Marshall type single component market under assumption that a manu-
facturer has a monopoly there and he would like to stabilize the price of
a product unit into a small neighborhood of the level p. Let us remind,
that in any classical single component market model supply S; and de-
mand D; are dependent on a price of product unit history up to time
Ft = {p(s), s < t} and equilibrium p(t) = p may be achieved by the
equality of demand D(p) to supply S(p) (see, for example, Hamilton (1994),
Samuelson (1974), Sharpe (1964)). As in the classical Samuelson model we
will suppose equilibrium to be reached due to an adaptive price dynamical
property: the price movement (Ap)(t) := p(t + A) — p(¢) is proportional
to difference D; — S; multiplied by time increment A. To control a price
p(t) a manufacturer should keep a supplied quantity S; at the level of de-
mand quantity Dy, but to enter the market at the time moment ¢ he needs
some time 7(¢). Therefore manufacturer has a delayed reaction because he
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is guided by the price at the moment of time ¢t —7(¢). As a result the supply
St is a function of a delayed price p(t — 7(t)), that is Sy = S(p(t — 7(t))).
Because supply quantity is formed by manufacturer based on known price
value p we may suppose that supply is deterministic sufficiently smooth
function and model this function within a small equilibrium vicinity in a
linear form

S(p) =bp+ . (1)

But demand D; at time moment ¢ does not depend on manufacturer. He
can find this function analyzing statistical data { Dy, p(s), s <t} only and
applying some of well derived regression procedures. Let us suppose for
simplicity that demand D; has a quick response on price dynamics and
is dependent only on present price value p(t). Therefore for a given price
history F“ we may model a deterministic part of demand as a conditional
expectation D(p(t)) := E{Dy/F"} and forecast mean value of a demand
quantity for a given price value p as a function D(p). The above assumptions
permit to analyze price dynamics writing out market mathematical model
in a form of the first order ordinary differential equation with delay

dp(t

PO _ Dp(r) - S(e(t — =(1)). )
We should take into consideration that Samuelson’s adaptive assertion
about adaptive price increments dynamics is only rational expectation of
market price reaction on supply and demand values and therefore equation
(2) reflects price dynamics in the mean. Unfortunately real price mostly is
very irregular function of time t. Recent decades has appears many papers
which intensively developed the branch of modern economics concerning the
price dynamics analysis and elaboration of a rational algorithm of investor
behavior, taking into account the financial market statistical uncertainty.
It has been shown that it is not enough to know smooth dynamical perfor-
mances of financial flows, reached by moving-average procedure, but also
is necessary to analyze extremely complicated and bad predictable chaotic
price oscillations. This made many researchers use Ito stochastic calculus
for modeling price dynamics. As an example one can specify the well-known
Black-Scholes option-pricing formula used not only by scientists in the the-
oretical financial economics but also by most of brokers for gambling on
a stock exchange (see, for example, Black and Scholes (1973), Marshall
(1979), Sharpe (1964)). This paper also deals with the stochastic analysis
of price dynamics, writing an adaptive Samuelson’s assertion in a form of
stochastic Ito equation

dp(t) = (D(p(t)) — S(p(t — 7(t)))dt + op(t)dB(t), (3)

where B(t) is standard Brawn motion process, and parameter o (called
by wolatility) allows to take into account value of risk connected with this
model of price dynamics (see, for example, Sharpe (1964)).
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2 Stochastic Analysis Approach

Let us suppose that price equilibrium can be reached owing to equality of
demand and supply in the mean, that is E{dp/]-"u} = /. First of all we
will discuss the dependence of equilibrium stability on demand elasticity
by price (parameter b), fraction of demand elasticity by price and supply
elasticity by price (parameter ¢ = a/b with a > 0, b < 0, —b < a), volatil-
ity o > 0, and time-delay 7(¢) probabilistic properties, writing for price
deviations z(t) := p(t) — p linear stochastic Ito equation in a following form

dx(t) = b(ex(t) — x(t — 7(t)))dt + ox(t)dw(t). (4)

Under condition of independence of the involving in the above equation
processes B(t), 7(t) and strong mixing condition for stationary process 7(t)
our paper proves that for equilibrium stability it is necessary a negativity
of real parts of all roots of function v(z) := z — b(c — M (—z)), where M (z)
is moment function of time delay. For example, if stationary distribution
of time delay is given by formulae P{7(t) =0} =&, P{r(t) =1} =1 — 7,
the necessary price equilibrium stability condition has a following form
(Sadurskis and Tsarkov (2001)):

1—c arccos((c — ) /(1 — 7))
m< , b VA=)l +c—2r)

2

It should be mentioned that this inequality guarantees exponential de-
creasing only for price mean value, but price variance may be infinitely
increasing. Applying proposal in Sadurskis and Tsarkov (2001) asymptotic
methods and covariance approach for mean square stability analysis of sto-
chastic functional differential equations (see, for example, Tsarkov (1989))
one can find necessary and sufficient condition for decreasing of price vari-
ance to zero with ¢ — oo in a form of inequality for volatility

9 T dz -1
7 <7T<O/|iz—b(c—x(—z))|2) ’ ©)

where x(z) is characteristic function of stationary random delay 7(t). For
above mentioned example of binomial market this inequality has a form
(Carkovs and Pocs (2002)):

(5)

9 o 2(1 —7)bv(v — sin(bv))
7S Ter T (1 —7)cos(bv) +c— &

(7)

where v = /(1 —¢)(1 — 27 + ¢).
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3 Price Nonlinear Dynamics

Linear differential market model even in a more complicated nonhomoge-
neous form than (4)

dp(t) = {ap(t) = bp(t — 7(t)) + o = B+ n(t) }dt + o P(t)dB(t), (8)

where 7)(t) is zero-mean stationary process, satisfactory fits price dynamics
only for parameters located within stability region and sufficiently far from
border of stability. In this case one can forecast price dynamics as a steady-
state stationary process with mean p = (a«— (3)/(b—a) and spectral density
which is proportional to spectral density f,()\) of noise n(t) and inverse
proportional to squared modules of frequency response

V(A) = |A = bIm{M(i\)}|> + |a — bRe{M (i)\)}|?,

where M (z) is moment generating function of stationary delay 7(¢). But for
parameters a and b lying on the border of stability function V' (\) becomes
equal to zero for some values of A and the steady-state stationary of equa-
tion (8) does not exist. Therefore chosen linear model becomes invalid be-
cause predictable by this model price dynamics has such a large scatter that
p(t) leaves a chosen vicinity of equilibrium p. That is why for the parame-
ters near border of stability one should pass to more complicated nonlinear
mathematical model. Let for example market model has delayed linear sup-
ply (1) with stationary distributed binomial time delay P{7(¢) = 1} = 17,
P{7(t) = 0} = 7 and nonlinear demand D; = D(p(t)) + n(t). This model
may be written in a form of an ordinary functional differential equation

W0 _ Dipty) — ot — (1) — 5+ (),

where n(t) is stationary process with known correlation function. As it
was mentioned above the parameters (b, D'(p) := a,7) should be chosen
near a critical point {be, aer, Ter } laying on the border of stability. Taking
a = Ge¢r, T = T, and b = b, + €, where € is a small parameter, and
applying a stochastic averaging procedure (see, for example, Sadurskis and
Tsarkov (2001)) under condition D’(p) > 0, D”(p) < 0 one can predict
asymptotically stable price stochastic oscillations

p(t) = b+ (F + Vep(et)) cos(vt + p(et)), (9)

with frequency v = /(a — b)(a + b — 2am.,), where p(t) is stationary Gauss-
ian process of Ornstain-Ulenbeck type and ¢(t) is stationary Gaussian
process given on the circle St by stochastic Ito equation with zero drift
and constant diffusion. Corresponding to price dynamics (9) steady-state
process approximately may be represented as a limit cycle on the Demand-
Supply phase plane called by stable stationary price business cycle.
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Abstract: The paper is studying the estimation problem of individual weights
of objects using a chemical balance weighing design under the restriction on the
number times in which each object is weighed. We assume that errors have the
same variances and they are correlated. The necessary and sufficient conditions
under which the lower bound of variance of each of the estimated weights is
attained are given.
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1 Introduction

Let us consider the class ®,,xp m(—1,0,1) of the n x p matrices X with
elements equal to —1,0 or 1, where m there is the maximum number of
elements equal to —1 and 1 in each column of the matrix X. The matrices
belonging to this class there are the design matrices of the chemical balance
weighing designs. Suitable model we can write in the form,

y=Xw+e, (1)

where y is an n x 1 random observed vector of the recorded results of
weights, w is an p x 1 column vector representing unknown weights of
objects and e is an nx 1 random vector of errors. We assume that E(e) = 0,
and the errors are correlated and with equal variances, i.e. Var(e) = 02 G,
where 0,, is the n x 1 column vector of zeros, G = ¢[(1 — p)I,, + p1,1.],
where g > 0, —1 < p < 1 are given constants.
For estimating individual unknown weights of objects we can use the normal
equations

X'G 'Xw =X'Gy, (2)

where w is the vector of the weights estimated by the least squares method.
The chemical balance weighing design is singular or nonsingular depending
on whether the matrix X’G ™' X is singular or nonsingular, respectively. If
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X'G X is nonsingular the least squares estimator of w is given in the
form,

w=(X'G 'X)"'X'Gly (3)

and the variance - covariance matrix of w is given by formula,
Var(w) = 0?(X'G X)L, (4)

In the case G =1,,, Hotelling (1944) has studied some problems connected
with chemical balance weighing designs. He has shown that for the chemical
balance weighing design the minimum attainable variance for each of the
estimated weights is 02 /n. He proved the theorem that each of the variance
of the estimated weights attains the lover bound if and only if X'X = nl,.
This design is called the optimum chemical balance weighing design. It im-
plies that for the optimum chemical balance weighing design the elements
of the matrix X are —1 and 1, only. In this case, several methods of con-
struction the optimum chemical balance weighing designs are available in
Raghavarao (1971) and Banerjee (1975). In the model of optimum chemical
balance weighing design with equal correlated errors Ceranka and Katulska
(1998) gave the sufficient and necessary conditions under which the lower
bound of variances of the estimators was attained.

2 Variance Limit of Estimated Weights

Let assume that the design matrix X € ®,xp.m(—1,0,1) is of full column
rank p, ¢ denote an p x 1 vector. From Section 1c.1 (ii) (b) in Rao (1973)
we get:

Lemma 2.1 For the design matrix ®,xp m(—1,0,1) of rank p, any sym-
metric positive definite n x n matrix G and p x 1 vector ¢ inequality

c (X’G_IX)_lc > C/(X(/céczzlx)c

is true and the equality is fulfilled if and only if ¢ there is eigenvector of
the matrix X'G ™' X.

Lemma 2.2 The matrix (1 — p)I,, + p1,1/, is positive definite if and only
if =L <p<1.

It is obvious that if n;_ll < p < 1and g > 0 then the matrix G = g[(1 —
p)L, + p1,1'] is positive definite and the matrix X’G~'X is nonsingular
if and only if the matrix X’X is nonsingular, i.e. if and only if X is of full
column rank (= p).

Let assume that the matrix G is given as

G = g[(1 - p)L, + p1,17,], (5)
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Where%<p<1andg>0.

Theorem 2.1 In the nonsingular chemical balance weighing design with
the design matrix X € ®,,x, m(—1,0, 1) and with the variance - covariance
matrix of errors 602G, where G is given by (5), the variance of w; for a
particular j, such that j = 1,2, ..., p, cannot be less then

0—2957117;)) TE § p< 1’
Var(ib;) = . J=1,2p
N a*g(1—p) I
m*w‘;fl)(mfﬁllﬁ if n—1 < 14 < 0,

where m = max{m,ma, ...,,mp}, m; represents the number of elements
equal to —1 and 1 in jth column of X, uw = min{us,us, ..., up}, u; repre-
sents the number of elements equal to —1 in jth column of X, j = 1,2, ..., p.

Proof: Let c;, 7 = 1,2,...,p, be the vector equal to jth column of the
matrix I,. Then we have

Wy = ciw and Var(ih;) = 0%¢j(X'G™'X) " le;, ji=1,2,...,p.
Since the matrix X € ®,xpm(—1,0,1) is of full column rank and

Gl= I, -

p ’
g7 An — Tty Intnl;

then from the lemmas 2.1 and 2.2 we have

(c)c))?

Var(w;) > 027 =
(i) ¢/ X'G ™ Xc;

1

2
=0"g(1-p) >
71+p(2_1)c;X’1n1%ch

1

>
m — —LHp(n_l) c;X'1,1; Xc;

! ’ P
ch Xc;

> a%g(1 - p)

a?9(1=p) if 0<p<l,

*9(1-p) if =L <p<o,

~ Tt (M—2u)?

m

Since elements x;; = —1,1 or 0 only, hence the thesis.

In the special case m =n and X € ¥, «,(—1, 1), the class of the n x p ma-
trices X with elements equal to —1 and 1, theorem 2.1 was given in Ceranka
and Katulska (1998). When m =n,p =0,g =1 and X € ¥,,,,(—1,1) the
theorem 2.1 was proved in Hotelling (1944).

Definition 2.1 Nonsingular chemical balance weighing design with the
design matrix X € ®,5,m(—1,0,1) and with the variance - covariance
matrix of errors 02G, where the matrix G is of the form (5), is said to be
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optimal for the estimated individual weights if the variance of each of the
estimators attains the lower bound, i.e. if

w if 0<p<1,
Var(w;) = ) j=1,2,...p.
o”g(1—p) P
m— 1 (m—2u)? if —<p< 0,

Now, we give the necessary and sufficient conditions under which the lower
bound is attained.

Theorem 2.2 Let 0 < p < 1. Nonsingular chemical balance weighing
design with the design matrix X € ®,,4, m(—1,0,1) and with the variance
- covariance matrix of errors 02G, where the matrix G is of the form (5),
is optimal for the estimated individual weights if and only if

(i) X’'X = ml, and

(i)  X'1,=0,.

Proof: To prove the necessity part let notice that from lemma 2.2 the first

inequality in (6) is equality if and only if |X'X — ﬁX’ 1n1;LX} cj =
wicj, 1 >0, j =1,2,...,p. The second inequality in (6) is equality for
each j if and only if ¢, X'Xc; = m for j = 1,2,...,p. The third inequality is
equality if and only if ¢;X’1,, = 0 for j = 1,2,..., p. These conditions imply
that X'X = diag{p1, p2, ..., thp}, 1 = po = ... = ptp = m and X'1,, = 0,.
Finally we get (i) and (ii). The proof of sufficiency part is obvious.

Theorem 2.3 Let n_—jl < p < 0. Nonsingular chemical balance weighing
design with the design matrix X € ®,,4, m(—1,0,1) and with the variance
- covariance matrix of errors 02G, where the matrix G is of the form (5),
is optimal for the estimated individual weights if and only if

2
(i) X'X = ml, — %(Ip - 11)1;»)’
(ii) u1 = u2 = ...up = u and
(ill) X'1,, = zp,
where z, is p x 1 vector, for which the jth element is to equal (m — 2u) or
—(m—2u),j7=1,2,...,p.

Proof: The proof of the necessity part is similarly to the proof of two first
inequalities in the theorem 2.2. The third inequality in (6) is equality if
and only if ¢;X'1, = (m — 2u) or —(m — 2u) for j = 1,2, ..., p. It implies

X'X — ﬁX'lnlgx = diag{p, f2, s pt 1 = Mo = . = plp =
—2u)?
m— % and X'1,, = z,.

The proof of sufficiency part is obvious. Hence the thesis.
Let us consider the case 0 < p < 1. Nonsingular chemical balance weighing
design with the design matrix X € ®,,4, m(—1,0,1) and with the variance
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- covariance matrix of errors 02G, where G is given as (5), is optimal if
and only if the conditions (i) and (ii) from the theorem 2.2 hold. From this
second condition we get

Corollary 2.1 Let 0 < p < 1. The necessary condition for existence
optimum chemical balance weighing design with the design matrix X €
®,,xp.m(—1,0,1) and with the variance - covariance matrix of errors oG,
where G is of the form (5), is m = 0(mod2).

The condition (i) from the theorem 2.1 is the same as condition deter-
mining optimum chemical balance weighing design with the design matrix
X € ®,,4p.m(—1,0,1) and with variance - covariance matrix of errors o2L,.
Then we have

Corollary 2.2 Let any p;(< p) columns of the design matrix

X € ®,xp,m(—1,0,1) of the optimum chemical balance weighing design
with the variance - covariance matrix o2I,, form new design matrix X* €
®,,p.m(—1,0,1) of the chemical balance weighing design. Chemical ba-
lance weighing design with the design matrix X* € ®,,xp, m(—1,0, 1) with
the variance - covariance matrix of errors 0?G , where G is given by (5)
and 0 < p < 1, is optimal if and only if X'1,, = 0,.

Theorem 2.4 Let 0 < p < 1. The existence of the optimum chemi-
cal balance weighing design with the matrix X € ®,,x, m(—1,0,1) and
with the variance - covariance matrix of errors 02G, where G is given
by (5), is equivalent to the existence of the optimum chemical balance
weighing design with the matrix X* € ®9,x2pm(—1,0,1) in the form

. _ | X X
X = { X -X
02G*, where G* = g[(1 — p)Iap, + pla,15,].

} and with the variance - covariance matrix of errors

Proof: Let notice that if X there is the matrix of optimum chemical balance
weighing design with the variance - covariance matrix of errors 2G, where
G is given by (5), then XX’ = mI, and X'1/, = 0,. These conditions are

/
fulfilled if and only if [ X X } [ X X

i / —
X -X X X } = 2mlIy, and X'1,, = 0,.

Hence the thesis.
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Abstract: A model is proposed for longitudinal binary data with informative
drop-out. The model combines a conditional AR1 model for the underlying re-
sponse with a logistic regression model for the drop-out process. Parameter es-
timation is done through a Bayesian approach. The model is demonstrated and
compared through a methadone clinic data set. It is anticipated that information
gathered from modeling the drop out process has practical implications for the
interpretation of the data.
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1 Introduction

The collection of longitudinal binary data is common in clinical trials or lon-
gitudinal studies when repeated measurements, positive or negative to cer-
tain tests, are made on the same subject over time. Since many longitudinal
studies are lengthy, subjects undergoing longitudinal studies may drop-out
prematurely, resulting in a large class of distinct missingness patterns. One
important issue arising from the problem of drop-out is whether the drop-
out process is related to the measurement process. Drop-out processes can
be classified into three types: completely random, random and informative
drop-out (Rubin,1976, Little and Rubin, 1987). Completely random and
random drop-out are often referred to as being ignorable which indicates
that it is not necessary to specify a model for drop-out in a likelihood-
based analysis of the measurement process. Informative drop-out (ID), on
the other hand, is said to be non-ignorable as the drop-out mechanism
cannot be ignored when estimating parameters for the data. Diggle and
Kenward (1994) have demonstrated that there are biases in the parameter
estimated if such drop-out mechanism is not accommodated in the model.
Special modeling strategies are therefore required for inference when the
drop-out process is informative.
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2 Modeling Strategy

A modeling strategy for longitudinal binary data with informative drop-
out has been proposed. A conditional AR1 model with random intercepts
that accounts for population heterogeneity was proposed for the underlying
response and a logistic regression model for the drop-out process. Both the
probability of positive outcomes and that of drop-out were assumed to be
logit linear in some covariates and outcomes.

2.1 Background of Data Set

We will use a methadone clinic data set reported by Chan et al. (1998) to
demonstrate our models. This data set is a record of drug users enrolled in a
methadone maintainance treatment (MMT) programme at a clinic in West-
ern Sydney in 1986. The record consists of several information including
drug user’s weekly urine test result that are positive (Y = 1) or negative
(Y = 0) to morphine, a biological marker for heroin use, the dosage of
methadone d in milligram (mg) at the time of urine test and also their
duration of treatment in weeks ¢. There are 136 heroin users, submitting a
total of 2,872 urine screens with 16% of them being positive for heroin. The
dosage of methadone averaged over the 2,872 incidents is 64mg. Each user
submitted 4 to 26 weekly outcomes and the average number of treatment
weeks per heroin user is 21.1 weeks. 51 drug users dropped out before the
end of 26 weeks and the rest having 26 outcomes were regarded as having
completed the program. For all analyses, each urine screen result rather
than each patient served as the unit of analysis.

2.2 Models

Let Y;; denote the binary outcome for patient ¢ in week ¢t. The vector of all
possible outcomes for patient i can be separated into

Y’i - (}/it)/ = (}/ila e )}/i,ni ) Y;,nq,-i-lv Y Y;,n)/
ObservedY !, UnobservedY

where n; denotes the number of observed Y;; and the vector of all outcomes
is denoted by Y/ = (Y'1,Y’y,---,Y'}).

Similarly, let R;; denote the drop-out indicator for patient i in week ¢ such
that R; = I(t > n;) where R;;=1 if Y;; is unobserved (¢ > n;) and zero
otherwise. Then the vector of all drop-out indicators R for patient ¢ is
R, = (R;)" which is a series of n; ’0’ followed by 26 - n; '1’.

For the outcome model, the conditional probabilities of heroin use are logit
linear in a random intercept u; and some covariates and as well as the
‘previous outcomes’ Y; ;_1:

logit[Pr(Yis = 11Yit—1,8)] = 0t = wi + Po + Badis + BeInt + BpyYit—1.
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TABLE 1. Parameter estimates and s.e. (in italic) in models with and without
ID (Int=Intercept, Prev=Previous, Pres=Present, Var=Variance).

Model Int Dose Time Prev  Pres Var
without ID 3 -0.643 -0.016 -0.421 1.430 1.837
0.405 0.006 0.072 0.140 0.414
with ID 6 -0.640 -0.0164 -0.351 1.410 1.839
0.386 0.006 0.077  0.143 0.439

a -6.460 0.695 2.039

0.986 0.265 0.768

For the ID model, the conditional probabilities of drop-out are logit linear
in some covariates including the present outcomes’ Y; ; which signify ID:

logit[Pr(Ris = 1|Yit, )] = Gt = o + ¢ Int + s Y5 4

for ¢t < n; such that the present outcomes Y; ; are unobserved. When ¢t =
n; +1 and n; < 26, the 'present outcome’ Y; ,, 11 is unobserved. Taking
condition on the two possible values of Y; ,,,+1, we have

logit[Pr(R; n,41 = 1|Yin,41 = h, )] =
Gini+1,n = Qo + 0 Int + apsh, h =0, 1.

A vector of parameters for the whole model is 8 = (3’, a’)’. Parameters of
the model were estimated using Bayesian approach via Gibbs sampler and
were implemented conveniently using WinBUGS package.

3 Results

We refer to Table 1 for a summary of our main results. Regarding the result
of model with ID modeling, we found that reduced heroin use is signifi-
cantly associated with increase in methadone dose and increase in duration
of treatment. There is also a strong and positive association between the
present and previous outcomes suggesting that some patients in treatment
tend to use heroin continuously while others do not. Aparting from these
covariates, the variance of the random intercepts is also significant showing
the specificity of patients of the treatment. We even found that the positive
and significant random intercepts help us to identify the heavy drug users
of the programme. The significant parameters in the drop-out model, on
the other hand, suggest that patients staying longer in the treatment are
more likely to drop-out. Patients having take drugs are more likely to be
absent for the coming urine test.
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3.1 Discussion

Comparing the parameter estimates of models with and without informa-
tive drop-out modeling, they are more or less the same except that corre-
sponding to time effect. The time effect (-0.351) in the drop-out modeling
is decreased by 17% in magnitude or 7% in odds. This finding helps us to
justify our concern on time effect. We are worrying the time effect of the
treatment may be primarily due to the drop-out of heavy drug users which
in turn leads to an impression that if patients stay longer in the treatment,
they will reduce using drug. Now, we found that the time effect is indeed
weaker after accounting for the drop-out process of the data which suggests
some time effect may be because of the drop-out of heavy drug users.
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1 Introduction

Model-building is a complex procedure involving (i) the specification of an
appropriate class of models; (ii) the selection of a ‘best’ model; (iii) model-
fitting; and (iv) model-checking. In practice there are typically several cy-
cles of fitting, because model-building is an iterative, interactive process as
in the Box-Jenkins modelling of time series (Box et al, 1994). It may even
be the case that more data are collected and new models entertained during
the modelling cycle. Key considerations are the objectives of the study and
the background knowledge - the contezt. In my work on Pragmatic Statis-
tical Inference, 1 have explicitly included the context in the mathematical
description of the problem (Chatfield, 2002). Another important decision
is whether to use a black-box type of model or a structural model that
accounts for specific physical features.

This paper concentrates on model selection and the related issues of data
mining and model uncertainty.

2 Prelude

Consider the following ‘typical’ time-series problem. You have five years
of monthly data and forecasts are required up to 12 months ahead. What
would you do?

A standard approach would be to choose a family of possible models (e.g.
the ARIMA class), look at the time plot and the sample autocorrelation
function, try plausible models within the ARIMA family and choose a ‘best’
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model in some way. Then the analyst typically makes inferences and fore-
casts conditional on the selected model being ‘true’. Statisticians all do this
sort of thing but should they? The standard analysis ignores:

(1) The effects of Data Mining (DM). The model has been selected from
the data.

(2) Model Uncertainty (MU). Uncertainty about the structure of the model
is arguably the most important source of uncertainty, but also the
least understood.

3 Model Selection

As well as finding out about any background knowledge, the analyst will
typically begin by carrying out some form of Initial Data Analysis (e.g.
Chatfield, 1995a, Chapter 6). Sometimes a model is selected subjectively
using the results of this initial examination of the data, by using the ana-
lyst’s experience to match an appropriate model to the observed character-
istics. However, we concentrate here on the use of model-selection criteria.
We cannot simply choose a model to give the best fit by minimizing the
residual sum of squares, as this takes no account of the model complexity —
the number of parameters fitted. There is an alternative fit statistic, called
adjusted-R?, which attempts to take account of the number of parameters,
but more sophisticated model-selection statistics are generally preferred.
Akaike’s Information Criterion (AIC) is the most commonly used and
is given (approximately) by:

AIC = -2 In(max. likelihood) + 2r,

where r denotes the number of independent parameters that are fitted for
the model being assessed. Thus the AIC essentially chooses the model with
the best fit, as measured by the likelihood function, subject to a penalty
term, to prevent over-fitting, that increases with the number of parame-
ters in the model. For an ARMA(p, ¢) model, note that r = p+ ¢+ 1 as
the residual variance is included as a parameter. Ignoring arbitrary con-
stants, the first (likelihood) term is usually approximated by N In(S/N),
where S denotes the residual sum of squares, and N is the number of
observations. It turns out that the AIC is biased for small samples, and
a bias-corrected version, denoted by AICq, is increasingly used. The lat-
ter is given (approximately) by replacing the quantity 2r in the ordinary
AIC with the expression 2rN/(N —r — 1). The AIC¢ is recommended, for
example, by Brockwell and Davis (1991, Section 9.3) and Burnham and
Anderson (2002).

An alternative, widely used, criterion is the Bayesian Information Cri-
terion (BIC) that essentially replaces the term 2r in the AIC with the
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expression (r + rInN). This penalizes the addition of extra parameters
more severely than the AIC.

Several other possible criteria have also been proposed - see Burnham and
Anderson (2002) for a general review. Note that all the criteria may not
have a unique minimum and depend on assuming that the data are (ap-
proximately) normally distributed. Although dimensionless, the arithmetic
value of a statistic like the AIC is hard to interpret unless it is first sub-
tracted from the value for the ‘best’ model. A rule of thumb is that models
having an AIC within 2 or 3 of the minimum value are ‘good’, while models
with differences greater than about 8 should be discarded. Following the
results in Faraway and Chatfield (1998), I generally prefer to use the AIC¢
or BIC. Computer packages routinely produce numerical values for several
such criteria so that the analyst can pick the one he or she likes best. The
guiding principle throughout is to apply the Principle of Parsimony, which
says ‘Adopt the simplest acceptable model’.

An alternative approach to model selection relies on carrying out a series
of hypothesis tests. Econometricians tend to favour this approach and may
test null hypotheses for such attributes as normality, constant variance,
unit roots and non-linearity. However, little will be said here about this
approach, because the author, like most statisticians, prefers to rely on
the subjective interpretation of diagnostic tools (such as the correlogram
for time-series data) allied to the model-selection criteria given above. My
reasons for this preference are as follows:

1. A model-selection criterion gives a numerical-valued ranking of all
models, so that the analyst can see if there is a clear winner or,
alternatively, if there are several close competing models.

2. It is difficult to use hypothesis tests to compare non-nested models.

3. A hypothesis test requires the specification of an appropriate null
hypothesis, and effectively assumes the existence of a true model that
is contained in the set of candidate models.

Of course, there is a real danger that the analyst will try many different
models, pick the one that appears to fit best according to one of these
criteria, but then make predictions as if certain that the best-fit model is
the true model. Further remarks on this problem are made in Section 4.

4 Data Mining

What exactly is Data Mining (DM)? Is it ‘good’ or ‘bad’? Is it ‘getting
as much as you can out of a set of data’, or ‘squeezing your data dry
and perhaps finding spurious relationships’? Typically analysts try several
models, pick the ‘best’ one, and then behave as if this was the only model
fitted. This is dangerous. For example, in multiple regression, the analyst
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may try p explanatory variables and select ¢ < p ‘significant’ variables.
If we then take (¢ + 1) as the model D.F., this disregards the fact that ¢
itself has been estimated from the data. As a result, the variance of out-of-
sample predictions will be under-estimated. There are similar problems in
hypothesis-testing when a hypothesis is generated and tested on the same
data. Problems are likely to be most serious for observational data (e.g. time
series) and least serious for designed experiments with prior hypotheses
(e.g. clinical trials).

The term DM has been around for many years and, in particular, is used in
the econometrics literature to mean data-dependent specification searches.
An alternative description is Data-Dredging, and this may be preferable
because the term DM is also used by computer scientists to denote the very
different activity involved in extracting previously unknown and potentially
useful information from databases that may be large, noisy and have miss-
ing data. This form of DM is sometimes called Knowledge Discovery
in Databases or KDD. Techniques used here include various classifica-
tion tools, neural nets, genetic algorithms, and clustering methods — see
for example Hand (1998) and Hastie et al (2001). Computing hype makes
grandiose claims, which are not always borne out by results. There are
substantial differences from DM as used in statistical model-selection. For
computer science DM, the data have often been collected electronically for
some other purpose and are often non-numerical. Datasets are very, very
large (meaning millions+). It is no longer possible to ‘look’ at all the data,
and any analysis has to be automated. It is more usual to ‘apply an al-
gorithm’ rather than ‘fit a model’. Small differences may be statistically
significant, but are they of practical importance? Is a significance test valid
anyway? Local patterns are of interest, but how do we distinguish those
that arise by chance? (e.g. Fraud detection looks for unusual patterns.)
Clearly, there is much of interest here for statisticians.

Returning to Statistical DM, or Data-Dredging, we note that it is often seen
as a rather suspect activity. However, this should really depend on how it
is applied. A possible way to describe a ‘good’ version of DM is: Trying
many different models on a set of data as a way of generating hypotheses.
However, a ‘bad’ version of DM is to try many different models on a set of
data and then behave as if the ‘best’ model is true and the only one that
has been fitted.

Surprisingly little seems to be known about the effects of data-dependent
model specification (Chatfield, 1995b). Data dredging yields models which
overfit the data and may be poor at out-of-sample predictions. Likewise
tests on hypotheses generated by the data are likely to be ‘significant’
when the same data are used for the test.
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5 Model Uncertainty

When building a model, it is easy to forget that there is probably no such
thing as a ‘true’ model (except in simulation exercises), and that all models
are tentative and approximate. Yet statistical theory typically assumes we
know the true model.

Nowadays computers let us look quickly at tens, or even hundreds of mod-
els. Thus, we effectively admit MU by searching for the ‘best’ model but
then ignore MU when making inferences. If we formulate and fit model to
the same data (the usual situation!), it is easy to show that standard the-
ory does not apply. There can be large model-selection biases, especially in
time-series modelling, and in multiple regression (Chatfield, 1995b). Sta-
tisticians are much more familiar with two other sources of uncertainty,
namely parameter uncertainty, assuming the model is known, and unex-
plained random variation. In my experience, uncertainty arising from esti-
mating parameters is usually much less important than uncertainty about
the model structure, but gets far more attention. Structural uncertainty
can arise, not only through incorrect model selection, but also because the
underlying model is changing through time, or because there is no ‘true’
model anyway. One immediate consequence of model uncertainty is that
out-of-sample forecasts generally have poorer accuracy than expected from
within-sample fit.

Some alternatives to trying to pick a ‘best’ model are to combine several
plausible models, to fit different models to different parts of data or to
use a model whose parameters are allowed to adapt through time. Further
details on the effects of model uncertainty, and ways of dealing with it, are
given by Chatfield (1995b; 1996; 2001, Chapter 8).

6 Postscript

My most recent large-scale modelling exercise (Zidek et al, 2003), on ex-
posure to air particles (PM;jg), has been very different to my previous ex-
perience in time-series analysis. Much of the model was pre-specified from
environmental considerations and the major effort was in collecting, and
handling fairly large datsets (for example one year’s hourly observations
gives 8760 observations). From bitter experience, here are some tips. (1)
There will be data peculiarities; (2) Check the first and last lines of the data
carefully; (3) Check there are the right number of lines of data; (4) Check
the effects of changing to summertime - if one day has 25 observations, this
can ruin the analysis! Dealing with practical modelling problems like this
is at least as important as understanding relevant theory.
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Abstract: Frequentist model averaging estimators are studied using large-
sample likelihood methodology. Limiting distributions of post-model selection
estimators and of estimators averaged across models are obtained. A study of
limiting risk of the estimators is performed. An unbiased estimator of the limit-
ing risk leads to a focussed information criterion, the FIC, for model selection.

Keywords: Model averaging estimators; Model information criteria; Variable
selection.

1 DMotivation

The traditional use of model selection methods in practice is to proceed as
if the final selected model had been chosen a priori, without acknowledging
the additional uncertainty introduced by the model selection step. As a
consequence, coverage probabilities of confidence intervals conditional on
the selected model will often be much smaller than the nominal coverage
probabilities and variability might be underreported.

We discuss the topic of post-model selection and of frequentist model av-
eraging estimators and their asymptotic distributions. Existing results are
extended in several directions. We obtain risk properties of estimators-post-
model selection as well as of estimators averaged across models, and take
modelling bias explicitly into account. Our methodology is applicable to
any model selection mechanism and to general modelling settings, which
include regression models and generalized linear models.

The model averaging work naturally leads to a new class of model selection
criteria which put special focus on the parameter singled out for inference.
This leads to a focussed or concentrated information criterion.

For more information and details we refer to Hjort and Claeskens (2003)
and Claeskens and Hjort (2003).
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FIGURE 1. Coverage probability when ignoring a model selection step in AIC
model choice between four models, as a function of location in a local alterna-
tive model space. The nominal coverage probability is 95%, while the minimum
obtained coverage value equals 0.748.

2 Post-model Selection Estimators

The need to study the asymptotic behaviour of estimators after model
selection is clearly illustrated when considering coverage probabilities. Fig-
ure 1 shows the coverage deficiency when ignoring a model selection step in
further inference for Akaike’s information criterion AIC choosing between
four models: model (1) is the minimal model, models (2) and (3) each add
one extra variable to the minimal model and model (4) adds both of these
variables. The intended nominal coverage probability is 95%.

The key to derive properties of post-model selection estimators is that these
estimators can be considered as special cases of estimators averaged across
models. Consider a collection of possible models. Using the data at hand, a
model selector will pick a single one of these models, for example that model
with best predictive qualities or smallest distance to the in some sense
true model. We can write the post-model selection estimator as a weighted
average of the estimator of y in the different models under consideration,
where the random weight function is one if this model is the one selected by
our data-dependent selection criterion, and is zero otherwise. Particularities
of the specific mechanism, such as for example AIC or BIC, are contained
in this indicator function. Post-model selection estimators are a substantial
motivation to study frequentist model averaging estimators in general.
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3 Frequentist Model Averaging

When interest is in finding a best parameter estimate, and not as much
in model selection, an interesting area is frequentist model averaging. A
general class of model averaging estimators weights estimators in different
models by, typically, data dependent weights, summing to one. Note that
the class of model average estimators includes the post-model selection
estimators as a special case. A general model averaging estimator, however,
bypasses the model selection step.

From a frequentist perspective, not many results are known about model
averaging, however, see Hjort and Claeskens (2003). This is in contrast to
the Bayesian literature, where many methods have been discussed, partly
focussing on algorithmic matters. In Bayesian model averaging, priors are
put on all of the models under consideration. Here we take a purely non-
Bayesian approach to the problem.

As a main result we obtain the limiting distribution of the model averaging
estimators, which is a suitable convex mixture of Gaussian random vari-
ables, of which the mixing coefficients are largely determined by the choice
of weights. The asymptotic distribution of the estimators is obtained in the
local misspecification framework where the true parameter is at a distance
1/4/n from the parameter used in our models. This encompasses for each
subset model the possibility that this particular submodel is correct and
the others incorrect. We obtain expressions for the limiting mean squared
error of the model average estimators in this setting. The limiting distribu-
tion of model averaging estimators also leads us to expressions for the real
coverage probability of confidence intervals when the model uncertainty
is ignored, this to learn about how much can be lost in the traditional
approach. We used this methodology to obtain Figure 1 presented above.
Since the correct limiting distribution is non-normal, we need formulae
for constructing asymptotically correct confidence intervals. These formu-
lae can be derived from the limiting distribution, see Hjort and Claeskens
(2003) for details.

4 Parameter Adaptive Model Selection

Asymptotic expressions for risk functions of model averaging and post-
model selection estimators are a function of the estimated parameter. This
poses the question of whether model selection criteria can and should be
made parameter adaptive. While model selection criteria such as AIC and
BIC, along with several variations, aim at selecting a single model with good
overall properties, none of these methods is concerned with the actual use
of the selected model, which varies with application and context. A model
which gives good precision for one estimand might be worse when used for
another estimand. This indicates that improvement might be possible if
focus is restricted to the selection of a model for a specific parameter.
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FIGURE 2. Asymptotic risk of the model selection criteria (i) AIC and (i) FIC,
the focussed information criterion, for model selection amongst four models. Risk
1s depicted as a function of location in the local alternative model space.

We construct an unbiased estimator of the asymptotic risk expression which
leads to a new type of model selection criterion which focusses on the
parameter of interest. The framework is that of large-sample likelihood
inference. We investigate properties of this new criterion and discuss some
connections to the AIC. Figure 2 shows the different behaviour in risk for
(i) AIC model selection amongst 4 models (see earlier) and (ii) selection
using the focussed information criterion FIC.

5 Applications

A first application is averaging over logistic regression models. The data
contain information on factors that might influence the birth weight of
babies. The classical AIC and BIC criteria do not select the same model
for these data. Interest is in estimating the probability of low birth weight
for babies of the average ‘white’ and ‘black’ mothers, and for the ratio
of these two probabilities. The focussed information criterion is applied to
select a model for each of these parameters of interest and suggests different
variables to be included for the different parameters. Note that both AIC
and BIC provide only one best model, ignoring the focus parameter. Further
we apply several model averaging strategies to estimate these parameters
along with standard deviations and confidence bounds.

A second application consists of averaging over covariance structure mod-
els. We use data from the Adelskalenderen of speedskating, which lists the
best speedskaters ever, as ranked by their personal best times over the four
distances 500, 1500, 5000 and 10000 m. The correlation structure of the
4-vector of times is important when relating performances on the different
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distances. We illustrate how models for the covariance structure are av-
eraged to form estimators of quantities of interest. Also here, our theory
provides methodology to obtain standard errors and confidence intervals.
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Abstract: Proportional hazards models with random effects (frailties) have been
the focus of the research on methods of analysis of multivariate failure-time data.
Several estimating methods have been proposed to tackle the problem of the
estimation of the parameters (Xue and Brookmeyer, 1996; Vaida and Xu, 2000;
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algorithm, in which the Laplace approximation is used at the E-step is presented
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study.
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1 Introduction

Proportional hazards models with random effects (frailties) acting mul-
tiplicatively on the baseline hazard have been the focus of the research
on methods of analysis of multivariate failure-time data for a long time.
Initially, the research concentrated on univariate (shared) frailty models.
The models have some limitations. Therefore, multivariate frailty models
have started to attract some attention. Several estimating methods have
been proposed to tackle the problem of the estimation of the parameters
(Xue and Brookmeyer, 1996; Vaida and Xu, 2000; Ripatti et al, 2002). In
this paper an alternative fitting approach is considered. It is based on a
modification EM algorithm, in which the Laplace approximation is used
at the E-step. We consider clustered failure-time data with N clusters.
The failure-time variable corresponding to subject j (i = 1,...,n;) from
cluster i (¢ = 1,...,N) is denoted by T;;. It is assumed that observations
of Tj; can be right-censored. Thus, for subject j in cluster i, we observe
Y:; = min(Cy;,T;;), where Cj; is a random censoring time independent of
T;;. Additionally, a censoring indicator ¢;; is observed, with §;; equal to 1
if V;; = Tj;, and 0 if Y;; = Cj;. The following mixed-effects proportional
hazards model for T;; is considered:

Atij|Bi,bi) = Xo(ti) exp(x];8; + 25b4),
91
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where A\g(¢) is the baseline hazard function, §; is a vector of cluster-specific
fixed-effects corresponding to a vector of covariates z;;, and b; is a vector
of random effects associated with a vector of covariates z;;. The b; are
assumed randomly distributed with mean 0 and variance-covariance matrix
D = D(0). The density function of b; is denoted by f(t). Its specification
is not necessary at this point; later on we will assume that it corresponds
to a mean-zero multivariate normal distribution.

The estimation of the parameters 3; and 6 from the observed data on
T;; is our main interest. Assuming the conditional independence of the
observations given b;, one might write the (conditional) log-likelihood for
the observed data in the ith cluster:

Li(Bis Xolbi) = Z{5ij log Ao(ti;) +27; B+ 25b:] — Ao (tis) exp(a]; Bi+2;bi) .
j=1

The (marginal) likelihood of the observed data for all clusters can then be
expressed as follows:

N
L(6::0. ) = [T [ £1(5:.6.70.5)b (1)
=1
where .
L (85,0, Ao, bs) = [ [ P20 £ (bs, D(B)). (2)
=1

Note that (2) can be treated as the likelihood of the “augmented” data for
cluster i, treating b; as additional observations. Consequently,

N
L*(5797)‘05b) :HL:(ﬁiaea)‘07b’i)7 (3)

i=1
is the likelihood of the “augmented” data for all clusters, with 3 and b

denoting vectors resulting from “stacking” vectors §; and b;, respectively,
for all clusters.

2 The EM Algorithm and Issues in the
Implementation

The EM algorithm consists of two steps: the E-step and the M-step. Start-
ing from initial values of parameters §;, # and Ay, the algorithm iterates
between the E-step, and the M-step. The algorithm is iterated until con-
vergence is reached.

At the E-step the expectation of the logarithm of the likelihood (3), con-
ditional on the observed data and the current values Bi, 6 and Xo of pa-
rameters §;, @ and )\g, is required. The expectation will be denoted by
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Q(Bi, 0, \o). Tt appears that it can be expressed as:

Q(Bi, 0, X0) = Q1(Bi, Mo) + Q2(0), (4)

where Q1(0;, o) is equal to:

N N4
SO S {6i5llog Mo(tiy) + 2Ty B+ 2FE(b:)] — Ao(ty) exple B +log E(e57)]}
i=1 j=1

and
N

Qa(60) = 3 Ellog /()

with E(.) denoting expected values (conditional on the observed data and
the current values of the parameters).

In the M-step, new estimates Bl and 6 are found by maximizing the func-
tions )1 and ()2, respectively. The use of the EM algorithm, as described
above, is complicated by the need to compute the conditional expected
values at the E-step. The expectations involve integrals of the form

Blolh [ g(b;)eli(Bi-holb)+log f (b::D (D)) g,
{o(b)} = [ eli(Biholbi) +Hlog [ (b::D(O) gp;

K2

(5)

Usually, they will not be available in a closed-form. To compute them, Xue
and Brookmeyer (1996) proposed to use numerical integration. Vaida and
Xu (2000) and Ripatti et al (2002) proposed to use MCMC methods. An al-
ternative solution, not yet considered in the literature, is to use the Laplace
approximation (Evans and Swartz 2000). Using the Laplace approximation,
it can be shown that the integrals (5) can be approximated by

E{g(bi)} =~ g(i)z) ) (6)
where b; is an isolated global maximum of

K(b) = = l(Bi, Jolb) + log £ D@} (7

Though computing the approximation requires finding the maximum of
the function K (), it is numerically less demanding than, e.g., numerical
integration or MCMC sampling.

The variance covariance matrix of the solution (BZ, 5\0, é) obtained from the
EM algorithm, can be estimated using the inverse of the observed Fisher
information matrix. The latter matrix can be computed by the formula
developed by Louis (1982).
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3 Application and Simulation Study

A practical application is considered in the context of the validation of sur-
rogate endpoints. Two datasets, coming from multiple randomized cancer
clinical trials, are analyzed. The first one includes data from two multicenter
trials in advanced colorectal cancer, aiming at the evaluation of the benefits
of experimental fluoropyrimidine treatments vs. the use of 5-fluorouracil
(5FU). The second data set contains four randomized multicenter trials
in advanced ovarian cancer. The trials compared the treatment with cy-
closphosphamide plus cisplatin vs. the treatment with cyclosphosphamide
plus adriamycin plus cisplatin. To assess the validity of disease-free survival
time (S;;) as a surrogate for overall survival time (7};), the following pro-
portional hazards model, with center-specific, random treatment effects bg;
and br; and unspecified baseline hazards \g; and Ap; (stratified by center),
is fitted to each of the data sets:

Asij(ij|Bsi, bsi) = )\Sz‘(Sij)ezgﬁSﬁZgbs", (8)
Arij(ti|Briybri) = Api(tyy)etoPritZibri 9)

Note that in (8)—(9) ¢ and j denote the center and the patient, respectively,
and Z;; is a binary covariate indicating the treatment group. The random
treatment effects bg; and br; are assumed to follow a mean-zero bivariate
normal distribution. The parameter of interest is the square of the correla-
tion between the random treatment effects, as it is related to the precision
of the prediction of the treatment effect on the true endpoint 7' from the
effect on the surrogate S. The results obtained from model (8)—(9) are com-
pared to those obtained by Burzykowski et al (2001) using copula models.
In general, the point estimates of the parameter of interest are comparable,
while the estimates of the standard error are smaller for model (8)—(9).

A simulation study, in which clustered bivariate failure-time data are gen-
erated under a model similar to (8)—(9), but with non-stratified baseline
hazards and correlated random intercepts instead of the random covariate
effects. Several configurations of the parameters of the simulation model
are considered, allowing for the investigation of the performance of the
proposed estimation method in function of the number of clusters, the
number of subjects per cluster, the percentage of censored observations,
the variances and the correlation associated with the random effects. The
following results of the simulations, pertaining to the estimation of the
variance-covariance structure of the random effects, are observed:

e the correlation between the random intercepts is underestimated,
while their variances are overestimated;

e the absolute relative bias in the estimates of the variances and the
correlation depends on the cluster size n;: it is around 20 —30% when
n; = 20, and drops below 10% when n; > 50;
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e there is almost no effect of the number of clusters N on the absolute
relative bias of the estimates of the correlation;

e the absolute relative bias of the estimates for the variances decreases
with V; for N = 10,20 underestimation is observed, while for N =
50,100 an overestimation appears.

e the absolute relative bias for the correlation increases with the mag-
nitude of the correlation;

e 20% of censoring slightly increases the bias;

e in general, the use of the observed Fisher information matrix, com-
puted by the method of Louis (1982), leads to only a slight underes-
timation of the standard errors of the estimated parameters.

4 Concluding Remarks

In summary, one may conclude that the proposed method of the estimation
of proportional hazards models with random effects does offer an advantage
in terms of the numerical complexity, as compared to the other proposals
based on the EM algorithm (Xue and Brookmeyer, 1996; Vaida and Xu,
2000; Ripatti et al, 2002). Due to the asymptotic nature of the Laplace ap-
proximation, however, the proposed method does require sufficient amount
of data per cluster to provide reasonable results.
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Abstract: Eilers & Marx (1996) used P-splines to smooth one-dimensional count
data with Poisson errors. In this paper we consider the extrapolation problem
and show that P-splines are well suited to extrapolating in both one and two
dimensions. The role of the order of the penalty is highlighted. We illustrate our
remarks with the analysis of a large set of mortality data indexed by age of death
and year of death.

Keywords: Mortality; P-splines; Extrapolation; Smoothing; Two-dimensions.

1 Introduction

The method of P-splines (Eilers and Marx, 1996) is now well established
as a method of smoothing in generalized linear models (GLMs). A succinct
summary of the method is: (a) use B-splines as the basis for the regression,
and (b) modify the log-likelihood by a difference penalty on the regression
coefficients. Wand (2003) gives a most useful overview which highlights the
wide class of models that can be fitted with the P-spline approach.

Durban, et al (2002) introduced a two-dimensional P-spline model for Pois-
son data in which the regression matrix was defined in terms of the Kro-
necker product of the regression matrices of two one-dimensional P-spline
models. The present paper shows that P-splines provide a natural method
of extrapolating the fitted mortality rates forward in time. The role of the
order of the penalty is shown to be of particular importance. We illustrate
our remarks with the analysis of the same set of mortality data as our 2002

paper.
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2 Description of the Data

The failure to predict accurately the fall in UK mortality rates from the
1970s to date has had far-reaching consequences for the pensions and an-
nuity business of the UK insurance industry. The Continuous Mortality
Investigation Bureau (CMIB) has responsibility for monitoring and pre-
dicting mortality rates. In this paper we consider one of the CMIB data
sets, namely that for male assured lives. For each calendar year (1947 to
1999) and each age (11 to 100) we have the number of years lived (the expo-
sure) and the number of policy claims (deaths). We use a Kronecker prod-
uct P-spline model (Durban, et al., 2002) and a system of prior weights to
predict mortality rates for 1975-1999 using the data from 1947-1974. The
comparison between the observed rates for 1975-1999 and our predicted
rates provides a good test of our method.

3 Extrapolating Mortality Tables

Our data consists of two matrices, Y and E, whose rows are indexed by
age (here 11 to 100) and whose columns are indexed by year (here 1947
to 1999). The matrix Y contains the number of claims (deaths) and the
matrix E contains the exposures. Thus R = log(Y /E) is the matrix of
raw log hazards. Durban, et al (2002) showed how to smooth R by using a
2-dimensional extension of the P-spline model of Eilers and Marx (1996).
The smoothing is achieved by using a penalized generalized linear model
(PGLM) for Y with Poisson errors and appropriately defined regression
and penalty matrices.

We define the regression matrix in terms of the Kronecker product of two 1-
dimensional regression matrices. Let B, = B(x,), N4 X ¢q, be a regression
matrix of B-splines based on the explanatory variable x,; in our example,
!, = (11,...,100) so n, = 90 and ¢, is typically about 20. Similarly, let
B, = B(xzy), ny X ¢y, be a regression matrix of B-splines based on the
explanatory variable ,; in our example, x; = (1947,...,1999) so n, = 53
and ¢, is typically about 10. The regression matrix for our 2-dimensional
model is the Kronecker product

B =B, ® B,. (1)

This formulation assumes that the vector of observed claim numbers y =
vec(Y'), (this corresponds to how Splus stores a matrix). Note that B has
neny rows and cqc, columns, so is typically 4770 by 200. The model is, at
present, a standard GLM: y = pu + € where log u = log e + Ba and loge,
e = vec(E), is the usual offset in a log linear model for mortality data.

This regression model will usually be over-parameterized (len (a) ~ 200) so
we introduce a penalty on a. (Durban, et al, 2002) show that an appropriate
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penalty matrix is

P=X\I.,®D,D,+\D,D,®1I,., (2)

Cy
where I, is an identity matrix of size ¢, and D, is a difference matrix
with dimension (¢, — pq) X ¢, wWhere p, is the order of the penalty on age;
similar definitions apply for I, and D,. For given values of the smoothing
parameters A\, and )y the model is fitted by penalized likelihood and the
penalized version of the scoring algorithm

(BWB + P)a=BWBa+ B (y— ). (3)

Here, a, fi and W = diag(ft), the diagonal matrix of weights, denote
current estimates, and a denotes the updated estimate of a; additionally,
logp = loge + Ba, the canonical link. Finally, the smoothing parame-
ters can be selected by optimising with respect to the Akaike Information
Criterion (AIC) or the Bayesian Information Criterion (BIC), for example.
We perform extrapolation with the following simple device: we define a
weight matrix V' = blockdiag {I, 0} where I is an identity matrix of size
nany, and 0 is a square matrix of 0’s of size n4(ny, —ny, ). We have in mind
using n,, years of data as a training set and extrapolating the remaining
ny — Ny, years. Alternatively, we can take I to have size n,n, and extrap-
olate into the future. To accommodate the weight matrix V' we modify the
scoring algorithm (3) as follows:

(BVWB + P)a=BVWBa+B'V(y—f1) (4)

where any unknown values in y and e can be given arbitrary values.
Example: We illustrate our methodology by using the 1947-1974 data to
predict the 1975-1999 rates. Figure 1 shows the fitted and extrapolated
log(mortality) values for ages 35 and 60. The fit used cubic B-splines and
second order difference penalties; the smoothing parameters were chosen
using BIC. Confidence intervals are also included and we note that the
observed rates for 1975-1999 for both ages are comfortably within their
respective 95% confidence funnels.

4 The Role of the Order of the Penalty

In the previous section we used a quadratic penalty, p, = py = 2. In this
section we examine the conventional wisdom that the order of the penalty
has only a small effect on any smoothed values. Figure 2 shows the results
of fitting and extrapolating using first order (p, = p, = 1), second order
(pa = py = 2) and third order penalties (p, = py = 3). We make two
comments: first, the order of the penalty has no discernible effect on the
smooth of the training data; second, the order of the penalty has a dramatic
effect on the extrapolated values. In this paper we have concentrated on
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FIGURE 1. Observed, fitted and extrapolated log(hazard) with 95% confidence
intervals for pa = py = 2. Left panel: age 35, right panel: age 60.

the 2-dimensional problem but it is clear from (4) that the method can be
applied in 1-dimension. In this case it can be shown that the extrapolation
works by extrapolating the regression coefficients and these extrapolations
are constant, linear or quadratic depending on the order of the penalty. This
result is approximately true in 2-dimensions, as is evident from Figure 2. We
make some further comments on this property in our concluding remarks.

5 Conclusions

The failure to predict accurately the fall in mortality rates has had far-
reaching consequences for the UK pensions and annuity business. What
comfort can be drawn from the results presented in this paper? We compare
the predicted mortality rates from 1975-1999 with the observed rates over
the same period and draw two main conclusions.

First, the predicted rates are higher than the observed rates for nearly
all ages. Visual inspection of the observed rates suggests that it is unlikely
that the sharp fall in mortality that occurred from the 1970’s to the present
could have been predicted back in the 70’s.

Second, from 1975 to date, the observed rates lie at about one standard
error below the predicted rates and are comfortably within the confidence
funnel of the predicted rates. In view of the variation in the mortality rates
observed before 1975 this suggests that a prudent course is to allow for this
variation by discounting the predicted rates by a certain amount. If this
discount had been set at one standard error then the resulting ‘prudent’
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FIGURE 2. Observed, fitted and extrapolated log(hazard) for pa = py =1, 2 and
8 in turn. Left panel: age 85, right panel: age 60.

predictions would have been very close to what actually happened. Our
view is that some such discounting procedure is the only reasonable way of
allowing for the uncertainty in these, or indeed any, predictions.

We also make two general remarks on our method. First, we emphasise
the critical role of the order of the penalty, pord. The choice of the order
of the penalty corresponds to a view of the future pattern of mortality:
pord = 1, 2 or 3 corresponds respectively to future mortality continuing at
a constant level, improving at a constant rate or improving at an acceler-
ating (quadratic) rate. We not only used BIC to choose the values of the
smoothing parameters for given value of pord we also used BIC to choose
the value of pord; the preferred value of pord was 2 and this was used to
produce Figure 1.

Second, in this paper we have been concerned with extrapolation forward
in time. However, the method is quite general. In one dimension we can
extrapolate both forward and backward while in two dimensions we can
extrapolate a rectangular data set in any direction. All that is required are
the regression and penalty matrices, and the appropriate weight matrix.
The extrapolation is then effected by (4).
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Abstract: We discuss in this paper the problem of testing equality and inequality
constraints in univariate elliptical linear regression models. First, the problem of
testing the linear equality hypothesis Hy : C8 = d against the linear inequality
hypothesis Hi : CB > d, with at least one strict inequality in H; (case 1)
and then, Hy : CB8 > d against Hy : 3 € IR’ — Hy (case 2). This class of
models includes all symmetric continuous distributions, such as normal, Student-
t, Pearson VII, exponential power and logistic, among others. It is commonly
used for the analysis of data containing influential or outlying observations with
responses supposedly normal. Iterative processes for evaluating the parameters
under equality and inequality constraints are presented. Under regular conditions
the expressions of the statistics for three asymptotically equivalent statistical tests
as well as their asymptotic null distribution are given. An illustrative example
with presence of influential observations on the decisions from the statistical tests
of different elliptical models is presented. The robustness aspects of such models
are discussed.

Keywords: Hypothesis testing; Symmetric distributions; Multivariate one-sided
tests; Restricted estimation; Robustness.

1 Univariate Elliptical Linear Models

Let ¢;,i=1,...,n, be independent random variables with density function

of the form )

feile) = \/59{(6/\/5) 1, e€ R, (1)

where ¢ > 0 is the scale parameter, g : IR — [0, 00] is such that [~ g(u?)du
< o00. We shall denote ¢; ~ EI(0,¢). The function g(.) is called density
generator (see, for example, Fang, Kotz and Ng, 1990). Consider the linear
regression model

yi:uiJrei,i:l,...,n, (2)
where p; = xI'8, xI' = (z41,...,%in)T contains values of p explanatory
variables, y1, . . ., yn are the observed response values, and 3 = (01, ..., ﬁp)T
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is the parameter vector. The model defined by (1)-(2) is called univariate
elliptical linear regression model. A joint iterative process to find the un-
restricted estimates 3 and ¢ is given by

ﬁ(r—i—l) _ {XTD(V(T))X}—1XTD(V(T))y and (3)
1
B = QB FY), forr=0,1,..., @

where Q,(8) = (y — XB)TD(v)(y — XB), D(v) = diag{vy,...,v,}, v; =
—2Wy(u;), u; = (yi — x{B)%/¢ and Wy(u) = g'(u)/g(u) with g(u) =
0g(u)/0u. We should start the iterative process (3)-(4) with initial values
B and ¢,

2 Restricted estimation

2.1 Equality Constraints

Suppose first we are interested in estimating the parameter vector 3 under
k linearly independent restrictions CJTﬁ —d; =0, where C;, j =1,...,k,
are p x 1 vectors and dj, j = 1,...,k, are scalars, both known and fixed.
The problem here is to maximize the log-likelihood function L(€) subject
to the linear constraints C8 —d = 0, where C = (CT,...,CF)T and
d = (dy,...,d)T. Similarly to Nyquist (1991), that investigated this kind
of problem in generalized linear models, we shall apply the methodology of
penalty functions by considering a quadratic penalty function. The result-
ing iterative process is given by

ﬂO(T+1) — {XTD(V(T))X}—leD(V(T))y + {XTD(V(’!))X}—lcT X
-1
[C{XTD(VW)X}*CT} x
[d- C{X"D")X} X DV )y] (5)
forr =0,1,..., where ¢("*1 is obtained from (4). The authors have devel-

oped a library in S-Plus and R to fit univariate elliptical linear models based
in some distributions and the iterative process (3-5) and more, some diag-
nostic graphics. This library is available in the web page www.de.ufpe.br
/~cysneiros/elliptical/elliptical.html.

2.2 Inequality Constraints

The problem of maximizing log-likelihood functions restricted to linear in-
equality parameter constraints C3 — d > 0 have been investigated by
various authors (see, for instance, Robertson, Wright and Dykstra, 1988
and Fahrmeir and Klinger, 1994). Our primary interest is to obtain the
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maximum likelihood estimate of 3, denoted by B, in model (1) subject
to the constraints C3 — d > 0; that is, we want to solve the problem
max;cg_a>0} L(B,#). We can apply the Kuhn-Tucker conditions to at-
tain the restricted maximum. These conditions are equivalent to finding B
from a searching procedure which consists in maximizing L(3, ¢) subject
to C]-T,@ —d; =0, j€l, foreach I C {1,...,k}. The inequality-restricted
problem reduces to a equality-restricted problem that may be solved by
the procedures given in Section 2.1.

3 One-sided Tests

3.1 Casel

We shall consider in this section the problem of testing the hypotheses
Hy : C3 = d against H; : C8 > d, with at least one strict inequality in
H;. The usual statistics likelihood ratio, Wald and score take, in this case,
the forms

o (b)) o{(yi — xI'B)2/$) H
EL = 2|=lo —— | + lo 0 N )
3 lQ g<¢> 2 g{g{@i—x?ﬂ 2/ 0}

G = *(CB- A (OXTX)ICT} (OB - d) and

sp = %{Uw“,é@ — Up(B, )} (XTX) " {UL(B’, do) —
Us(B,9)},

respectively, where d, = E{W2(Z?)Z*} with Z ~ El(0,1) and Ug(8, ¢) =
%XTD(V)(y —X/3). In addition, suppose the parameter space of 3 is open.
Under the regular condition given in Gourieroux and Montfort (1995, Sec-
tion 21.3) it follows that the statistics {1, g, éw and £sgr are asymptotically
equivalent as a mixture of chi-square distributions, namely

k
Pr{éLg > c} = Zw(kz,f; A)Pr{x? > c} +o(1), (6)
(=0

where ¢ > 0, A = CKEB1 CT Kgs = %(XTX), X2 denotes the degenerate
distribution at the origin and w(k, ¢; A)’s are known as level probabilities
which are expressed as functions of correlation coefficients associated with
the matrix A. These correlation coefficients are the minimum information
necessary to compute the asymptotic null distribution given in (6) because
w(k, ¢; A) depends on A only through its correlation matrix. Examining the
expression of Kgg we can conclude that w(k, ¢; A) does not depend on 3.
Then, the distribution given in (6) is unique and consequently invariant in
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the elliptical class. This property rarely occurs in other classes of regression
models such as generalized linear models (see, for instance, Paula and Sen,
1995).

3.2 Case 2

Now, we shall consider the hypotheses H; : C3 > d against Hy : 3 €
IR? — H,. In this case, the usual statistics likelihood ratio, Wald and score
take the forms

e _ o TA)Q/GB}
€ [ 1g< >+;1g{ )/qs}H
€, = 4; (CB—CB) {Cc(XTX)"'cT} 1 (CB - CB) and

Gn = U0 (XX ULB.0)"

An important asymptotic result observed in the last section is the lack of
functional dependence of A = CKEB1 CT on B. The main consequence of
this fact is that the asymptotic null distribution of £§ 5, &}, and £&p for
the purpose of testing H; against Hs, is uniquely determined and given by

k
Prigip >ct = wlk.k—0;A)Pr{x} > c} +o(1). (7)
£=0

4 Example

We shall reanalyze in this section the example discussed by Ramanathan
(1993) on a study in which seven variables were observed in 40 metropolitan
areas. The main interest is on regressing the number (in thousands) of
subscribers with cable TV (Y') against the number (in thousands) of homes
in the area (X7), the per capita income for each television market with cable
(X32), the installation fee (X3), the monthly service charge (X4), the number
of television signals carried by each cable system (X5) and the number of
television signals received with good quality without cable (Xg). Because
Y corresponds to count data we shall use a square root transformation in
order to stabilize the variance of Y. Then, we shall propose the model

6
VI=Po+ Y Bmiit e =140,

j=1

where €; ~ FEl(0,¢) are mutually independent errors. In addition, it is
reasonable to assume some constraints. For example, it is expected that the
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number of subscribers decreases as the monthly service charge increases,
which leads to the restriction 8, < 0. Following the same idea for the
remaining variables one has the constraints 51 > 0,82 > 0,05 < 0,85 >0
and B < 0. Applying one-sided t tests we can notice indications that
the coefficients (2, B3 and (4 seem to be individually equal to zero, at
the significance level of 5%, while some doubt appears for the coefficient
Bs whose p-value is about 3%. The remaining coefficients 3; and (g are
highly significant in the direction of the constraints. Thus, in order to
assess if the four coefficients B2, B3, 84 and (5 are jointly equal to zero, we
apply the statistical tests defined in Sections 3.1 to assess the hypotheses
Hy: (s =03 =04 = 05 =0 against Hy : 82 > 0,03 < 0,84 < 0 and
b5 > 0, with at least one strict inequality in H;. Our main conclusion of this
example based on diagnostic methods is that the transformation vY seems
to stabilize the variance of the responses, but the Student-t with 6 degrees
of freedom, exponential power and logistic-IT models are less influenced by
the outlying observation 14 than the normal model. The one-sided tests
based on these three fitted models indicate for the rejection of the null
hypothesis at the significance level of 5% while under the normal model
the rejection of the null hypothesis becomes evident only after dropping the
outlying observation 14. However, the Student-t model seems to be more
robust against the influential observation 1 than the other three models.
Continuating the selection procedure the Student-t model appears as the
best fitted model.

Acknowledgments: The first author received financial support from
CAPES and the second author was supported by FAPESP and CNPq,
Brazil.
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Abstract: In this paper we consider historical volatilities at several time scales
measured by different ways, from standard deviations to ranges. Then we mod-
elling it by Generalized Inverse Gaussian distribution (GIG)and GIG mixtures
of Gamma distributions. If the basic model setting applies for an asset, then we
have to observe a Gamma distribution for sample variance on its returns. Gamma
distribution are included in GIG and testing Gamma is a way to check departures
from basic hypothesis.
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1 The Problem

The volatility is one of the most fundamental concepts in finance. It has
a major role in risk management and in pricing derivatives. However, it is
difficult to obtain a satisfactory estimation for this quantity . The problem
arises because the basic model for assets returns assumes constant volatili-
ties and the empirical evidence shows its evolution on time. Several ways are
usually considered to measure volatilities: historical volatilities, Black and
Scholes implied volatilities, stochastic volatility models, GARCH models...
In this paper we consider historical volatilities at several time scales mea-
sured by different ways, from standard deviations to ranges. Then we try
to modelling it by Generalized Inverse Gaussian distribution (GIG). If the
basic model setting applies for an asset, then we have to observe a Gamma
distribution for sample variance on its returns. Gamma distribution are in-
cluded in GIG and testing Gamma is a way to check departures from basic
hypothesis.

GIG is a family of infinitely divisible and self-discomposable distributions,
hence it is an appropriate model for sums of positive independent and
identically distributed random variables and it is compatible with autore-
gresive models. GIG provides useful models for volatilities, in the context of
Lévy processes, and it include many submodels of practical interest: The
Gamma model for volatilities, introduced in Madan and Seneta (1990);
the positive hyperbola distributions, introduced by Eberlein Kelly (1995)
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FIGURE 1. 60-day historical volatility estimates

and the normal inverse Gaussian, introduced by Barndorff-Nielsen (1997).
Another relevant submodel of GIG is the reciprocal Gamma family with
heavy tailed distributions. All these models are submodels of GIG an can
be tested by likelihood ratio test, but the Gamma and reciprocal Gamma
distributions appear at the boundary of the family and we face the problem
of testing hypothesis in non-regular exponential models.

2 Data Set

The Spanish IBEX-35 index is a value-weighted index comprising the 35
most liquid Spanish stocks traded in the continuous auction marked sys-
tem. The official derivative marked for risky assets, which is known as
MEFF, trades futures contract on the IBEX-35. Trading in derivative
marked started in 1992.

For this paper, our data basis is comprised of a time series of daily observed
high, low, open and close prices for the IBEX-35 index during the period
January 14, 1992 through February 28, 2001.

Figure 1 shows the rolling ’60-day historical volatility estimates’ that ap-
pear to indicate that volatility is changing in some persistent manner over
time.
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3 The Model: GIG

A generalized inverse Gaussian random variable, © ~ GIG(A, x,¥), has
probability density function

. _ (¢/X)A/2 A—1—L(X4ya)

flzs A x, ) QK)\(\/W)I e , x>0 (1)
where K, is the modified Bessel function of the third kind with index A. A
complete study of the GIG distribution is given in Jorgensen (1982).
A special case is the inverse Gaussian distribution (A = f%) which arises
as the distribution of the first passage time in a Brownian motion with
positive drift. The GIG is an exponential model with boundary parame-
ters. On the boundary appears the Gamma distribution (xy = 0, A > 0)
and the reciprocal Gamma (¢ = 0, A < 0). For testing Gamma against
GIG the parameter of interest x belongs on the boundary under the null
hypothesis. The same situation occurs to test Reciprocal Gamma against
GIG. Hence we only consider A > 0 since x ~ GIG(\, x, ) if and only if
71~ GIG(=), x, ).

4 Main Results

From empirical point of view, it is easily rejected that the estimated volatil-
ity follows a Gamma distribution. When GIG distributions are used as a
model for volatilities the estimations suggest heavy tailed distributions, as
reciprocal Gamma. Moreover, we find a high degree of correlation between
return-based and range-based volatility estimates. Then in many places
ranges, that are more available in daily financial data, can be used to com-
pare volatilities.

Assuming the GIG model for volatilities and assuming they are locally
constant, the distribution of the corresponding return-based estimates is a
mixture of Gamma distributions with probability density function

?)%1177)( P .
r(2)Kx (\/X_ib) (X+mx)7§+% K)‘_l_? (\/’lﬁ(x +mac)) . (2)

Specially relevant results are obtained on high order properties on testing
hypothesis in non regular exponential models that have boundary parame-
ters. The standard regularity conditions do not always work. This fact is
closely related to steepness and to the existence of moments of the limit
distribution. Testing Gamma or reciprocal Gamma against GIG are exam-
ples of this situation. Other examples of interest are conjugate families of
non-negative random variables without moments generating function, test-
ing exponentiality against singly truncated normal distribution (Castillo
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and Puig, 1999-a) and several situations in reliability theory and survival
analysis, see Castillo and Puig (1999-b).

We show that the results of Jensen (1992), on high order properties for
likelihood ratio test, can be extended together with the results of Self and
Liang (1987) on asymptotic properties for likelihood ratio test under non-
standard conditions.

5 Conclusions

1. The constant volatility model for asset returns is clearly regected from
empirical evidence.

2. By using a GIG model for volatilities, heavy tailed distributions are
suggested.

3. The distribution of sample variance for a GIG mixture of locally
constant volatility models is obtained.

4. We prove that saddlepoint methods can be used to improve the like-
lihood ratio test with boundary parameters.

5. Through simulation we see that the saddlepoint approximation works
successfully for small samples for testing Gamma against GIG. More-
over, the simulation results show that the saddlepoint approximation
works very well with nuisance parameter too.
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Abstract: We propose an information matrix test in which the covariance matrix
of the vector of indicators is estimated using the parametric bootstrap. Monte
Carlo results and theoretical arguments show that its small sample performance
is comparable with that of the efficient score form.
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1 Introduction

The Information Matrix (IM) test, introduced by White (1982), offers a
conceptually appealing way to perform omnibus specification testing in
parametric models estimated by maximum likelihood. The null hypothesis
of the IM test is the information matrix equality, i.e. the hypothesis that
the sum of the mathematical expectations of the Hessian matrix of the log-
likelihood and the outer product of the gradient vector of the log-likelihood
equals zero. An important advantage of the (full) IM test is the fact that
it is an omnibus test for misspecification (not requiring the specification of
an alternative), e.g. the IM test for the normal regression model tests for
heteroscedasticity, skewness and kurtosis.

While the IM test is well known as a general test for misspecification of
a parametric likelihood function, its use in applied econometric research
is still limited. A major drawback of the IM test is that the asymptotic
x? distribution is a very poor approximation to the finite sample distrib-
ution of the test statistic. This seriously limits its usefulness in practice.
Large deviations from the asymptotic distribution are typical even in rela-
tively large samples, as evidenced by the Monte Carlo experiments reported
in Taylor (1987), Orme (1990), Chesher and Spady (1991), Davidson and
MacKinnon (1992, 1998), and Horowitz (1994). Several approaches have
been proposed to overcome this problem. Chesher and Spady (1991) derive,
for specific models, critical values for the IM test statistic that are based on
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a higher order Edgeworth expansion. Davidson and MacKinnon (1992) pro-
pose a variant of the IM test based on double-length artificial regressions.
Their method, however, cannot be applied to models for discrete, censored,
or truncated data. Horowitz (1994) proposes bootstrap-based critical val-
ues for the IM test. Despite these efforts, computing the correct critical
value of an IM test statistic for an arbitrary model is still not particularly
easy.

2 Estimating the Covariance Matrix of the IM Test

All existing versions of the IM test rely on some estimate of the asymptotic
covariance matrix of the vector of indicators, the differences arising essen-
tially from replacing expectations with sample averages in different parts
of the formula for the asymptotic covariance matrix (Orme 1990). Avail-
able Monte Carlo evidence shows that the ensuing test statistics have finite
sample distributions that are poorly approximated by the x? distribution.
Four sources of possible error may be involved in the approximation:

(i) the finite sample distribution of the indicator vector may be non-
normal;

(ii) the finite sample covariance matrix of the indicator vector may differ
from its asymptotic covariance matrix;

(iii) the unknown parameter is replaced by a consistent estimate in the
formula of the asymptotic covariance matrix;

(iv) sample averages replace expectations in parts of the formula for the
asymptotic covariance matrix.

In most circumstances, the error sources (i)-(iii) effectively apply to the IM
tests. Moreover, the efficient score form is the only one not vulnerable to
(iv).

Rather than relying on an asymptotic covariance matrix formula, one may
choose to estimate the finite sample covariance matrix of the indicator
vector. Although it is simple enough to write the finite sample covariance
matrix as an integral, working out the integral analytically is bound to be
impossible in all but the simplest models. A simple and feasible alternative
is to estimate it by the parametric bootstrap. It is shown that the test
statistic with bootstrap covariance matrix has, if the model is correctly
specified, an asymptotic (Hotelling’s) 72 distribution with ¢ (the dimension
of the indicator vector) and B — 1 (where B is the number of simulations
used to approximate the finite sample distribution of the indicator vector)
degrees of freedom. With finite B, the finite sample covariance matrix is
estimated with some noise, but the T? critical values correct for this. Using
this IM test statistic and T2 critical values, (ii) is eliminated as a source of
approximation error.
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We have two final remarks. First, the only computational requirement to
obtain the statistic with bootstrap covariance matrix is that observations
can be generated from the specified density and that the vector of indica-
tors can be computed. The latter can often be extracted without effort from
econometric software packages, either as the difference between two infor-
mation matrix estimates, or as the difference between the inverses of two
estimates of the covariance matrix of the MLE. Thus, no analytical work
is required before the test can be applied. Second, although Monte Carlo
results show that the ERP (error in rejection probability: the difference be-
tween the actual and nominal (chosen) rejection probability under the null
hypothesis) of the newly proposed test is moderate, it may be advisable
in situations with few observations to use bootstrap-based critical values,
as suggested by Horowitz (1994) in the context of the IM test. Although
this requires a nested bootstrap — the inner bootstrap serves to calculate
the covariance matrix estimate — this is nowadays quite feasible: 50 inner
and 99 outer bootstrap replications will often suffice (e.g. in the regression
model with a constant and three regressors and a sample size of 100, this
takes more or less 2 seconds on a P4 2.00GHz using a Matlab program).

3 Monte Carlo Results

We report comparative Monte Carlo results on the finite sample properties
of the new statistic, White’s (1982), Chesher (1983) and Lancaster’s (1984),
Orme’s (1990) test statistic and the efficient score form. We study the ERP
under the null of correct specification as well as the power against a het-
eroskedastic alternative, both in the linear model and in the probit model.
The ERP is displayed using p-value plots (Davidson and MacKinnon, 1998).
In order to correct power for ERP, we plot power as a function of actual RP
under the null (Davidson and MacKinnon, 1998). In both the linear model
and the probit model we find the statistic with bootstrap covariance matrix
to have smaller ERP than the other tests. The powers of the efficient score
form and the statistic with bootstrap covariance matrix are extremely close
to each other, and well above the power of the other included test statistics.

Acknowledgments: Financial support from the Flemish Fund for Scien-
tific Research (grant G.0366.01) is gratefully acknowledged.
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Abstract: This paper introduces a model for repeated paired comparison data.
We adopt an approach that converts such data to multiple multivariate responses,
which can then be modelled through a log-linear model. Extra parameters can
be introduced which can represent e.g. Markovian dependence on the previous
time point. Using standard software, we illustrate the technique on attitudinal
data from the British Household Panel Survey.
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1 Introduction

This paper is concerned with the development of models for repeated paired
comparison data, where the same judge compares a set of objects in a paired
comparison experiment repeatedly over time. Such data arises naturally in
panel surveys, most often in the form of ranked data, where an individual
(the judge) might be asked to rank a collection of items or opinions in var-
ious sweeps of a survey. Such ranked data can then be converted to a set of
paired comparisons by utilising the concept of rank order explosion (Chap-
man and Staelin, 1982). A second example might be a sports competition
such as the Formula 1 motor racing competition, where drivers meet re-
peatedly in a single year on different race circuits. Here, the ”judge” would
be the circuit, with the finish order providing the paired comparisons and
the repeated yearly visits to each circuit providing the replication. In such
data it is natural to wish to consider temporal dependence - the likelihood
of a response of a judge at one time point to depend on their response at
the previous time point.

Fahrmeir and Tutz (1994) introduced dynamic stochastic models for time-
dependent ordered paired comparisons, based on an extension of Kalman
filtering and smoothing for dynamic generalized linear models. This has
subsequently been extended by Glickman (2001). However the models are
complex and time-consuming to fit.
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The purpose of this paper is to develop a log-linear approach for (time-
dependent) paired comparison data based on the Bradley-Terry model.
The approach of this paper is to convert such data to multiple multinomial
responses, and echoes the quadratic exponential binary distribution sug-
gested by Cox (1972). This places the model within the Generalized Linear
Model (GLM) framework. Parameters representing dependencies can then
be added. The advantage of this specification is that model fitting and
model checking can easily be done within the GLM framework.

2 Likert Scales and Paired Comparisons

We now consider an associated problem - the analysis of repeated multiple
Likert responses over time. We assume that J Likert responses are measured
repeatedly over time, and that each Likert response is measured on the
same underlying measurement scale. Models for analysing a single Likert
response and allowing for temporal dependence now exist (Sutradhar and
Kovacevic, 2000). Models for multiple ordinal responses at multiple time
points (Douglas, 1999) have also been proposed, but the emphasis is on the
determination and assessment of a common latent variable rather than the
examination of the differences and relative importance of items and such
changes over time. Here, we propose an alternative approach. Consider each
Likert question to be a separate item. Then for any time point, a set of
Likert responses can be converted to a set of paired comparisons simply
be examining the response category given to each Likert question. As an
example, if the Likert response is greater for item 4 than for item 7, then we
determine that item i is preferred to item j. Thus, methods developed for
the analysis of repeated paired comparison data may also be appropriate
for the analysis of repeated multiple Likert scales.

2.1 An Example

We take as an example a set of social attitude questions from the British
Household Panel Study (BHPS). The BHPS is an household-based survey,
taking as a base 8,167 selected households in England, Wales and most of
Scotland. We concentrated on a question which measures concern about
various social and political issues of contemporary relevance. This question
has so far been administered three times - in 1992, 1994 and 1996 - and
consist of a series of four-point Likert scales which give the absolute level
of concern (a great deal, a fair amount, not very much, not at all). We
have chosen the following three items, destruction of the ozone layer, rate
of unemployment, and declining moral standards. 4,155 panel members
responded to all three waves of the survey and gave complete responses.
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3 A Log-linear Representation for Time-dependent
Paired Comparisons

Consider a paired comparison experiment where J objects Oq, ..., O  have
to be compared repeatedly over time points ¢, t = 1,2,...,7T, by N judges,
where it is assumed that all judges respond at each time point to all paired
comparisons. At each time point ¢, this experiment results in (g) paired
comparisons. We represent the 'worth’ of the object O; at time ¢ on an
underlying latent scale by the parameter m;;, with Z;-le e = 1.

For the comparison of objects O; and O; at time point ¢, the response to
the experiment is represented by the random variable Y;;;, defined by

-1 if object O; is preferred over O; at time ¢,
Yijg = 0 if there is no preference between O; and O; at time ¢,
1 if object O; is preferred over O; at time t¢.

In terms of the random variables Yj;¢, the experiment results for a given
judge in a response pattern vector of length T' x (‘g) which can be written

in a pre-defined fixed order as

y= (y1217 sy Y1215 Y131 - - - Y13T - S YT =1, J1 - - ,yJ—l,JT) .
For any judge, the observed response pattern will be one of the L = 37(2)
possible response pattern vectorsy,, £ = 1,2, ..., L, with each element con-
sisting of one the values {—1,0, 1}. For example, y; = (—1,-1,...,—1,—1).
For any Y;;; the response is ordinal and the Adjacent Categories model
(Bockenholt and Dillon, 1997) is a suitable basis for our model. This model
can be written as
it Yijt o
P{Yiji = yije} = Dije <7T_t) (vor) "l e € {=1,0,13, (1)
J

where A;;; denotes a normalising constant in order to make the probabil-
ities sum to unity, 1o can be interpreted as a parameter representing no
decision at time point t.
We assume that decisions concerning different object pairs are independent.
We can therefore write the joint distribution of the Y;;; as

P{Y =y} = HP{Yijl = Yij1, Yij2 = Yij2, - - Yigr = Yy} (2)
i<j

If there is no temporal dependence, this expression can be further factorised
into

T
P{Y =y} =[] [T P{¥ise = wis}- (3)

i<j t=1
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Temporal dependence is introduced by assuming that only the previous
decision (at time t — 1) has an influence on the decision at time t for

the given comparison of objects ¢ and j. This is represented by additional
parameters ;5,1 ; which are introduced as follows:

P{Yij1 = yij1, .-, YigTr = Yiyr )

Yij1l
i1 “lyin
B [Aij<ﬂ'j1> (VOI) o l]

T Yijt
v N Py
<11 <_lt> (vor) P71 exp{0ie—1a¥ise—1yige} . (4)
t=2

where Aij = Ht Aijt-

The joint distribution of Y can then be obtained by using equation (2).
Note that this is the probability of the independence model (3) augmented
by a multiplicative term that introduces time dependencies between the
Y’s.

The probability of any particular response pattern p(y,) can then be ob-
tained by substituting values of the y;;; into the above expression, and the
expected value my = N x p(y) can be calculated. Taking logs converts this
model into a log-linear model and can be estimated using standard soft-
ware using a log-link and Poisson distribution. The design matrix consists
of a column for a nuisance parameter ¢ and sets of columns for the A, ~y, 6
parameters, where \;; = Inm;;, Yo = Invg:. Further details and discussion
of other dependencies are given in Dittrich et al (2003).

4 Results

We return to the BHPS data introduced earlier. With three items and three
time points, and with three possible outcomes to each paired comparison,
we have 19,683 possible responses in the response set. We fit two mod-
els - the temporal independence model (deviance 29588 on 19673 df) and
the temporal dependence model (deviance 24550 on 19667 df). It is clear
from the change in deviance that there is strong temporal dependence.
The 6 parameters are all close to one with those measuring dependence
in the ozone-morals comparison (1.257 and 1.228) exhibiting the highest
dependence and thus the most stability in response over time. We can also
examine the worths m; = exp(Ait)/_; exp(A;t) for both the independence
and dependence models (Figure 1). Both plots show that concern about
the high unemployment rate is decreasing over the period of observation,
whereas concern about moral standards declining is increasing over the pe-
riod. Small changes are noted in the worth parameters in shifting from the
independence to the dependence model.



Dittrich et al 123

0.50

unempl unemp

0.45
I

nempl

0.40
I

moral

0.40
I

moral

moraj-4rempl

nempl

worth of item
worth of item
0.35
|

oral nempl

0.30

ozone
zone

0.30

0.25
I

© ozone
N4 moral zone
°© e moral

T T T T T T
1992 1994 1996 1992 1994 1996

year of survey year of survey

FIGURE 1. Worth parameters for the models of temporal independence (left) and
temporal dependence (right)
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Abstract: Background estimation is common problem in many types of mea-
surements. Asymmetric smoothing, using either an Ls or an L; is an effective
ad-hoc solution. But it has the disadvantage that it only specifies an algorithm,
not a statistical model. To remedy this, a mixture model for baseline, noise and
(positive) signal is introduced. The EM algorithm is used for estimation. The
model works well and its use is illustrated on real data.
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1 Introduction

In many types of measurements we encounter an unavoidable background
signal. It may be caused by drifting of the instrument over time, like in
a chromatogram, it may be a signal contribution due to interfering sub-
stances, as in many (optical) spectra, or it may be background fluorescence
in a microarray image. In many cases the background can be modelled —
in words — as a slowly varying baseline on which the real signal is super-
posed. A picture shows stretches of “pure” baseline, alternating with the
peaks of the signal. In most cases the chemistry or physics of the set-up
dictates that the real signal be strictly positive or strictly negative, but the
picture may be blurred by noise. If the background is relatively weak, it
does little harm, but in many real-life applications good background cor-
rection can improve detection limits appreciably. Some instruments give
the operator the option to correct the data interactively. The human eye
is a wonderful pattern recognition machine; a trained operator can indi-
cates baseline stretches with a mouse. A computer program then connects
these with straight lines or splines to construct a complete baseline. Of
course, such a semi-manual approach is not the most desirable one. It is
even impossible in many high-throughput systems or in completely auto-
matic processes. Thus there is a need for reliable procedures for automatic
background estimation.

Simple low-pass filtering will not work, because of the basic asymmetry
of the situation. The real (partly high-frequency) signal deviates only in
one direction from the low-frequency baseline. A statistical model has to
respect this. In this paper I discuss several promising approaches:
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e Asymmetric least squares. A weighted least squares smoother or para-
metric curve fitter is used, but positive and negative residuals get
different weights (with a ratio of 100 or more). A simple iterative
algorithm works well to fit this model.

e Percentile smoothing. Again the weights of positive and negative
residuals are different, but now an L; norm (sum of absolute val-
ues) is used. A large-scale linear program has to be solved (using the
interior point method).

e Mixture modelling. An explicit model for baseline, noise and the sig-
nal distribution is set up and fitted by an EM algorithm.

2 Asymmetric Smoothing

To simplify the presentation, I use P-splines (Eilers and Marx, 1996), my
favorite smoother, but local likelihood or smoothing splines might be used
equally well. I first discuss standard smoothing. Let y be a measured series,
with positions z, and let 4 = Ba, where B is a B-spline basis, computed
on x. Minimizing |y — p|? leads to the normal equations B’ B& = B'y. B is
chosen to be “rich”, i.e. it would generally overfit, giving i = B& that is
less smooth than desired. To increase the smoothness of i, the penalized
sum of squares |y — Ba|? + A|Dgal? is minimized. Here D, is the matrix
that forms differences of order d. The explicit solution follows from the
modified normal equations (B'B + AD/;Dq)& = B'y. With A we can tune
the smoothness of i = B&. Of course, p will go more or less through the
“middle” of y.

To get an asymmetric result, we introduce adaptive weights w;: w; = a if
yi > ;o and w; = 1 —a if y; < pg, with 0 < a < 1. The goal function
is (y — Ba)W(y — Ba) + A Dgal?, with W a (diagonal) matrix with the
asymmetric weights on the diagonal. If the real signal has positive peaks
(above the baseline) a = 0.01 or a = 0.001 is used, but when they are
negative (below the baseline) a = 0.99 or a = 0.999. Experience has shown
that with visual inspection a very good baseline fit can be obtained. A
simple algorithm works well: given the weights w, finding [ is just a case
of weighted (penalized) linear regression. And given fi, the computation of
the weights is trivial. Starting with all weights equal to 1, the two compu-
tations are alternated until convergence. The convexity of the goal function
guarantees that this will take place exactly. In practice about 10 iterations
are sufficient.

A modification of this scheme uses the Ly norm in the goal |W(y — Ba)| +
A Dgal, where W is a diagonal matrix, with the adaptive weights w; on its
diagonal. We need a linear programming algorithm to solve this problem.
The interior point method works well (Eilers, 2000). Notice that essentially
we are estimating a smooth low-percentile curve.
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FIGURE 1. Background estimation with asymmetric least squares smoothing. The
upper panel shows the data with a thin line and the estimated baseline with a thick
line. The lower panel shows the difference between data and estimated baseline.

A disadvantage of these algorithms is that the choice of the parameters p
and A is made visually. This is not a great problem in a semi-interactive
set-up. Figure 1 shows an example. The data are a cross-section through
a part of the fluorescence image of a ¢cDNA microarray. The background
was estimated with asymmetric least squares smoothing, using a basis of
13 cubic B-splines, A = 1074, and a = 0.001.

3 A Mixture Model

Asymmetric smoothing is defined algorithmically and it is not very clear
which criteria to use to optimize the parameters (a for asymmetry and
A for smoothness). This section presents a mixture model with explicit
components for baseline, noise and signal.

To simplify the presentation, we first consider the case of a constant but
unknown background level p. We assume normally distributed noise with
unknown variance o2 and a signal with an unknown distribution A(.), which
is only supported on the positive real axis. The mixture model is:

fly) =mg(ylp, o) + (1 —m)h(y — p), (1)

where 7 is an unknown mixing ratio and g(.) stands for a normal density.
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The EM algorithm is attractive here. Suppose we knew approximations to
all parts of (1). Then we could compute the approximate posterior proba-
bility p; that observation y; comes from density g(yi|u, o) as

,/Tg(y’L“LaO_)
mg(yilp, o) + (1 —m)h(y; — p) (2)

pi =

Then we can use p and y to compute weighted estimates of ;4 and 0. And we
can feed 1 — p to a density smoother to estimate h(.) and take the average
of p to estimate w. Hopefully this gives improved approximations, so by
repeating these steps we would finally arrive at the solution. Experience
with real and simulated data has shown that this is actually the case.
The amount of smoothing for estimating h(.) is important. Oscillations can
occur when it is not chosen strong enough. Actually we can simplify this
component of the model to an exponential (or even a uniform) distribution
without any problem. We have no interest in the actual signal distribution,
but only need good estimates of the probabilities p. For y; near pu, p; is very
near to 1, and at a distance larger than 3o from p it will be essentially 0,
whatever the shape of h(.). The simplification will have some influence on
weights not near 0 or 1, but they are a minority.

Now it is easy to see how more complicated baseline models can be con-
structed: specify p(z) as a polynomial or P-spline model in . This model
and the EM algorithm work remarkably efficient and effective. For the mi-
croarray data it looks very similar to Figure 1. Figure 2 shows an example
with a rather strongly fluctuating baseline, using 100 cubic B-splines and
A =0.001.

To correct the background of an image it is not attractive to apply the
algorithm to each column (or row) separately, because small jumps can
occur when going from one column (row) to the next. The model allows
straightforward extension to a two-dimensional model, using tensor prod-
ucts of P-splines (Durban, Currie and Eilers, 2002). The implementation
described there would not work here, because in an intermediate step a
regressor matrix of size m by n is formed, with m the number of observa-
tions and n the number of basis functions. For an image with 500 by 500
pixels and a 10 by 10 grid of tensor products this leads to a matrix with
25 million elements, taking (too) much space and time. Very recently we
(Eilers, Currie and Durban) have developed an extremely fast algorithm
for weighted tensor product smoothing of data on a grid that eliminates
this intermediary step. Details will be reported elsewhere.

4 Discussion

The mixture model works well. It solves one problem: the choice of a mea-
sure of asymmetry, because it follows implicitly from the parameters w, o
and the model for distribution h(.). But we are still left with the penalty
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FIGURE 2. Background estimation with the mizture model. The upper panel
shows the data with and the estimated baseline. The lower panel shows the differ-
ence between data and estimated baseline.

parameter \. Cross-validation seems a natural choice here. We fit the model
to a subset of the data, chosen randomly or systematically, like only the
odd observations, and compute the log-likelihood of the left-out part of
the data. Changing the penalty parameter A on a grid and computing the
cross-validation likelihood for each value will give a curve that hopefully
shows a global maximum. Experiments with simulated data seem to indi-
cate that this can work well. But the simulations use independent noise. In
real data the noise is frequently correlated, leading to complications. More
work is needed here.
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Abstract: A typical analysis of survival data assesses the impact of several ex-
planatory variables on a time duration response variable. The standard method-
ology for such analysis assumes that the explanatory variables, or covariates, are
measured without error. We deal with the analysis of data in which a response
variable is right-censored and some covariates are contaminated with measure-
ment error. We assume a log-linear model with a right-censored response, and
a set of covariates some of them measured with error. To obtain consistent esti-
mates of the regression parameters that takes measurement error into account,
we propose a sequential procedure. The performance of the two-step estimator is
studied using simulated data. Finally, standard errors are also obtained.

Keywords: Right-censoring; Censored linear model; Measurement errors.

1 Introduction

A frequent problem in statistics is to obtain the estimates of the regres-
sion parameters, that is, to assess the effects of a set of covariates on a
response variable. In survival analysis, the presence of censoring requires
specialized methods for estimating unknown parameters. For linear models,
we emphasize the procedures that are modifications of Least Squares (LS)
methods to accommodate censored values of the response (see, e.g. Buckley
and James 1979). A common assumption underlying these methods is that
covariates are measured precisely.

Even though there is a wide range of methodologies for estimating the
regression parameters taking into account measurement errors (see Fuller,
1987 or Carrol, Rupert and Stefanski, 1995), all of them are based on the
values for the dependent variable when no censoring is present.

We propose a method for estimating censored linear models with mea-
surement errors on covariates based on a combined procedure that merges
known results from measurement error theory with methods for censored
data. We describe a two-step approach for obtaining consistent estimates
of the regression parameters.
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132 Censored Linear Models with Measurement Errors on Covariates
2 The Model

We consider a non-negative and continuous random variable T (this is
the time elapsed in a certain state) and a set of explanatory variables

{X7, -+, X}, also called covariates.
Let Y = logT be the log-transformation of the true duration 7. Consider
Y1, ,Yn, independent realizations of Y such that y; is related to the vector

of covariates x;* as
*/ .
yi:Xi/@—i_w’ia i=1,---,n (1)

where 3 is the vector of unknown parameters and ws,---,w, are i.i.d.
realizations of a disturbance term W with variance o2 and mean not nec-
essarily zero. We assume that W and X]*7 j = 1,---,p, are independent
random variables.

We assume a right censorship model, that is, our observable duration for
the ¢th individual is

Zi:min {yi,Ci}7 izla"'7n (2)

where ¢y, -+, ¢, are independent realizations of a random variable C' (in
this case ¢; represents the log-transformed censored time for individual
i). Here we assume that the censoring mechanism is not informative. The

indicator of censoring is given by §; = 1y,<¢;}, i=1,---,n.
The model defined by (1) and (2) stated for analyzing data of the form
{(z,0;,x}"), ¢ = 1,2,---,n} is usually known as the censored linear

model (see, e.g. Breiman, Tsur and Zemel, 1993). From now we refer to
it as CLM.

Here we consider a CLM with an additional assumption of possible mea-
surement error in the covariates. Thus we assume that variables X7 may
be observed only indirectly, through covariates X;, j = 1,---,p. The rela-
tionship between the observed covariates x; for the ith individual and the
true value of the covariates x} is defined by the measurement error model:

« .

Xi:Xi+ui7 Zzla"'7n (3)
where ui,---,u, are ii.d. realizations of the random vector U =
(Ui, --,Up)" with zero mean and known covariance matrix X,,. We also

assume that U is independent of X and W.

3 The Two-step Estimator

The two-step estimator gives unbiased estimates of the regression coeffi-
cients of the model defined by (1), (2) and (3). The method modifies the

standard procedures of estimation for linear measurement error models in
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order to account for censoring. The first step of the method takes into ac-
count the presence of censoring in the data. The second step consists of
estimating a linear measurement error model defined by (1) and (3). Once
both steps have been performed, unbiased estimators of the regression co-
efficient in model (1) are obtained.

3.1 Estimated censored values: Step 1

In this step, we ignore the measurement error, in the sense that we state
the survival model defined by

o= xvte
z; = min {y; ¢}
61’ = l{yq,gcq,} (4)

where x; is the vector of explanatory variables for individual ¢ (here we are
using their observed values) and « are the regression coefficients. Note that
we change the notation for the parameters because in the observed model
(4) the parameters are not the same as those in the true model defined in
(1) and (2).

We note that (4) is a CLM. Thus, to obtain consistent estimates of pa-
rameter v we suggest, based on the ease of implementation in practical
situations including multiple regression, using the method proposed by
Schneider and Weissfeld (1986). Say, 4 the estimator of « obtained by
applying this method to the model defined in (4).

In this step we want to deal with the censoring of the response variable.
For this reason, we are not interested in the estimator 4 but in linear
predictions, conditional on x;, for z; based on model (4), say 2; = x4, i =

1,---,n. This leads to the following result for the values (21, -, 2,):
Result 1.
The (21, -, 2,,) are estimators of the censored response variable such that

n
Ray=n"" Y Xiki (5)
=1

is a consistent estimator of k;, = E(X'Y’), where Y is the true response
variable. That is,

; P

Ry — kay.
The usefulness of this estimator K, is based on the following argument. If
the response variable in a linear model is censored, for the observed z; the

matrix of the raw mean squares and products K,, = n~! 22;1 X;7; 1s not
a consistent estimator of k.
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3.2 Errors-in-variables Model: Step 2

In this step, we define the estimator of 3, say B, using methodologies
for estimating linear measurement error models (see Fuller, 1987). The
proposed procedure is based on the estimator A, defined in step 1.

We consider the errors-in-variables model

yi = X;'B+w;

X; = X;+u. (6)
where the covariance matrix of U = (Uy,---,Up), denoted by X, is
known. Then for the standard case where y; are observed for alli =1, -+ n,

a consistent estimator of 3 is defined as (see Fuller, 1987)

/3 = (K:wc - zuu)il K:Cy (7)

where K, =n~t Y0 | x;x; and K,y = n~! 3| x;u;. As before, K,
and K, denote the matrix of the raw mean squares and products.

Result 2.
The proposed estimator of 3 defined as

[3 = (K:wc - zuu)_l ’%:cy (8)

is a consistent estimator of 3, where K, is the estimator computed in
step 1.

The estimator derived by steps 1 and 2 is a consistent estimator of the
regression parameters of model (1), (2) and (3). It is called the two-step
estimator. The performance of the estimator is explored using simulations.

3.3 Standard Errors

In order to obtain the standard errors of the two-step estimator we as-
sume first uncensored observations only. In such a case, asymptotic robust
standard errors may be computed using the normal theory estimates (see
Satorra, 1992).

However, in the presence of censoring, the usual formulae for standard
errors in linear measurement error models do not apply. We advocate com-
puting standard errors using bootstrap methods.

Table 1 shows 5% and 10% tails of the empirical distribution of the z-
statistic of the two-step estimator defined in (8). The results indicate that
these empirical values remain close to the theoretical ones when there is
censoring in the response and measurement error on covariates.
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TABLE 1. Monte Carlo results with 20% of Type I of censoring. B(-) is the
bias of the estimator, V(-) denotes the estimated variance of the z-statistic and
5%—tail, 10%—tail are the empirical P(|z| > 1.96) and P(|z| > 1.65), respectively.
Population value of parameters o = 3,51 = 1.

Bo b1
kE B(Go) V(z) 5% 10% B(H1) V(z) 5% 10%
tail tail tail tail
n = 100
1 -011 104 620 11.20 -.011 1.09 6.60 10.60
.8 —.009 95 4.00 9.20 .000 92 3.60 8.80
.6 —.004 79 3.20 5.80 .027 .85 4.20 8.00
4 017 .52 1.40 3.80 .068 48  1.80 4.20
n = 500
1 —-.003 1.04 5.20 1040 -.006 1.07 6.20 10.80
.8 —-008 1.09 6.80 11.80 -.006 1.04 6.00 10.60
.6 —.004 98 5.00 10.00 .002 1.03 5.00 10.00
4 -.010 .87 5.00 10.00 .005 1.01 4.60 9.60
n = 1000
1 -.005 1.14 740 1220 -.006 1.02 5.80 12.40
8 —-007 1.03 6.40 11.80 -.007 1.17 6.40 11.20
.6 —-008 1.06 6.20 11.60 -.009 1.056 7.20 12.20
4 —-011 1.02 6.20 11.40 —-.008 1.01 6.20 11.80
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Abstract: Within the past decade, there has been an increasing interest in the
problem of joint analysis of clustered multiple outcome data, motivated by de-
velopmental toxicity applications (Fitzmaurice and Laird 1995, Gueorguieva and
Agresti 2001, Molenberghs and Ryan 1999, Regan and Catalano 1999, Aerts et al
2002). So far however, one has tackled the challenges in this setting only partly
each time making different restricting assumptions (e.g. restriction to viable fe-
tuses only). Ideally, a model should take the complete correlated hierarchical
structure of the data into account. A hierarchical bayesian method will be dis-
cussed in this context. Once a suitable model is selected, it can serve as basis for
quantitative risk assessment.

Keywords: Toxicology; Benchmark dose; Hierarchical model.

1 Introduction

Lately, society has become increasingly concerned about problems related
to fertility and pregnancy, birth defects and developmental abnormalities.
Questions are raised about the potential risk of chemical compounds and
other environmental agents on the development of fetuses. Consequently,
regulatory agencies such as the U.S. Environmental Protection Agency and
the Food and Drug Administration have given increased priority to repro-
ductive and developmental toxicity research, in order to investigate the
causes of these problems and to assess the potential adverse effects of ex-
posure on the developing fetuses.

However, because of ethical reasons, reliable epidemiological information of
adverse effects on fetal development may often be limited or unavailable.
As an alternative, laboratory experiments in small mammalian species can
be conducted in advance of human exposure (Williams and Ryan 1996). In
developmental toxicity studies with a Segment II design, pregnant animals
are exposed during the period of major organogenesis and structural de-
velopment to a compound of interest. Dose levels for this design typically
consist of a control group and three or four exposed groups, each with 20
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FIGURE 1. Data Structure of Developmental Tozicity Studies

to 30 pregnant animals. The dams are sacrificed just prior to normal deliv-
ery, at which time the uterus is removed and the contents are thoroughly
examined for the occurrence of defects. The viable fetuses are measured for
birth weight and examined carefully for the presence of malformation.
The analysis of developmental toxicity data raises a number of challenges
(Molenberghs et al 1998). Since deleterious events can occur at several
points in development, an interesting aspect lies in the staging or hierarchy
of possible adverse fetal outcomes (Williams and Ryan 1996). Figure 1
illustrates the data structure. A toxic insult early in gestation may result
in a resorbed fetus. If the implant survives being absorbed, the developing
fetus is at risk of fetal death. If the fetus survives the entire gestation
period, growth reduction such as low birth weight may occur. The fetus
may also exhibit one or more types of malformation. Ultimately, a model
should take into account this hierarchical structure. In addition, because
of genetic similarity and the same treatment conditions, offsprings of the
same mother behave more alike than those of another mother, i.e., the litter
effect. Thus, responses on different fetuses within a cluster are likely to be
correlated.
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2 Risk Assessment

The primary goal of these studies is to determine a safe level of expo-
sure. Recent techniques for risk assessment in this area are based on fitting
dose-response models and estimating the dose corresponding to a certain
increase in risk of an adverse effect over background, i.e. benchmark dose
(Crump 1984).

In case of multiple outcomes, the outcomes are often examined individually,
using appropriate methods to account for the correlation, and regulation
of exposure is based on the most sensitive outcome. It has been found,
however, that a clear pattern of correlation exists between all the outcomes
(Ryan et al. 1991), so that risk assessment based on a joint model may
be more appropriate. The model must both incorporate the correlation be-
tween the outcomes, as well as the correlation due to clustering. Estimation
of the risk, will be illustrated in Section 4.

3 Modelling Approach

Until now, most models have looked only to a small part of the hierarchi-
cal structure, and assumed that the response distribution for the malfor-
mation outcomes and weight outcomes is independent of the cluster size.
The analysis of developmental toxicity data has usually been conducted
on the number of viable fetuses only. In other models, the litter-size was
included as a covariate in modelling these response probabilities (Williams
1987, Rai and Van Ryzin 1985, Catalano and Ryan 1992). Some attempts
have already been made towards a joint model for death and malformation
outcomes (Chen 1993). Kuk (2002) proposed a model for fetal response
in developmental toxicity studies when the number of implants is dose-
dependent.

We propose a Bayesian hierarchical modelling framework for the joint
analysis of fetal death and malformation/weight among the viable fetuses.
In a first step, we construct a model for the joint analysis of death and
malformation. In a later step, we will extend this approach to include the
weight of the viable fetuses.

Let N denote the total number of dams, and hence litters, in the study.
For the ith dam (: = 1,...,N), let m; be the number of implants. Let
r; indicate the number of fetal deaths in cluster i. The number of viable
fetuses, i.e., the litter size, is n; = m; —7;. The number of malformed fetuses
of a dam is denoted z;.

A joint model for the possible adverse fetal outcomes is developed using
the underlying hierarchy of the data. In the first stage, a toxic insult may
result in a fetal death. This effect of dose d; on cluster ¢ with m; implants
can be described using the distribution f(r;|m;, d;). We assume that

r; ~ Binomial(pqth,i, M)
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with pgn,; the probability of a death fetus in litter ¢, depending on the
dose. In the second stage, the fetuses that survived the entire gestation
period are at risk of malformation. The effect of malformation of dose d;
on cluster ¢ with n; viable fetuses can be described using the distribution
f(zilni, d;). We assume that

z; ~ Binomial(pmai,i, ni)

with pmqi,; the probability of a malformed fetus in litter ¢, depending on
dose d;. A joint model for the number of deaths and the number of malfor-
mations can be assessed by jointly modelling both stages.

To account for the litter effect, we assume a hierarchical model in which the
probability of an adverse event in each litter come from a prior distribution.
We assume the malformation and death probability p; of any fetus in litter
1 to come from a beta distribution with mean =, i.e.,

Q14
Ddth,i ~ Beta(ai;, b1;) Tdthi = ————
a; + by
a2;
Pmal,i ™~ Beta(a%a b2z) Tmal,i =
a2; + ba;

Both the malformation and death probability are affected by dose, and can
be modelled using appropriate link functions. We assume

logit(matn,i) = o+ aqd;
logit(Tmat,i) = Bo+ (aa + Ba)d;,

with a common parameter for the dose effect.

In a last step, we specify hyperprior distributions on the regression pa-
rameters g, ag, B9 and (4. The hyperpriors chosen for this analysis were
N(0,10°%). We expect these priors to have minimal influence on the final
conclusions of our analysis.

4 Data Analysis

This article is motivated by the analysis of developmental toxicity of Eth-
ylene Glycol (EG) in mice. EG is a high-volume industrial chemical with
diverse applications. For instance, it can be used as an antifreeze, as a
solvent in the paint and plastics industries, as a softener in cellophane,
etc. The potential reproductive toxicity of EG has been evaluated in sev-
eral laboratories. Price et al (1985) for example, describe a study in which
timed-pregnant CD-1 mice were dosed by gavage with EG in distilled water.
Dosing occurred during the period of organogenesis and structural develop-
ment of the fetuses (gestational days 8 through 15). Table 1 shows the rate
of malformed litters for each dose group and suggests clear dose-related
trends for the rate of malformation. The mean litter size is also tabulated,
and shows a decrease with dose.
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TABLE 1. Summary Data from an EG Experiment in Mice

Dose Dams Live Litter Size Malformations
(mg/kg/day) (mean) (%)
0 25 297 11.9 4.0
750 24 276 11.5 66.7
1500 22 229 10.4 81.8
3000 23 226 9.8 95.7

TABLE 2. Risk Assessment for EG Study in Mice.

Model ¢=10.01 ¢=0.05

Joint 103 447
Malf 142 563
Death 340 1493

We define the combined risk due to a toxic effect as the probability that a
fetus is death or a viable fetus is malformed. This risk can be expressed as

r(d) = P(death fetus | d)+P(viable fetus | d)x P(malformed | viable,d)
= Tath + (1 — Tatn) Tmar-

The benchmark dose is defined as the level of exposure corresponding to an
acceptably small excess risk (q) over background, i.e., the dose satisfying
r(d) —r(0)
* d = " —=
rld) == 0 ¢

Table 2 shows the benchmark doses corresponding to the 1% and 5% excess
risk. We also added the corresponding quantities, calculated from univari-
ate risks (only malformation, or only death). The joint model yields more
conservative doses.
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Abstract: The linear mixed model (LMM) has been widely used in longitudinal
studies. Existing methods of influence assessments in LMM are mostly based on
the likelihood function, in which the marginal covariance structure is usually as-
sumed to be compound symmetry. These methods, however, may be very difficult
to apply to the model with sophisticated but commonly encountered covariance
structures such as AR(1) and ante-dependence. In this paper, we propose an al-
ternative approach using Q-function, the conditional expectation of logarithm of
the joint-likelihood in EM-algorithm. The effects of mis-specification of covari-
ance structure on influence analysis are addressed and the relationship between
subject- and observation-levels influences are considered.

Keywords: Influence; Linear mixed model; Longitudinal data; Q-function.

1 Introduction

The linear mized model (LMM) is commonly used in longitudinal data
analysis, which is defined by

Y =XB+Zu+e (1)

where Y = (Y{,---,Y,) is the (n x 1) (n = >_!" | n;) response vector of m
subjects, X = (X7,---,X/.) is the (n x p) design matrix for fixed effects
B, Z = diag(Zy,- -+, Zy,) is the ( n X mq) design matrix for random effects
u= (uj, -,u,), u~ NQOG),e= (e, ,€,) is the (n x 1) vector of
random errors and € ~ N(0,R). The random effects u; are independent
of the random errors ¢;, G = diag(G, - --,G) where G = G(«), the (¢ X q)
between-subject common covariance matrix, and R = diag(R1, -, Rn)
where R; = R;(7), the (n; X n;) within-subject covariance matrix, where
o and vy are r X 1 and s x 1 parameters in G and R;, respectively. The
parameters of interest are § = (', a/,v')’.

When the ith subject is deleted, Eq.(1) reduces to Y};) = X8+ Zp5up) +ep)
where a vector/matrix with the index [i] represents the associated vec-
tor/matrix with ith sub-vector/matrix removed. This model is called the
subject-deletion model in longitudinal studies.

143



144 Influence Assessments for Longitudinal Data

For the LMM with independent random effects and random errors, Bener-
jee and Frees (1997) developed an approach to quantify the overall impact
of a subject on the modelling. Lesaffre and Verbeke (1998) addressed the
issue of local influences, see also a recent review paper by Molenberghs and
Verbeke (2001). When the covariance matrices G and R are of sophisti-
cated structures such as AR(1) and ante-dependence, these methods may
be too difficult to apply. In this paper, we propose an alternative approach
based on Q-function, the conditional expectation of logarithm of the joint-
likelihood in EM-algorithm, to identify influential subjects. The advantage
of this technique is that it can be easily applied to sophisticated models.
In Section 2, within the framework of LMM with compound symmetry co-
variance we compare the Q-based diagnostics to likelihood-based methods.
In Section 3 we study the effects of mis-specification of covariance struc-
tures on influence assessments. Some further comments on influences in
longitudinal studies are given.

2 Influence Assessments in LMM

2.1 Likelihood-based Approach

Let (6) and I};;(0) be the log-likelihood functions under the full model (1)

and the subject-deletion model, respectively. Denote 6 and é[i] as the MLEs
of § associated with the two models. A vital issue in case-deletion influence
assessments is to quantify the difference between 6}, and 6.

Applying the Fisher-scoring algorithm to [[;, with 6 as the initial value of
# we obtain the one-step approximation estimate

O = 0+ {—EL(0)} iy (6), (2)

where [ (f) and I (A) are the first- and second-derivatives of Iy, evaluated
at 6. Although Eq.(2) provides an approximation of the difference é[i] - é,
the matrix Ei'[i] is subject-dependent and may cause intensive computa-
tions. For example, we have to compute m inverse matrices {—EZ'[Z-] (67)}_1
(i =1,2,...,m) when using Eq.(2). Instead, we propose to use El to replace
El[i], i.e.,

Oy = 0+ {=E1(0)} 11y (9). (3)
We can show that this approximation can be characterized by O,(n?)

under certain conditions.
Based on (3), a generalized Cook-type distance can be defined as

Di = (0 — 0)'{=EI(0)} (0 — 0) = [ig OV {=ELO)} [ (0] (4)
If both the matrices G and R; are of independent structures, i.e., G =

021, and R; = 021,,, it can be shown that the matrix EIi() is of block-
diagonal so that D; can be easily calculated. When either G or R; is of
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other structures, however, no analytical form of D; is available because the
matrix El(f) may be too complicated.

2.2 Q-function-based Approach

In order to study influence analysis in LMM, we propose to use the Q-
function in EM-algorithm to replace the likelihood-based methods. The Q-
function for the model (1) is defined by Q(0|0) = E{log f(Y,u)|Y, 6}, the
conditional expectation of the joint log-likelihood function of the responses
Y and the random effects u, given the responses, where 6 is the updated
solution of # in EM algorithm. Based on @, the second-order derivative of
@ with respect to 0, Zhu et al (2001) discussed influence assessments for
incomplete data. However, the calculation of Q) for sophisticated models
may be too difficult and the resulting generalized Cook’s distance may
have no clear interpretation. As an alternative we replace ) with EQ, the
expectation of Q, leading to the generalized Cook’s distance:

D; = [Q(016)) (- E@16)) " Cpy (010)] 2

where both the first-order derivative Q[i] and the second-order derivative )

are evaluated at the MLE 6. For the LMM (1), we find that the matrix EQ is
always block-diagonal whatever the covariance structure is. The generalized
Cook’s distance D} in (5) hence can be decomposed into three components
D} = Dj; + D}, + D7, (6)
where D}, D7, and D, are the generalized Cook’s distances corresponding
to the fixed effects §, the between-subject covariance components a and
the within-subject covariance components =, respectively. In other words,
the influence measurements for the three sets of parameters are mutually
independent in this sense.
To measure how good the Q-based statistic D] is, we compare it with
the likelihood-based influence measurement D; under the framework of
LMM with G = 021, and R; = 021, through analyzing two practical
data sets. The first one is the Aerosol Data set (e.g., Beckman et al, 1987)
and the second is the Dental Data set (e.g., Pan and Fang, 2002). For
the Aerosol data Beckman et al (1987) identified that the 5th subject is
the most influential subject. Pan and Fang (2002) analyzed the Dental
data in terms of growth curve modelling and detected the 20th and 24th
individuals as the two largest influential subjects. Figure 1(a) gives the
index plots of D; and D7 for the Aerosol data while Figure 1(b) displays
the corresponding index plots for the Dental data, from which we see the
performances of the two influence measurements are very close, implying
that D; is a good alternative to D;.
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FIGURE 1. The index plots of D; and D] for the Aerosol data (Panel (a)) and
the Dental data (Panel (b)), where lines with dots and with empty bozes are Di
and Dy, respectively.

3 Effects of Covariance Structures

In practice, the study of the fixed effects may be the focus in longitudinal
studies. A well-known result in the LMM is that a mis-specification of
covariance structures may not affect the magnitude of estimates of the
fixed effects (e.g., Pan and Fang, 2002). An interesting question is, does a
mis-specification of covariance structures affect the fixed effects in terms of
influence assessments?

To see this we analyzed Zerbe’s Glucose data, in which the 30th subject
was identified as the largest influential subject using growth curve mod-
elling technique (Pan and Fang, 2002). BIC-based model selection criterion
suggests that a linear mixed model with G = 021, and R; =AR(1) is the
best fitting, which is called Model 1. We then consider two models that
have the same fixed effects and random effects to Model 1 but mis-specify
the covariance structures for either G or R;: (a)Model 2: G = 021, and
R; = 021I,, and (b) Model 3: G =AR(1) and R; = 02I,,. Although the
mis-specification of covariance structures occurs, both models are not too
far away from Model 1 in terms of BIC values (BIC=388.93, 418.21 and
419.64 for Models 1, 2 and 3, respectively).

For each model we compute the generalized Cook’s distance D}j; for the
fixed effects (3. Figure 2(a) gives the index plots of the statistic for Model
1 (line with dots) and Model 2 (line with empty boxes), while Figure 2(b)
displays the comparison of Model 1 (line with dots) with Model 3 (line with
empty boxes). Figure 2 shows that the 30th subject, the largest influential
subject identified using Model 1, can not be detected as the largest influ-
ential subject using either Model 2 or Model 3. Instead, these two models
identify the 24th subject as the most influential subject, which is in fact
the third largest influential subject. We anticipate the reason that both
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the mis-specified models identify the right influential subject, though not
the largest influential one, is their closeness to the best model. In general,
mis-identification of influential subjects may occur when mis-specifying co-
variance structures.

FIGURE 2. The index plots of Djz for Models 1 & 2 (Panel (a)), and for Models
1 & 3 (Panel (b))

In summary, our proposed approach is a good alternative to likelihood-
based influence methods. A mis-specification of covariance structures may
lead to mis-identification of influential subjects. Correct specification of co-
variance structures is thus crucial for diagnostics purpose. We also studied
the relationship between subject- and observation-levels influences. Further
details will be reported in the oral presentation.
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Abstract: Regression models for time series of counts have been developed over
the last years within the framework of generalized linear models methodology
to take into account serial dependence that occurs so frequently in applications.
Estimation, testing and prediction can be routinely carried out using standard
conditional /partial likelihood methods under certain regularity conditions. The
aim of this communication is to report some further results on this still evolving
applied area by discussing an autoregressive moving average model for time series
of counts. Several simulations enrich the theoretical results.
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1 Introduction

Over the last years there has been a growing interest on regression models
for time series of counts whose development has been facilitated by various
applications arising frequently from different scientific disciplines such as
finance, medicine, environmentrics to name a few, Kedem and Fokianos
(2002). These regression models—often called “transitional”, “conditional”,
and “Markov” models—are analyzed in almost all of the cases by partial
likelihood or quasi-likelihood methods which allow for temporal or sequen-
tial conditional inference with respect to a filtration generated by all that is
known to the observer at the time of observation. This enables very flexible
conditional inference which takes into account autoregressive components,
functions of past covariates, all forms of interactions among covariates, and
more generally time dependent random covariates. Furthermore, the com-
bination of partial likelihood and regression models for time series of counts
provide a methodological sound framework where estimation, diagnostics,
model assessment, and forecasting are implemented in a straightforward
manner while the computation is carried out by a number of the existing
software packages. These issues are addressed in the list of desiderata sug-
gested in Davis et al (1999) and Zeger and Qaqish (1988) and have further
examined in Kedem and Fokianos (2002).

The main objective of this work is to study an autoregressive moving av-
erage model for time series of counts whose moving average part depends
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upon an unknown parameter, or possibly, parameters. Therefore estimation
of the parameter/parameters involved in the moving average part of the
model is necessary for regression fitting and prediction.

To fix notation, suppose that Y;, t = 1,2,..., N is a response time series of
counts and let Z;_1,t =1,..., N be a p—dimensional vector of covariates
which may includes past values of the process and/or any other auxiliary
information. Under the above setup, statistical inference is mainly con-
cerned with exploring the relationship between the expected value of the
response and the covariates given the history. Thus, a methodologically
sound analysis is based on the following regression model

,u’t(ﬂ):h(zé—lﬂ)a t:]-aaNa (1)

where p; = E[Y; | past] and the inverse link h(.) function maps a subset
H C R one-to-one onto (0,00). The regression coefficients 5 are unknown
and need to be estimated from the data. For instance, when h equals to the
exponential function, then expression (1) leads to the so called log-linear
model where

log p(8) = Ztlf15- (2)

In what follows, we are concerned with model (2). It is well known that
inference about the regression parameters can be carried either by con-
ditional or partial likelihood methods (Ch.6 of Fahrmeir and Tutz (1994)
and Ch.4 of Kedem and Fokianos (2002)), or by the so called estimating
equations approach, Zeger and Qaqish (1988).

2 A Moving Average Model

Consider model (2) and let Z;_1 = (Xy,e1—1,...,e:—p)’, where X; denotes

a multivariate auxiliary process and the random sequence {e;} is defined

by

_ Y —
s

for A\ > 0, see Davis et al (1999). Hence equation (2) becomes

€t 5 tzl,...,N, (3)

p
log pe(8) = Xy + Y bier—,

=1

where 8 = (7/,61,...,6,)". A close examination of the above model resem-
bles the well known ARMA models. In particular when A = 1/2, then the
random sequence {e;} reduces to the so called Pearson residuals and then
Y; possesses a number of nice properties. To mention only few

e model (2) can be used for prediction in a straightforward manner.
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FIGURE 1. Typical realizations of model (4) with 8 = (1,0.5,—0.5)" and
N = 200. From top to the bottom: A = 0,0.5, 1.

e model (2) takes into account serial dependence for estimating the
parameter vector 7.

As an example consider the following model

log 14 () = v1 + 2 cos (%) +01e4-1 (4)
fort=1,...,N and set 8 = (71,72,01)" and Z;_1 = (1,cos(27t/12),e:-1)’.
Then the log-linear model (2) is satisfied with this notation. Figure 1 dis-
play realizations of the observed time series of counts for different parame-
ter values of both 3 and A and points to a rather rapid oscillation for all
A—even though the value A = 0 yields to a few extreme points.

Clearly, when the parameter X is known, inference can proceed in a straight-
forward way according to the established theory since the vector (e;—1,. ..,
et—p) can be thought as additional covariates. However a problem arises
when A is not known and it is not well understood how estimation of f A
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affects the regression parameters. The aim of this contribution is to inves-
tigate

e Estimation of X in (3).

e Prediction for count time series under joint estimation of 8 and A.
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Abstract: For the joint modelling of longitudinal continuous responses and
dropout generalized Heckman model is used in order to see the influence of small
perturbation of the elements of covariance structure on likelihood displacement.
The perturbation from random dropout in the direction of informative dropout
is considered for Mastitis data.
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1 Introduction

Recently joint modelling of response and non-response in cross-sectional
and longitudinal data has been extensively used. Examples of such models
are the selection model of Heckman (1979) and the dropout model of Diggle
and Kenward (1994). In Diggle and Kenward’s model dropout is at ran-
dom (RD) if, given the previous outcome, it is independent of the current
response and it is completely random dropout (CRD) if it neither depends
on the previous nor on the current response. If dropout is not CRD or RD,
it is informative dropout (ID). However, Diggle and Kenward’s model rests
on strong assumptions (discussion of Diggle and Kenward, 1994) and it has
been so much suggested that an important way to use joint modelling is
by means of sensitivity analysis (Verbeke and Molenberghs, 1997 and 2000
and the references mentioned there). Several tools have been discussed in
the literature, such as the informal sensitivity analysis of Kenward (1998)
and a local influence based approach as formal sensitivity analysis (Molen-
berghs et al, 2001) for assessment of the influence of a small modification
of model components.

Molenberghs et al (2001) use Diggle and Kenward’s model and the ap-
proach of Cook (1986) for measuring the influence of a small perturba-
tion of the model components. In this paper we shall use the generalized
selection model of Heckman (Crouchley and Ganjali, 2002, see also next
Section) and the approach of Cook (1986) for measuring the influence of
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a small perturbation of the model components for longitudinal data with
dropout. The approach will be discussed for measuring the influence of a
small perturbation of the covariance structure of the generalized Heckman
model (GHM) on likelihood displacement (see Section 3). In Section 4, as
an application, the Mastitis data will be used for assessing the influence of
the perturbation from RD in the direction of NRD.

2 The Selection Model and its Generalization

Heckman (1979) proposed a joint model for a continuous response (y;)
and a sample selection mechanism. This model is defined by means of two
equations,

R,T = OLTWZ' =+ v;

y: = ﬁTXz + Eiy
where o and (B are vectors of parameters, W; and X; are vectors of
covariates, (v;, ;) are i.i.d drawings from a bivariate normal distribution
with zero means, variances 0%r = 1, 0% and covariance ory. It is as-
sumed that y; is observed only when R} > 0. So let y; = y if Rf > 0
and y; = 0if RY <0, for ¢ = 1,...,n, where y; = 0 is used to indicate a
missing response. Also define R; = 1if R} > 0 and R; =0 if R} <0, so
that (y;, R;) constitute the observations for subject i.
The Heckman (1979) model is generalized to the situation of repeated re-
sponses with dropout by Crochley and Ganjali (2002). This is

Ry = of Wy +uy
v = B X+ e
where t = 1,...,T;, yi = (yi1,¥i2, .-, ¥ir;) and R; = (Ry2,..., Ri1,). In

this model, it is assumed that all the subjects at the start of the study
are observed, i.e. R;; = 1,V i. The observations for the subject i, take
the form (y;,R;) = ([yjl, ...,yi*Tiil,O} 1, 1, 0]) , if dropout occurs and
(vi,R;) = ([y;"l, ,y}l} N 1]) , if a subject is independently right cen-
sored by the observation plan at time 7;.

In this model Var (g;) = Xyy. Tyy is assumed to be unstructured so that
Var(e;) = affyf and cov (g;5,851) = oyy, . It is also assumed that the
subjects are independent of each other, so that cov (g;5,£;¢) = 0 for @ # i’
for all s and t. Also Var (v;) = Xrgr, where diag (Xrgr) = 1.

The Dropout Mechanism

When dropout occurs yjp. is not observed. Little and Rubin (2002) note
that for CRD the dropout process must be independent of both the ob-
served responses y;, = (yz‘l, e yi*TFl) and y;r., while for RD the dropout

process, conditional on y7,, must be independent of y;r. .
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If we let f (.) denote a multivariate normal distribution then we have CRD
if f(R; [ yi,.y") = J(R). We have RD if f(R} | y3,.y") = f(R} | y7)-
With either CRD or RD the joint probability of (y}, RY) factors so that we
can use f (yio) on its own for unbiased inference about 3. If f(y7, | R}, y7)
does not simplify for CRD or RD we have informative dropout '(ID).

Crouchley and Ganjali denotes the variance-covariance matrix Xy for the

elements (y;‘o7 Yir, s Rf) as

Yv,y, XY,yr XY,R
2
Yeu = | Yvpv, Oyy, XveR
YRY, XRYr XRR

and they found that if both Yy..gp = 0 (missing at random) and Xy, g = 0
(observed at random) we have CRD, i.e. ¥y, gy, = 0. They also found
that if

Syrr = Svpv,Syy, Sv,r = 0 (1)

we have RD. So we can estimate a model under RD by imposing the con-
straint Yy, g = EYTY() E;'OIYOEYOR'

Consider as an example the case of a two period longitudinal data where
the response at first time is observed for all individuals. In this case y; =
(yi1,vi2), Ri = Ri2 and let

011 012 013
Yoo = | o012 022 023
o13 023 1

where cov(y:1, yiz) = 012 and cov(yij, Ri2) = 0j3 for j = 1,2. Consequently
equation (1) for o2 > 0, pag — p12p13 = 0 gives the conditions for ignorable
dropout. This can occur when pos = p13 = 0, which is completely random
dropout (CRD) and when pas = p12p13.

3 Likelihood Displacement (LD)

We are interested in the influence that selection exerts on the parameters
of interest in GHM as our selection model. If ¥y, p — Xv,v, E;Ulyo Yv,r=0
we have RD process. In this case measurement model parameters can not
be influenced by selection. Modification of H = ¥y, g — EYTYOE;(}YO v, R
may lead to large difference in the model parameters. Let denote the log-
likelihood function corresponding to the GHM by

n

£(v| H) =Y £i(y|H)

i=1

in which £;(y | H) is the contribution of the ith individual to the log-
likelihood and v7' = (37, a®) is the parameter vector of measurement and
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TABLE 1. Results for mastitis data.

ID model RD model CRD model IDWO
Par. Est SE. Est SE. Est SE. Est SE.
Bo 5.765  0.0.09 5.765 0.090 5.765 0.009 5.598 0.086
n 0.315 0.138 0.719 0.107 0.719 0.107 0.617 0.434
P12 0.470  0.087 0.581 0.071 0.581 0.071 0.727 0.054
P13 -0.157 0.125 -0.149 0.013 -0.127 0.131
P23 0.676  0.117 -0.127 0.934

011 0931 0.064 0931 0.064 0931 0.064 0.872 0.060
0922 1.274 0.113 1.138 0.088 1.138 0.087 1.044 0.100
(o) 0.634 0.130 0.667 0.131 0.667 0.132 0.645 0.133
-logL  308.771 311.389 312.013 275.998

dropout mechanisms. Let shows £(y) = £(y | H = 0) where £(v) is the
log-likelihood function which corresponds to a RD model. Suppose H can

be perturbed around 0. Let 9 be MLEs for « obtained by maximizing £(7)
A
and Ygbe MLEs for 7 obtained by maximizing £(v | H). Now one can

compare ’?  and ’AY as local influence. If ’? g and 9 are similar, parameters
estimates are robust to the perturbation of RD in the direction of ID.
Strongly difference estimates shows that estimation procedure is highly
sensitive to suckl modifAication. We can use the Cook’s LD which defined as
LD(H) =2[£(V)—£(Vu)]- A graph of LD(H) versus H can be used as the
influence of perturbations. For two-period longitudinal data with dropout

A A
LD is LD(H) = 2[£(7) — £(Ym)] where H = pag — p12p13.

4 Mastitis Data: Model and Results

Mastitis can reduce the milk yield of infected animals. We shall use data
of the total milk yield for 107 cows from a single herd, in two consecutive
years, to investigate the relationship between yield and mastitis. Of 107
animals, 27 were infected in their second year which will be treated as
missing. For these data the GHM is in the form

yn = Bo+ei,
Vi = Bo+n+ei,
o = o+ U3, (2)

where 1 gives the effect of time on the mean of the response. We delete
the effect of explanatory variable, selected year, as the previous analysis



Ganjali and Rezaee 157

— Full data
Data without outliers

LD

FIGURE 1. Likelihood displacement against values of H.

(Crouchley and Ganjali, 2002) shows no significant effect of this variable on
responses. We used NAG (1996) routine EO4UCF to obtain the likelihood
displacements for these data.

Results from the GHM, System (2) for ID, RD, and CRD models are pre-
sented in Table 1.

We get an increase in deviance of 6.484 for 2 d.f. (p=0.039) for a test of
CRD (p13 = p23 = 0) in System (2) and an increase in deviance of 5.236
for 1 df (p=0.022) for a test of RD (p23 = p12p13 in System (2)). Table
1 shows that, for the ID model, dropout is informative because of the
stochastic dependency (p23 = 0.676) between the dropout process and the
response in the second period. The value of ps3 implies that a large value
of the response in the second period (which may be missing) will increase
the probability of being present in the second period. All the models give
a significant change in mean response in the second period, but the CRD
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and RD model overestimates it.

Using Pearson residuals Crouchley and Ganjali (2002) find 3 outliers in
responses (cows 4, 5, 66). Deleting these observations show no sign of ID
(see results of IDWO in Table 1). Figure 1 shows the LD against different
values of H for full data and data without outliers.

In Figure 1, as it can be seen, there is no strong difference between LD for
full data and LD for data without outliers. This suggests that only some
outliers are the cause of ID in these data.

Acknowledgments: Many Thanks to Shahid Beheshti university for the
financial support.

References

Cook, R.D. (1986). Assessment of local influence. Journal of the Royal Sta-
tistical Society, Series B, 48, 133-169.

Crouchley R. and Ganjali M. (2002). The common structure of several
models for non-ignorable dropout. Statistical Modelling, 2, 39-62.

Diggle, P. J. and Kenward, M. G. (1994). Informative Drop-out in longi-
tudinal data analysis. Applied Statistics, 43, 49-93.

Heckman, J. J. (1979). Sample selection bias as a specification error.
Econometrica, 47, 153-161.

Kenward, M. G. (1998). Selection models for repeated measurements with
non-random dropout: an illustration of sensitivity. Statistics in Medi-
cine, 17, 2723-2732.

Little, R.J.A. and Rubin, D.B. (2002). Statistical Analysis with Missing
Data. New York: John Wiley

Molenberghs, G., Verbeke, G., Thijs, H., Lesaffre, E., and Kenward, M.G.
(2001). Influence analysis to assess sensitivity of the dropout process.
Computational Statistics and Data Analysis, 37, 93-113.

Verbeke, G. and Molenberghs (1997). Linear Mized Models in Practice: A
SAS-Oriented Approach. Lecture Notes in Statistics 126, New York:
Springer-Verlag.

Verbeke, G. and Molenberghs, G. (2000). Linear Mized Models for Lon-
gitudinal Data. New York: Springer-Verlag.



Bivariate Marker Development with
Censored Values and Informative Dropout

Ronald B. Geskus!

1 Municipal Health Service, Cluster of Infectious Diseases, Nieuwe Achtergracht

100, 1018 WT Amsterdam, The Netherlands and Dept. of Medical Statistics,
Molecular Epidemiology and Clinical Informatics, Leiden University Medical
Center, P.O.Box 9604, 2300 RC Leiden

Abstract: Performance of a selection model and a random effects model are
compared under the presence of informative censoring, using real as well as sim-
ulated data. The bias in the parameter estimates from a random effects model
when informative dropout is present is small in our data set. This result is con-
firmed by the simulation study. Larger differences are seen in the estimates of
the individual random effects.
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1 Introduction

Markers are internal host factors that represent the current disease or recov-
ery status of an individual. Identification of markers and modeling their de-
velopment provides information on the disease mechanism. After infection
with the human immunodeficiency virus (HIV), the number of CD4 lym-
phocytes decreases, finally leading to severe immunodeficiency and AIDS.
Recently, assays have become available to quantify the HIV-RNA level in
HIV infected individuals. Marker data that are collected during follow-up
are usually missing to some extent since the value of the marker is associ-
ated with the risk of dropout (death).

Numerous papers have been published that model the development of CD4
count after HIV seroconversion. Some papers included data on AIDS di-
agnosis in order to correct for informative dropout via selection models
(e.g. Berzuini and Larizza (1996), Wulfsohn and Tsiatis (1997)) or mixture
models (Pawitan and Self (1993)). Others investigated the amount of bias
caused by informative dropout when dropout is ignored and only a random
effects model is used (Faucett and Thomas (1996), Touloumi et al (1999)).
In the medical literature, the so-called set point theory has been the
favourite model to describe the development of HIV-RNA level: after a
short peak in the first few months after infection, levels tend to be sta-
ble until another rise occurs close to AIDS diagnosis. The development
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of HIV RNA has been modeled in a couple of papers, taking account of
the fact that the assay used has a lower detection limit. Some only model
the repeated measures (Hughes (1999)), others also include the correction
for informative dropout via selection models (Jacqmin-Gadda et al (2000),
Lyles et al (2000)). The bivariate development of both markers, without
considering informative dropout, has also been modeled (Boscardin et al
(1998)).

Many studies have investigated the effects of age and some genetic mu-
tations on AIDS progression via a Cox model. By combining a model for
the effects of the cofactors on the marker development and the effects of
the markers on AIDS risk via a selection model, insight is gained into the
causal mechanisms of these cofactors (Taylor et al (2000)).

We use a selection model to investigate the ways in which age and the
genetic cofactors influence progression to AIDS. Emphasis will be on the
bias in the parameters of the longitudinal part that may be introduced when
a random effects model is used that neglects the informative dropout. The
results are compared with the results from a small simulation study and
with the results from an ordinary least squares model that considers each
value as independent.

2 Materials and Methods

We used data from two different cohort studies, the Amsterdam Cohort
Study among homosexual men (N=126) and the French SEROCO Co-
hort Study (N=274). The Amsterdam Cohort Study among homosexual
men was started in 1984. We only used information until the date that
administration of highly active anti-retroviral therapy (HAART) became
widespread in the Netherlands (July 1st, 1996). Follow-up data from hos-
pitals was included as well. All laboratory measurements were done in one
laboratory. The French SEROCO cohort was started in 1988. HIV-infected
adults from 17 hospitals and a network of private practitioners have been
enrolled. In the analysis, only homosexual men were included. Information
until February 1st, 1996 was used, when HAART became widely available
in France. Marker measurements originate from 19 different laboratories.
We used a selection model, in which the marker development is modeled
and the AIDS risk is modeled conditional on the fitted marker values. The
model for the marker development is

CDA(ti;)/% '\ _ [ al + bty +citg; + 05 + e (tyy)
log RNA(%;;) ay + b tij +v2tijle,, <05 + 05 + ea(tiy)

with

(aiabiaciaaéabé)T ~ N((al(l)vﬂla717aaiteaﬂQ)Tvz)a
al(lF) ~ N(:U/F70-12ab)a
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and e (-) independent. For the relation between the markers and the AIDS
risk, we used a time-dependent Cox model

A(t) = Ao(t) exp{fitted(CD4) + fitted(RNA) + cofactors}.

The fitted marker values are obtained by combining the fixed and random
effects. The effect of the fitted cube root of CD4 count on AIDS risk was
modelled via a linear spline with knots at the values five and seven. The
fitted log RNA level was fitted linearly.

Since laboratory methods improved over time, we allowed for a calendar
time effect for error variance and CD4 level. For Amsterdam, changes oc-
curred in 1988 and 1992. For France, where this was dependent on the
laboratory, we allowed for a change in 1990 and included a random lab-
oratory effect. Since HIV-RNA level was determined retrospectively, we
modeled an effect of calendar time on the level (representing the effect of
storage of frozen samples and the increasing availability of treatment), but
no effect on the variance of the measurement error.

We used a Bayesian approach to parameter estimation, starting with non-
informative priors for the parameters. Posterior distributions were obtained
via Markov Chain Monte Carlo techniques, using the WinBUGS package.
Three chains with different sets of initial values were generated. In order
to reduce posterior correlations, we used hierarchical centring in the para-
metrisation (Gelfand et al (1995)).

Results from the joint model were compared with the results from a ran-
dom effects model that only incorporates the marker trajectories without
correction for dropout due to AIDS.

3 Results

In total, we had 6761 CD4 records. The number of measurements per person
ranged from 1 to 59 (median 14). For HIV-RNA level, we had 3807 records,
ranging from 1 to 55 per person (median 8). Of the HIV-RNA records, 344
were below the detection limit.

Hierarchical centring greatly improved convergence. Only about 4000 it-
erations were needed instead of 50000 if no centring was done. Moreover,
updating was done about three times faster.

The selection model and the random effects model give more or less similar
parameter estimates for the population effects. Difference in parameter esti-
mates, relative to the width of the 95% credibility interval of the parameter
under the selection model, remains below 12%. The largest differences are
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TABLE 1. Parameter estimates and coverage probabilities of the 95% credibility
intervals (in brackets). (ID=Informative dropout, MAR=Missing At Random)

random effects model ordinary least squares model
a ] o 3
ID 9.59(0.94) -0.57(0.92) 8.62 (0.00) -0.21 (0.000)
MAR 9.60 (0.95) -0.58 (0.95) 9.51 (0.23) -0.59 (0.086)

seen for some of the parameters from the covariance matrix of the ran-
dom effects (op, : —11%, o¢, : —6.1%, pPby,e, © 7.9%) and the parameters
for the RNA development (calendar period effect France: —8.5%; calendar
period effect Amsterdam 1988-1992 relative to before 1988: 12%; effect age
on RNA slope: —7.7% and RNA slope parameter fa: 5.1%). Relative bi-
ases in all other effects remain below 5%. Larger differences are seen in the
individual random effects for individuals who had few records and a long
period between the last record and the moment of censoring or AIDS.
After the initial drop, HIV-RNA load increases again at the population
level. The same pattern is seen for the selection model and the random
effects model. However, the ordinary least squares model gives highly biased
results: after the initial drop, HIV-RNA remains at a stable level.

4 A Simulation Study

We did a simulation study in order to investigate the amount of bias in
the random effects model and in the ordinary least squares model when
the probability of dropout depends on a person’s marker trajectory. We re-
stricted to the development of one marker (CD4 count), without covariates.
Individual intercepts a; and slopes b; follow a bivariate normal distribution,
with mean (a, 3) = (9.6, —0.58) and o, = 1.48, 0, = 0.45, pgp = —0.495.
For each person, a random censoring time is generated from a uniform
distribution on [0,20]. The hazard of the event of interest is given by
A(s) = dexp{y x (a® + b%s)}, with A = 1.8 and v = —0.5. The time span
between subsequent observations is drawn from an exponential distribution
with mean 0.25 years. Two thousand samples were generated, each sample
containing data from 400 persons. We also generated one thousand samples
in the situation that dropout only occurred through the censoring mecha-
nism. Results are summarized in Table 1. Again we see that the random
effects model performs well under our informative dropout mechanism.

5 Conclusions

The bias in the parameter estimates from a random effects model when
informative dropout is present is small in our data set used. This result is
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confirmed by the simulation study. It contradicts earlier results (Faucett
and Thomas (1996), Touloumi et al (1999)), but may be explained by
the large number of records per individual and the good follow-up until
AIDS or censoring. The largest bias, although still small, is found in the
parameters that describe HIV-1 RNA development and in the covariance
matrix of the random effects. Also, larger biases are found in the individual
random effects. The set point theory of viral load development seems to be
an artefact caused by the frequent use of an ordinary least squares model
to describe HIV-RNA development.
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Abstract: This work is motivated by the need of knowing computer cache rates
over a wide range of architectural configurations while being able to simulate only
a small fraction of them. We present methodology for fitting multivariate models
to available cache rate data. The models must be smooth and possess two fea-
tures. First, they interpolate (replicate) the data set itself. Second, they produce
meaningful extrapolation beyond the range of the simulation data along several
dimensions simultaneously corresponding to large cache configurations. This is
achieved by gradually transitioning from an interpolation model to a smooth
extrapolation model via a set of intermediate models of varying smoothness.

Keywords: Nonparametric regression; Smoothing; Extrapolation; Cache simu-
lation.

1 Introduction

We consider the following regression problem. Given sample pairs (z;, ;)
that leave large portions of the domain region unexplored, we would like to
estimate the functional relationship between z and y fulfilling the following
three requirements. Let f denote the estimate, X be the domain region of
interest and C C X be the data region. In the absence of “holes” in the
data, it can be defined as the convex hull of the z,.

Requirement 1. f(x;) = y;. This is the interpolation property.
Requirement 2. Over the extrapolation region X' \ C, f is the smoothest
possible function that still captures the trends in the data.

Requirement 3. f is smooth over X.

Req. 2 implies that f should be very smooth over the extrapolation region
while Req. 1 stipulates that f must be rough enough to pass through all
the data points. Therefore, f has to make a smooth transition achieved by
gradually increasing the smoothness of f as we move away from the data.
If the data are sampled evenly within C (no holes), the smoothness will be
increased as we move away from C. Constructing models of variable smooth-
ness has been widely considered (Fan and Gijbels (1995), Ruppert (1997),
Schimek (2000)). Frequently, one selects the amount of smoothness locally
based on a criterion, such as the mean squared error (MSE). The primary
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distinguishing feature of modeling cache rate data is the need for extrapola-
tion. Smoothness selection is hard for such models because one is unable to
estimate the model bias over X'\ C (nor variance for heteroscedastic models)
deeming the local MSE approach infeasible. A secondary feature is that the
data set is noiseless, thus, one need not consider smoother models at the
expense of breaking Req. 1. It will be seen, however, that a similar method
would work for noisy data as well for building a conditional expectation
estimate f over X'\ C after standard smoothing is carried out over C.

Our motivation for considering this problem is computer system perfor-
mance estimation. Computer system models take as inputs cache rate data
and output performance estimates as well as resource utilizations that al-
low one to identify bottlenecks. A cache rate is the frequency of a par-
ticular memory event. A (single level cache) system configuration is para-
meterized by the number of processors, cache size, and some other cache
attributes. (Hennessy (2003)). A typical dataset consists of four to six pre-
dictors (the configuration parameters) and a continuous response (the cache
rate). Caches can usually be simulated over a regular design covering the
set of simulatable architectures. This would be the set C. Gluhovsky (2003)
discusses cache simulation constraints. However, performance analysis is
usually required over a considerably broader domain requiring extrapola-
tion. For example, we were only able to simulate configurations with up to
16 processors, while we are interested in designing machines with as many
as 256 (logical) processors!

2 Building the Model

The first step in building model f is fitting a set of models fy, -, far
of different constant smoothness. The models are indexed with increasing
smoothness. The idea then is to use the roughest interpolation model fy
over most of C and switch to progressively smoother model as we move
away from C.

The emphasis of this work is on integrating the models of different smooth-
ness. Our hope is that the ideas are applicable to a variety of modeling
methodologies. To be concrete, for fy we chose an interpolating thin-plate
spline. It is the smoothest function that passes through all the data points,
thus, satisfies Req 1. Details of the smoothness criterion and fitting thin-
plate splines can be found in Green and Silverman (1994). It is well known
that the behavior of thin-plate splines is not suitable for extrapolation.
Therefore, we move to a smoother set of models. In this work, we chose
f1,--+, f; to be additive models with bivariate interactions. They are fit-
ted via backfitting (Hastie and Tibshirani (1990)) using a locally weighted
running-plane smoother (Hastie and Tibshirani (1990), Cleveland and De-
vlin (1988)) with the same weighting kernel bandwidth for each of the addi-
tive components. Those bandwidths increase from f; to fys (thus fas is the
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smoothest model) and are chosen to be equally spaced on the logarithmic
scale. Our goal now is to keep fy over and around the data points, use fas
for much of the extrapolation region and use the intermediate models to
facilitate the transition.

First, let us quantify Regq. 2. We have to limit the smoothness of f from
above; a model that is too smooth at the expense of losing the trend of the
data would not define useful extrapolation. For a straightforward measure
of the goodness of fit of f/, we chose a high, say, a = .9-quantile of the
absolute residuals |f’(z;) — yi|, where f’ has constant smoothness. Denote
the a-quantile by r,. Then we constrain all models f,, to satisfy

To | fm(z;) —wil} < (1)

for some threshold ~.

The idea behind model integration is the following. As we move away from
the data, rougher models become unstable and we observe wider discrep-
ancy between the M + 1 fits. Observing the discrepancy at z that is higher
than that over the data region points towards using a smoother model.
We would like to catch the transition early enough, so that jumping to a
smoother model is smooth. On the other hand, we do not want to sacrifice
the quality of the fit near the data by using too smooth a model.

Define the model m instability of the fit measure s(z, m) at € X via

s(z,m) = range{fi(z) : k =m}.

If s(z,m) is small and models fi, k > m produce similar fits at z, this is an
indication that the variability of the estimates due to extrapolation is not
much of as issue for model m. It is possible that we are not flexible enough
to pick up the trend of the data as well as we could. On the other hand,
a large s(z,m) indicates that any potential gain in picking up the trend of
the data is likely to be offset by loose control of the behavior of f,,.
Define R(m) = rq {s(z;,m)}, the a-quantile of the instability measures
over the data points for, say, a = .9. Let

p(z, m) = s(xz, m) + (R(0) — R(m)) (2)

define the penalty for using model m at z. Its interpretation is that we
penalize for the instability of the fit by s(z,m), but we discount it by
R(m) as the part being consistent with an interpolation problem. Adding
R(0) makes both summands nonnegative, as R(m) decreases with m. In
what follows let R(m) be redefined as R(m) «— R(0) — R(m).

We also considered another measure for whether or not a location x should
be treated as part of extrapolation based on how far from the data points z
is. Rather than examining the geometry of the data set, which is generally
not tractable in several dimensions, the idea is to fit a smooth model to
the indicator vector 1y, y in X of the data points (it is zero over X'\ {z;}).
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A smooth function I that approximates this indicator is obtained by fit-
ting a logistic locally weighted running plane model (Hastie and Tibshirani
(1990)). To use I(z) in the penalty definition (2), we opted for

p(z,m) = s(z,m) +r(m) + (1 = (co = I(z))+/co)(R(m) —r(m))  (3)

for a given ¢y, where r(m) is defined similarly to R(m) except for a smaller
a. ¢g is taken to be, say, r.1{I(z;)}. Thus, we lower the tolerance to insta-
bility of the fit if we are told by I to expect to use a smoother model. The
reason to involve ¢ is to keep the original tolerances R(m) over most of
the data points.

Due to space limitations, we can only give a flavor of the last piece of the
procedure. Observe that while the penalties (3) of two different models at
some x may be similar, their fits may be rather different. If two different
models are used at nearby locations, it may lead to a roughness in f.
If the two models have similar penalties, we would prefer to discourage
such behavior by incurring a slightly larger combined penalty, but using
the same model at both locations. In general, we expect that as we move
away from the data, the models used gradually become smoother, thus,
defining contiguous regions where the same model is used. The details will
be presented elsewhere.

3 Cache Rate Data Model

Space limitations allow us to only show a glimpse at the procedure. Figure 1
presents a slice through a 4-dimensional surface f for the total cache miss
rate varying the number of processors with the other three arguments fixed
at some values. There are four data points within this slice corresponding
to processor levels 0, 2, 3, and 4 shown as small dots. The small dots
(including those just mentioned) depict the fit given by fy. The lines are
smooth additive fits f1,---, fg. The circles are the final model f. As can
be seen, the procedure chose the second roughest model f; at level 1 that
is close to the data and the smoothest model fg at levels 7, 8, and 9 far
from the data. The transition was facilitated by two intermediate models.
We can observe a widening discrepancy between the fits as we move away
from the data and a particularly loose behavior of fj in the extrapolation
region.
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FIGURE 1. Slice through f showing all the models.
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Abstract: Biomedical researchers are often interested in estimation and testing
of treatment effects on multiple outcome variables. A motivating example for
this paper is a randomized clinical trial of two depression treatments in which an
ordinal and a continuous measure of depression severity are collected repeatedly
over 7 weeks. We formulate a latent variable mixed model for joint analysis of
the two outcomes and compare results between joint and separate analysis of
the response varaibles. Maximum likelihood estimation via adaptive Gaussian
quadrature is used for estimation and inference. Likelihood-based methods are
used for model comparison. Bias and efficiency comparisons between joint and
separate fitting of the response variables are performed via simulations.

Keywords: Latent variable; Gaussian quadrature; Multivariate response; Re-
peated measures.

1 Introduction

In randomized clinical trials and observational studies medical researchers
often measure multiple outcome variables and analyze these responses sep-
arately. Traditionally in such situations either no correction or the very
conservative Bonferroni correction for multiple tests is applied. Since the
outcome variables often correspond to the same or related latent processes,
models with correlated or shared random effects can be fitted to several
related outcome variables. This approach can keep the alpha level closer to
the nominal level, may improve efficiency of treatment effect estimates, and
may provide additional information about the relationship between vari-
ables. A number of authors have considered such models for cross-sectional
data or for repeatedly measured data on responses of the same type. The
case of multiple outcomes and repeated measures is complicated since two
types of correlations must be taken into account: correlations between mea-

171



172 A Joint Model for Repeated Discrete and Continuous Outcomes

TABLE 1. Average HAMD and CGI scores for the two treatment groups over
time in the randomized clinical trial of depression.

HAMD CGI
Week  Active augmentation Active Active augmentation Active
0 29.27 31.08 4.12 4.30
1 23.27 26.13 3.60 3.88
2 18.43 20.91 3.14 3.52
3 15.57 19.82 2.90 3.50
4 14.35 18.61 2.65 3.39
5 10.58 14.25 2.58 2.89
6 8.89 11.68 2.00 247

surements on different variables and correlations between measurements on
the same variable within cluster or subject.

In this paper we formulate a latent-variable mixed model for a combi-
nation of ordinal and continuous outcomes measuring the same underlying
process over time. We use maximume-likelihood estimation for model fitting
and likelihood methods for model comparison. The motivating dataset is
from a double-blind randomized clinical trial of two depression treatments
(Sanacora et al., 2003). Fifty subjects with a diagnosis of major depres-
sion are randomly assigned to receive either active or active augmentation
treatment. Hamilton depression scale ratings (HAMD) and clinical global
impression (CGI) ratings are obtained weekly over a period of 6 weeks. Both
variables measure depression severity. The hypothesis of interest is whether
the experimental treatment group demonstrates faster improvement than
the standard treatment group. The HAMD score is best treated as con-
tinuous measure and can be assumed to be normally distributed based on
normal probability plots. The CGI is an ordinal variable measuring sever-
ity of illness on a scale from 1 to 7, with 1 indicating “normal, not at all
ill” and 7 indicating “among the most extremely ill patients”.Since there
is only one value in categories 6 and 7, categories 5, 6 and 7 are combined
in one. Means for each treatment group over time are shown in Table 1.

2 Model Definition and Properties

Let y;;1 and ;52 denote the continuous and the ordinal outcome respec-
tively, measured on the 3" subject i = 1,..] at the j** time point,
j =1,...J. Let also [;; be the true unobserved depression status for the
it" subject at time j.

The model is defined by the following equations:
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Yij1 = Po+ Bili; + €ij1,
Yijz = C (1f Te—1 < lij + €ij2 < Te, C:1,...5, To = —00, T5 = +OO),
lij = XZ;’7 -+ Z;I;bz -+ €ij-

Here 3y is a shift parameter, 31 is a factor loading parameter, the 6’s are
unknown thresholds. As usual XZ;» and zz;» are covariate vectors, 7 is a
parameter vector describing the effect of covariates on the latent response
and b; are subject-specific random effects. The fixed effects in the latent
variable model are treatment, linear time, quadratic time, treatment by
linear time, treatment by quadratic time. We assume a random intercept
and a random slope. Let also €;; ~ i.i.d.N(0,0?), independent of €;;1 ~
i.i.d.N(0,0%), €;j2 ~ i.i.d.N(0,03) and of the random effect vector b; ~
i.t.d.N(0,X). For identifiability we set 79 = 0 and o9 = 1.

If the underlying continuous outcome is observed this model reduces to the
model of Roy and Lin (2002) with no variable-specific random intercepts. If
each outcome is considered separately, the above formulation corresponds
to a linear mixed model for the normal response and to a correlated probit
model for the ordinal response. The proposed model can also be rewritten
as a generalized latent and linear mixed model (GLAMM, Rabe-Hesketh,
Pickles and Skrondal (2001)) and fitted using the gllamm function in Stata.
Our model provides a test for a common treatment effect and can handle
irregularly spaced observations. Its correlation structure implies that mea-
sures on two different subjects are independent and measures on the same
occasion between two variables are more highly correlated than measures
taken on the same two variables but lagged over time. Although formulated
for a single continuous and a single ordinal outcome the model extends to
multiple binary, ordinal and continuous outcomes measuring the same un-
derlying process.

3 Maximum Likelihood Estimation and Model
Comparison

3.1 Adaptive Gaussian Quadrature

The marginal log-likelihood involves integration over the random effects
distribution and over the error distribution of the latent process. The main
challenge is that the integrals are nested and the inner integrand depends
on the values of the random effects b; which are unknown and have not
been integrated out yet. To solve this problem Rabe-Hesketh, Skrondal
and Pickles (2002) developed an iterative adaptive Gaussian quadrature
procedure for estimation of multilevel models and implement the approach
in gllamm in Stata. When the dimension of integration is large, an exten-
sion of the Monte Carlo Estimation Conditional maximization method of
Gueorguieva and Agresti (2001) can be used.
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TABLE 2. Adaptive Gauss-Hermite quadrature estimates for the Depression Data
Ezxzample.

HAMD only CGI only HAMD-CGI

Parameter Estimate(SE) Estimate(SE) Estimate(SE)
Intercept 30.57(1.33) - 30.47(1.32)
Factor loading - - 3.79(0.48)
Threshold 1 - -6.60(0.61) -7.14(0.87)
Threshold 2 - -3.70(0.39) -4.99(0.67)
Threshold 3 - -1.71(0.30) -2.83(0.49)
Threshold 4 - 0.92(0.30) 1.01(0.39)
Treatment -1.60(1.74) -0.25(0.42) -0.40(0.49)
Time 4.63(0.53)  -0.56(0.22)  -1.20(0.22)
Treatment x time 11.28(0.92)  -0.48(0.31)  -0.35(0.25)
Time? 0.33(0.07) 0.02(0.02) 0.10(0.02)
Treatment x time? 0.11(0.13) 0.04(0.04) 0.03(0.04)
Var. of rand. intercept  30.60(7.76) 0.91(0.43) 2.09(0.72)
Var. of rand. slope 2.57(0.73) 0.26(0.09) 0.18(0.07)
Covar. of rand. effects ~ -3.61(1.87) -0.09(0.13) -0.22(0.13)
Var. of latent variable - - 0.95(0.18)
Var. of HAMD 15.04(1.48) - 1.46(1.94)
Log-likelihood -952.4 -284.5 -1154.84

3.2 Model Comparison

It is of interest to compare the fit of the joint model relative to the fit of
separate models for the two response variables. However since the models
are not nested the likelihood ratio test can not be applied. Here we use the
ratio of geometric means of the contributions to the maximized likelihood
Pmam, Proposed by Agresti and Caffo (2002). Values greater than 1 indicate
that model m; is better than model ms.

4 Results

Table 2 contains parameter estimates obtained using the two separate mod-
els for the two outcome measures and the joint model.

In all models all effects involving treatment are non-significant indicating
that treatments are not significantly different. Due to the difference in scale
the estimates from the continuous only model are not directly comparable
to the estimates from the joint models. Since the estimate from the con-
tinuous only model is equal to b = 3.79 times the estimate from the joint
model we can use the delta method to obtain directly comparable parame-
ter estimates. In general, regression estimates from the joint models are in
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between the estimates from the continuous only and the ordinal only mod-
els, and standard errors are similar. The likelihood based model comparison
reveal that the joint model fits better than the separate models pys = 5.16
and this model provides the best predictions at the subject level. A limited
simulation study suggests that separate fitting of the continuous response
variable is almost as efficient as joint fitting of the outcome variables and
that in small samples the bias in regression parameter estimates may be
smaller in the separate continuous model than in the joint model. On the
other hand the separate model for the ordinal outcome shows larger bias
and larger standard errors of the regression parameter estimates than the
continuous only and the joint models.

5 Discussion

The results from the data example suggest that CGI does not contribute
a significant amount of additional information about the latent process in
excess of what is contained in HAMD and in view of the complexity of the
joint model, a continuous only model may be preferrable. It is possible to
extend the model to the case of two or more latent outcomes when each of
these latent outcomes is measured via a different set of predictor variables.
The model formulation can also be extended to situations with informative
dropout by jointly modeling the outcomes and the probability of dropout.
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Abstract: Nested survival data may be modelled by random-effect models such
as multilevel mixed linear models and frailty models. We show how to analyze
the well known chronic granulomatous disease data, which comprise recurrent
infection times of patients from different hospitals, using both types of multilevel
survival models and discuss their relative merits. Inference is based upon hierar-
chical likelihood, which provides a simple unified framework and a numerically
efficient fitting algorithm for various random-effect models.
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1 Introduction

Multilevel (or nested) structures often arise in biomedical research. We an-
alyze a set of data on chronic granulomatous disease (CGD, Fleming and
Harrington, 1991). Recurrent infection times of patients from different hos-
pitals were observed. Both hospital and patient effects can be considered
as random, with patient effect being nested within hospital. For analysis
of survival data, there are two ways of introducing random effects. The
frailty model (FM) introduces random effects into the hazard rate of re-
current event times, while the mixed linear model (MLM) introduces them
into the expected values of recurrent event times. FMs specify the fixed-
and random-effects multiplicatively on the conditional hazard rate, while
MLMs specify them additively on the mean of recurrent event times. FMs
are semi-parametric and fairly flexible, and their covariates can be time-
dependent. However, FMs have been mainly developed for survival data
analysis. MLMs have been widely used in many other areas, so that inter-
pretation of their fixed and random effects is more familiar to statisticians.
Because censored observations can be handled they can be useful alter-
natives to FMs for analysis of multivariate survival data. It is well known
(Goldstein, 1995) that ignoring important sources of random variation may
render traditional methods of statistical analysis invalid. Thus, multilevel
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random-effect models are of interest. However, the difficulties encountered
in extending these models prevent them from being well developed. Sas-
try (1997), Bolstad and Manda (2001) and Yau (2001) all studied limited
classes of multilevel FMs as we shall see in Section 3. Multilevel models
assume that random effects have a nested structure, which is not neces-
sary for our approach. As far as we know, there is no existing literature on
multilevel MLMs for analyzing nested survival data.

Recently Lee and Nelder (1996, 2001) have introduced the hierarchical
likelihood (h-likelihood) which avoids the intractable integrals necessary
to obtain the marginal likelihood. The h-likelihood gives a straightforward
generalization of the fast and statistically efficient fitting algorithm for both
single random-effect FMs and MLMs (Ha, Lee and Song, 2001, 2002) to
their multilevel forms (nested and/or crossed).

2 The CGD Data

The CGD data set in Fleming and Harrington (1991) consists of a placebo-
controlled randomized trial of gamma interferon (7-IFN) in CGD. The aim
of the trial was to investigate the effectiveness of the gamma interferon
on serious infections in CGD patients. In this study, 128 patients from
13 hospitals were followed for about 1 year. The number of patients in a
hospital ranges from 4 to 26. Of the 63 patients in the treatment group, 14
patients experienced at least one infection and a total of 20 infections were
recorded. In the placebo group, 30 out of 65 patients experienced at least
one infection, with a total of 56 infections being recorded.

Let T;; be the infection time for the kth observation of the jth patient in
the ith hospital. In the CGD study about 63% of the data were censored.
The recurrent infection times for a given patient are likely to be correlated.
However, since each patient belongs to one of the 13 hospitals, the corre-
lation may also be due to a random hospital effect. Yau (2001) developed
multilevel log-normal FMs, in which infections, patients and hospitals are
respectively defined as level 1, level 2 and level 3 units. He considered a
single fixed covariate z;;; (= 0 for placebo and = 1 for gamma interferon).
The estimation of the variances of the random effects was also of interest.
Throughout the paper, we let U; be the unobserved frailty (or random ef-
fect) on the ith hospital and let U;; be that on the jth patient in the ith
hospital. We assume that the frailties U; and U;; are mutually independent
and have density functions with frailty parameters o; and as, respectively.

3 Multilevel Frailty Models

Consider the multilevel FM below. Given U; = u; and U;; = wug;, the
conditional hazard function of Tj;; is of the form

Nigi (tui, wig) = Ao (t) exp(ay, B)uiuij, (1)
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TABLE 1. Analyses using multilevel FMs. a1(az), the variance of the hospital
(patient) frailty. M1, the Cox model (a1 = az = 0); M2, two-level FM(ay > 0,
ag = 0); M3, two-level FM(an = 0, aa > 0); M4, three-level FM with both
frailties. 31, the estimate of v-IFN effect B1; (), the corresponding estimated
standard error. hp, the adjusted profile h-likelihood.

Model ﬁl al (/Jé\g —2hp
M1 -1.086 — — 707.42
(0.268)
M2 -1.119  0.157 — 703.62
(0.269)
M3 -1.062 — 0.778 693.24
(0.321)
M4 -1.067 0.024 0.750 693.20
(0.319)
where \o(+) is a nonparametric baseline hazard function, 3 = (31,...,8,)T
is a p x 1 vector of regression parameters and x;;, = (Ccijm, - ,:L'ijkp)T is

a vector of fixed covariates. Following Yau (2001), we assume log Normal
frailties; V; = logU; ~ N(0,0q) and V;; = logU;; ~ N(0, az), so that the
zero variances represent the absence of corresponding random components.
For example, oy = ag = 0 corresponds to the Cox proportional hazards
model. If a; = 0 but ay > 0, the model (1) becomes a two-level model
without random hospital effects. Similarly, if as = 0 but a; > 0, the model
is without random patient effects. If both ; > 0 and a > 0, the model (1)
becomes a three-level model, requiring both random patient and random
hospital effects. With FMs we can model the hazard rate of a series of
infections in CGD patients.

The results are summarized in Table 1. For the three-level model our results
are very similar to those of Yau (2001) ignoring ties. For example, in the
three-level FM, we have 3; = —1.067 with SE (standard error) = 0.319,
a1 = 0.024 and as = 0.750, while Yau (2001) has Z?I = —1.069 with SE =
0.320, @1 = 0.025 and @z = 0.758. When there are no ties Yau’s method
is identical to ours. However, the estimate of frailty parameters can be
sensitive to ties (Therneau and Grambsch, 2000, pp. 250). Lee and Nelder
(1996) showed that the deviance (—2hp in Tables 1 and 2) can be used for
testing the absence of a random component. Here, hp is the adjusted pro-
file h-likelihood for dispersion components after eliminating nonparametric
baseline cumulative hazards Ag(t), fixed-effects 5 and random-effects v.
Note that such a hypothesis is on the boundary of the parameter space,
so the critical value is x3, for a size A test (Chernoff, 1954). For testing
the absence of random-hospital effects Hy : a7 = 0,2 > 0 the deviance
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difference is 0.04, which is not significant at a 5% level (X%,O‘IO = 2.71),
indicating that the random-hospital effects are not necessary. For testing
the absence of random-patient effects Hy : a; > 0, as = 0 the deviance dif-
ference is 10.42, indicating that the random-patient effects are adequate.
In addition, the deviance difference between the random-patient-effect only
model (a3 = 0, g > 0) and the one-level Cox model (a1 = g = 0) is 14.18,
i.e. the two-level model with the random-patient effect only appears to fit
the data best, agreeing with Yau’s (2001) conclusion. In the final lognormal
FM, E = —1.062 (SE = 0.321) suggests that 7-IFN significantly reduces
the rate of serious infections for CGD patients. With the h-likelihood we
can use other frailty distributions. We tried gamma FMs, not reported here,
and they provide similar results to the lognormal FMs. The choice of frailty
distribution is relatively unimportant in inferences about fixed effects: see
Sastry (1997) and Ha and Lee (2003) for FMs, and Ha et al (2002) for
MLMs.

4 Multilevel Mixed Linear Models

For the responses log Tj;, we consider the three-level MLM
log Tije = ;.8 + Ui +Usj + €iji,s (2)

where ik = (1, Zijk1, .-, Tijkp)’ is a vector of fixed covariates, 8 =
(Bo,B1,---,Bp)T is a (p+ 1) x 1 vector of fixed effects, U; ~ N(0, ),
Uij ~ N(0,a2), and €55 ~ N(0,¢) are mutually independent and ¢ is
the within-dispersion component. In MLMs the covariate acz; & includes the
intercept term, while in FMs the intercept term is not necessary, since it
is confounded with the baseline hazard. With MLMs we directly model
the recurrent times of serious infections in CGD patients. Note here that
(a1 = 0,2 = 0) corresponds to one-level regression model without ran-
dom effects, (a1 = 0,a2 > 0) to two-level model without hospital ef-
fects, (ag = 0,1 > 0) to two-level model without patient effects, and
(a1 > 0,2 > 0) to three-level model, requiring both patient and hospital
effects. Without censoring, model (2) is a standard MLM whose inferential
procedures have been well developed. MLMs allowing censoring have been
studied by a few authors, for example, Klein et al (1999), and Ha et al
(2002). However, they have been restricted to single random-effect mod-
els. With the h-likelihood we can easily extend Ha et al’s (2002) method
to multilevel MLMs. Ha et al (2002) demonstrated by a numerical study
that the h-likelihood procedure is robust against violations of the normal
assumption.

The results are given in Table 2. As with analyses of the FMs we use the
deviance (—2hp) for testing the absence of a random component. Here, hp
is the adjusted profile h-likelihood for dispersion components after elimi-
nating fixed and random effects. The deviance (—2hp) shows again that the
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TABLE 2. Analyses using multilevel MLMs. a1(az), the variance of the random
hospital(patient) effect; ¢, within-variance component. M1, the regression model
(a1 = ag = 0); M2, two-level MLM (a1 > 0, a2 = 0); M8, two-level MLM (cv; = 0,
az > 0); MY, three-level MLM with both random effects. ﬁo(ﬁl), the estimate of
the intercept Bo (v-IFN effect B1); (), the corresponding estimated standard
error. hp, the adjusted profile h-likelihood.

Model 60 61 (321 (322 (725 72hp

M1 5.428 1.494 - - 3.160 426.52
(0.185)  (0.322)

M2 5.594 1.470  0.294 - 2.872 422.00
(0.249)  (0.313)

M3  5.661 1.237 - 0.722  2.163 417.60

(0.202) (0.331)
M4 5684 1262 0.085 0.635 2.182 417.24
(0.220)  (0.328)

two-level MLM with only the random patient effect fits the data best. In
the final MLM $; = 1.237 (SE = 0.331) means that the v-IFN significantly
prolongs the recurrent infection times.

5 Discussion

In the CGD data the proportional hazards assumption may be suspect
(Lindsey, 1995). By introducing frailties in FMs we may overcome such a
restriction (Keiding et al, 1997). Indeed the deviance test shows that we
need random effects and the two-level models with only random patient
effects are chosen as final models among models we considered. FMs and
MLMs lead to equivalent conclusions; FMs show that ~4-IFN reduces the
hazard rate for serious infections, while MLMs show that it prolongs the
recurrent infection times. We concluded via a residual analysis (not shown)
that both models are equally plausible. Because both models fit the data
equally well, we may use a FM when interest is on reduction of the hazard
ratio or a MLM when it is on prolonging of recurrent infection times.
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Abstract: To asses the sensitivity of conclusions to model choices in the context
of selection models for non-random dropout, one can oppose the different missing
mechanisms to each other; e.g. by the likelihood ratio tests. The finite sample
behavior of the null distribution and the power of the likelihood ratio test is
studied under a variety of missingness mechanisms.
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1 Introduction

In a longitudinal setting, units are measured on several occasions. It is not
unusual that a sequence is not fully observed, due to intermediate missing-
ness and dropout. In the context of maximum likelihood inference, Rubin
(1976) classified missing data into three types, namely missing completely
at random, missing at random and missing not at random. Diggle and Ken-
ward (1994) use a selection model to represent such a process. A selection
model consists of two parts: a measurement part and a missingness process
part. Such a model relies on strong and untestable assumptions. Not only
the distributional assumptions can be misspecified but also the presence of
missing data can have a large impact. In classical theory, the asymptotic
distribution of the likelihood ratio test is a chisquare distribution with de-
grees of freedom equal to the difference in number of parameters. Careful
considerations have to be made when using this result to test for missing
not at random as shown by Rotnitzky et al (2000). We will first provide
a motivating example from Rotnitzky et al (2000), then we will introduce
selection models. In a simulation study, we will illustrate the finite sample
behavior of the likelihood ratio test and we will conclude with some current
research topics.

2 A Motivating Example

The following example is used in Rotnitzky et al (2000). Let Y7,---,Y,, be
a sample of n observations from a normal distribution with mean 8 and

183
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variance o2. Suppose there is missingness in this sample which is possibly
related to the outcome itself. Let us denote this conditional probability by
P.(y; 00, 0) = (01 v=0)/)

where ap and oy are unknown parameters and H(.) is a known function
assumed to have its first three derivatives at ap non-zero. Interest goes
out to test whether vy = 0 which corresponds to missing completely at
random. We thus consider two random variables (R,Y) where R is a binary
indicator, which is 1 if Y is observed and 0 otherwise. The contribution of
one individual to the loglikelihood is thus

r[=logo — (y — 8)*/(20%) + H{ao + a1 (y — §)/0}]
+ (1 —=r)llog E{1 — Pe(y; ao, a1)}]
For n individuals the loglikelihood L, (3,0, ag, 1) is the sum of n such

terms., If we have a look at the score vector at the null point 3, o, ag, 1 =0
we obtain the following equations.

r(y —B)/o”
r(—o? + (y — )% /o®

(o eH(ag)
rH' (ag) — (1 — r)%

rH' (o) (y — B)/0

We can see that this score vector is degenerate at this particular parameter
point. Equivalently, the information matrix calculated from expected sec-
ond derivatives is singular at this parameter point.

Rotnitzky et al (2000) show that likelihood-based inference with a singular
information matrix can have some consequences with respect to the distri-
bution of the likelihood ratio test. Depending on the nature of the model
either the asymptotic distribution can be a mixture of y2-distributions or
the convergence rate is very slowly. Due to these demerits the application
of the asymptotic distribution has to be considered with care. We will il-
lustrate this behavior in the context of selection models by simulations.

3 Selection Models

Let us assume that for subject 7, ¢ = 1,---, N, a sequence of responses Y,
is measured at several occasions j = 1,2,...,J. Let R;; be a missingness
indicator and assume that y;; is always observed. Then r;; = 0 if y;; is
missing and 7;; = 1 if y;; is observed. The measurement part of the model
of Diggle and Kenward (1994) is given by

Yi=(Ya,....Y) ~N(X;8,%), i=1,...,N,
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where (§ is a vector of fixed effects, X; is a matrix containing covariate
values and X; is a covariance matrix. The missingness process is described
by

logit[Pr(Rij = 1|yij—1,%ij)] = Yo + V1Y j—1 + V2Yij,

where Pr(R;; = 1|y; j—1,%i;) is the probability for the ith subject to drop
out at time j. If 1o differs from zero, the missingness process is non-random.
Let us denote

g(hia, yia) = Pr(Ria = 1|¥i,d—1,Yid)

with d the time of dropout and hiq = (1, ..., yid—1) the history of y;q,
which we now restrict to depend on the previous measurement only. The
total loglikelihood has the form

-

%

N .
(rily + (1 —1i)e}),
=1

with ¢ the contribution for an incompleter

d;—1
0 =1n f(hia) + > _ [l — g(hy, yij)] + ln/f(yid|hid)g(hidayid) dyia

=2
and £§ the contribution for a completer

J
06 =1n f(y;) + Zln[l — g(hij, yis)]-

Jj=2

The likelihood ratio test statistic for testing MNAR versus MAR is then
given by
G = —2[lpNnaRr — {rmAR]-

Due to the difference in only one parameter, the distribution of this statistic
can be misleadingly expected to be x?(1). Based on this statistic Kenward
(1998) and Molenberghs et al (2001) rejected the null hypothesis of missing
at random on a value of 5.11, which corresponds to a P-value of 0.02 for
their data example (Mastitis in dairy cattle). They compared this result
with the Wald test (P-value of 0.002) and concluded that the asymptotic
approximations are not very accurate. Rotnitzky et al. (2000) state that
the regular assumptions of the likelihood ratio test statistic do not hold in
this case due to the singular information matrix. In the next paragraph,
we will illustrate the behavior of the likelihood ratio test statistic for the
different missingness parameters in a simple setting.
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4 Simulations

For this small simulation study 400 similar datasets were generated in 4
different settings. Each dataset consists of 200 subjects, each with two
measurements generated from a bivariate normal distribution. Consider the
following bivariate normal distribution, based on a compound symmetry

covariance matrix:
Yi 4 4 2
()=~ )-(2 3] 2

The dropout process was generated according to the following model
logit[P(R; = 1|Y;1,Yi2)] = =2+ 1 Yi +12Yin (2)

where 11 and 1o were chosen according to four different settings. In setting
1, the null hypothesis is ¥; = 0, given that ¥ = 0, while in setting 2 the
null hypothesis is ¥; = 0, given that 1 # 0. Setting 3 considers a test
for ¥ = 0, given that ¢; = 0 and finally in setting 4 > = 0 is tested,
given that 1 # 0. In the next table an overview of the different simulation
settings is given.

Data under Hy with

Y2 =0 Y2 #0
Hy: ¢ =0 Setting 1 Setting 2
Y1=0 Y1 #0

Hy : 9o =0 Setting 3  Setting 4

Figure 1 shows plots of the simulated null-distributions together with ap-
proximating y2-distribution.

5 Discussion and Further Research

From the literature and the simulation settings, it is clear that the likeli-
hood ratio test for testing missing not at random does not fulfill the regular
assumptions. The use of classical asymptotic results might clearly lead to
false results. A study of the theoretical asymptotical distribution and a
power simulation study are topics of current research.
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Setting 1: Density of the LRT ~ Chit(1) Setting 2: Density of the LRT ~ Chit(2)
RN 3
z z
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3 3
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Setting 3: Density of the LRT ~ Chit(10) Setting 4: Density of the LRT ~ Chit(2)
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0.0

density

0.2 0.4
density
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FIGURE 1. Density plots (dots) of the different settings with approzimating
x> -distribution (full line).
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Abstract: In this paper we consider study designs which include a placebo and an
active control group as well as several dose groups of a new drug. A monotonically
increasing dose response function is assumed, and the objective is to estimate a
dose with equivalent response as the active control group, including a confidence
interval for this dose.

We present different non-parametric methods to estimate the monotonic dose
response curve. One is based upon the well known isotonic regression estimator,
and the other one upon a non-negative least squares estimator. We introduce a
bias correction to overcome a bias for the second method.

We also use two different bootstrap methods to obtain the confidence intervals.
One is based upon the standard bootstrap. The other method is slightly more
sophisticated, and ensures that the resampling distributions comply with the
order restrictions imposed.

In our simulations we did not find any differences between the two bootstrap
methods. The non-negative least squares estimator yields biased results for mod-
erate sample sizes. The bias adjustment for this estimator works well, even for
small and moderate sample sizes. Surprisingly, we also found that this bias ad-
justed non-negative least squares method outperforms the isotonic regression
method in some situations, but we did not find any situations where the isotonic
regression method performs better. (Dilleen et al (2003))

Keywords: Monotonic dose response; Isotonic regression estimator; Restricted
least squares estimator; Bootstrap confidence intervals.

1 Introduction

The statistical modelling of dose-response relationships is a common prob-
lem in the pharmaceutical industry, which occurs in quantal bioassays, tox-
icology experiments, and clinical dose finding studies, as well as in many
other situations. In this presentation we are interested in a clinical appli-
cation of dose-response analysis, and in the estimation of a dose which has
an equivalent effect to the active comparator group.

We consider a study design which includes a placebo group (dy = 0), several
dose groups (dy,da, .. .dr) of a new compound, and an active control group,
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FIGURE 1. Comparison of Confidence Intervals Based Upon the Isotonic Regres-
sion Estimator and the Bias-Adjusted Non-Negative LSE. The bold lines refer to
the bias-adjusted mon-negative lse, and the dotted lines refer to isotonic regres-
sion estimator. The number of patients per group was n;, = 60, and the standard
deviation was 5.) (see Dilleen et al, 2003)

which is usually the standard treatment for the respective disease. We
assume there are ng patients in the placebo group, n; patients in the dose
groups (i = 1,...,I), and n, patients in the active control group. The
endpoint of interest is continuous, and we denote the observations in the
placebo group and in the dose groups as Yi1,...,Ys,, (for ¢ = 0,...,1).
Ya1, ..., Yan, are the observations in the active control group. The observed

mean values of the corresponding groups are denoted as Y;. or Y,.. The
expected means E[Y; | = f(d;) are assumed to be monotonic.

2 Estimating the Dose Response Curve and the
Confidence Intervals for the Equivalent Dose

We use different methods to model the monotonic dose response curve.
These methods have one feature in common: based upon the observed
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FIGURE 2. Comparison of Confidence Intervals Based Upon the Bootstrap and
Based Upon Korn’s Method using the Isotonic Regression Estimator (The dotted
lines refer to the bootstrap confidence band, and the bold lines refer to Korn’s
method using the isotonic regression estimator. The number of patients per group
was n; = 60, and the standard deviation was 5. ) (see Dilleen et al 2003)

means Yp. to Y7. a monotonic sequence f(do) < f(dl) <...< f(dl) will be
estimated. The monotonic dose response function f (d) is then obtained by
linear interpolation between f (d;) and f (dit1). The dose d which provides
an equivalent response as the active control is the solution to Y. = f (CZ)
A confidence band around this estimated dose d is obtained through boot-
strap techniques.

The first method is based upon the isotonic regression estimator. By
linearly interpolating between these monotonic estimates both the esti-
mated dose d and a bootstrapped 95% confidence interval around this dose
can be calculated. Simultaneous confidence bands for f(d) are also found
theoretically using the methods described in Korn (1982). From these, the-
oretical confidence intervals around d are found and compared with the
bootstrap method.
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TABLE 1. Mean Values for Different Dose Response Scenarios. The table displays
the mean values f(do),f(d1),... for siz different dose response scenarios. The
underlying study includes a placebo control and five doses (1mg, 3mg, 6mg, 9mg,
and 12mg) of a new drug.

scenario do=0 di=1 do=3 d3=6 dy=9 ds=12
convex 0 0.2 0.5 2 4 10
concave 0 3 6 8 9.5 10
sigmoid 0 0.25 1 5 9 10
linear 0 0.83 2.5 5 7.5 10
anti-sigm. 0 14 4 ) 6 10
extreme 1 0 0 5 5 5} 10
extreme 2 0 0 0 5 10 10

The second method is based upon the new non-negative least squares
estimator and described in Dilleen et al (2003). Here we assume that the
dose response curve f(d) is again monotonic, i.e. f(dy) < f(d1) < ... <
f(dr). We assume that the observations y;; = f(d;) +¢;;, and the residuals
€;; are generated from the same distribution and are all independent obser-
vations with zero mean and the same variance. The dose response functions
are assumed to be made up of of a linear combination of monotonic base
functions g;(d) such that f(d) = ag+ Zle Bigi(d). The parameters [3; are
initially estimated by the ordinary least squares estimator and in order to
comply with the order restrictions, the least squares estimator is modified
accordingly where the ﬁA:r are equated to zero if negative. We also assume
that the base functions are the distribution functions of uniform distribu-
tions on [d;—1,d;] which result in f(d) being a piecewise linear monotonic
function between f(d;—1) and f(d;). By modelling the dose response curve
using these monotonic estimates the dose which is equivalent to the active
control and its 95% confidence interval is obtained as they were for the
isotonic regression estimates.

However, it is easily seen via our extensive simulations that this method
is biased and therefore a third method based upon a bias adjusted non-
negative least squares estimator has been developed using a suitable
bias adjustment to the non-negative least squares estimate (see Dilleen et
al, 2003).

3 Comparison of the Methods Using Simulations

Main findings from extensive simulations, carried out using different un-
derlying scenarios based on a study design which includes 5 doses of a new
compound together with placebo and a competitor drug will be presented.
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We conducted an extensive simulation study to compare the three esti-
mation methods as well as to compare the different methods to obtain
confidence bands (see Dilleen et al 2003). Different underlying scenarios
were used for these simulations. They are based upon a dose finding study
with I = 5 dose groups (d; = lmg,ds = 3mg,ds = 6mg,ds = 9mg, and
ds = 12mg). These scenarios are explained in Table 1, where the mean val-
ues of the dose groups (including the placebo group dy = 0) are displayed.
The active control group means p were also varied and for each scenario
and each level of pu.

These simulations demonstrate that, surprisingly the new bias-adjusted
least square method outperforms the well-known isotonic regression method
in certain situations (see Figure 1). However there are not many situations
where the isotonic regression method performs better. Also using bootstrap
confidence intervals are shown to clearly outperform the corresponding the-
oretical approach (see Figure 2).
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1 Introduction

As reported recently in Keatley et al (2002), phenological study involves
the recording of recurring natural events such as the commencement of
flowering (Koch, 2000) or the arrival of migratory birds (Sparks, 1999),
and the influence on such events by edaphic and climatic factors. Recently
analyses of phenological data have been used to examine potential impacts
of climate change and the observed global increase in temperature (Sagarin
and Micheli, 2001). These studies, however, have thus far used data concen-
trated in the Northern Hemisphere. Currently, there are limited phenologi-
cal studies undertaken at a research level in Australia (Keatley et al, 1999;
Manning and Nobre, 2001). This study is one of the first attempts to utilise
Australian phenological data to detect responses to climate change (Keat-
ley et al, 2002). The data represents a long time series, for Australasian
standards, using more than 30 years of monthly readings, in excess of 400
flowering/climate time points. This paper focuses on one species, E. leu-
coxylon (E.l.), but is part of a larger study examining eight Eucalypt species
flowering profiles from Jan 1938-Mar 1972 (Keatley et al, 2002, 2000, 1999).
The primary aim of this paper is to investigate the relationship between
flowering intensity and temperature, alone or in combination with rainfall,
since temperature is a major climatic influence on phenological events such
as flowering (Snyder, 2001).
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2 Statistical Methods

Method I: Generalised additive models (GAMs)

GAMs (Hastie and Tibshirani, 1990) were used to investigate the effect of
rain and mean diurnal temperature simultaneously. In addition, the effect
of a long-term time/year (TREND) was factored in. GAM models allow
for non-linear relationships between the observed monthly discrete flower
counts (range 0.0 - 5.0) and climatic predictors and trend, using smoothed
regression lines. To estimate the non-linear regression lines, a local scoring
algorithm and a spline with four degrees of freedom (Hastie and Tibshirani,
1990) was used. The results were generated using S-Plus (Venables and
Ripley, 1997).

Method II: Bayesian adaptation of Penalized Regression Splines
An alternative, non-linear framework within a GAM model, is to estimate
the regression lines using a penalized regression spline (Wood, 2000). The
penalized regression spline (PRS) method was reformulated into a Bayesian
hierarchical framework and the variance of the spline terms was used as the
constraint, rather than as a constant smoothing parameter. The Bayesian
adaption of the penalized regression spline (BAPRS) essentially estimates
the degree and shape of the non-linearity. The Bayesian framework has the
further advantage that missing covariates are easily dealt with, although in
this data set the number of missing covariates was small. There were three
values in total missing from monthly temperature from a total sample of
376 (0.8%). The Bayesian model was implemented using the WinBUGS
package (Spiegelhalter et al, 1999). In total 30,000 MCMC simulations
were run after a burn-in of 5,000.

3 Results

Method I: GAM models

The GAM model is:

Count(t) = Count(t — 1) + f(MEANTEMP) + f(Rainfall) + f(TREND),
where f is an unspecified nonparametric function based on spline smoothers
and a Poisson link function is used. The previous count (count at ¢t — 1)
is used in the model as an autoregressive (AR(1)) term for the correlated
counts time series. The focus is to model the effect of temperature and
rainfall together, with the previous count treated as a nuisance parameter.
GAM fits showed that mean diurnal temperature (MEANTEMP) is sta-
tistically significant (p = 0.0228), as is the previous count (LAGLEUCO).
Rainfall (RAIN) and TREND are not statistically significant (p > 0.5). A
GAM plot is given in Figure 1, where the y-axis represents the estimated
change in flower count, which is the change from the mean flower count
value versus mean diurnal temperature (TEMP) in °C. For example at the
highest temperature (~ 24°C) the expected number of flowers would be
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approximately one less than the mean. From the GAM modelling (Fig. 1),
the estimated effects of temperature appear smoothly non-linear.

We note, that the observed points of shift in the level of the GAM TREND,
at 20, 23/24 and 30 years, coincide with 1960, 1963/64 and 1970, when a
significant (p < 0.005) shift in flowering was found by block bootstrap and
survival change point (CP) analyses (Dalrymple et al, 2001). Further CP
analyses also confirmed that 4 to 5 years prior to these times, temperature
and rainfall had changed significantly (p < 0.005) in 1955, 1958/59 and
1965/6.

Change in flower count.

_2\ T T T T
5 i 15 20 25

Temperature (degrees C)

FIGURE 1. Estimated effect of mean diurnal temperature and GAM 95% confi-
dence interval (CI)

Method II: Bayesian adaptation of Penalized Regression Splines
The effect of temperature is modelled, assuming that: monthly flower counts
have a Poisson distribution, mean monthly temperature has a Normal dis-
tribution, and that the AR term for previous flower count is uniform and
stationary (within -1 and 1). For the non-linear spline five knots were placed
at 7.5, 12, 15, 17.5, and 22.5 degrees centigrade, and the precision of the
linear spline terms restricted using a Gamma(4000, 20) prior distribution.
Initial BAPRS models, as in the GAMs, rejected the significance of rainfall
or trend on flower counts and these covariates were subsequently omitted
from the final model. The effect of temperature is non-linear and the results
using GAMs and BAPRS agree closely. In agreement with Figure 1 flower
intensity below 10 to 12°C appears stable and significantly above the aver-
age. This agrees with work by Keatley et al (1999), which found that the
lower threshold temperature for E.I. to induce flowering is 9.9°C. Bayesian
posterior intervals, not reported here, and the GAM 95% confidence inter-
val (Fig. 1) do not contain zero after 18°C, as at these temperatures there
is a negative effect on flowering. This implies that an upper threshold tem-
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perature for F.l. may be 18°C, not 25°C, as based on earlier work (Keatley
et al, 1999).

The estimated correlation between neighbouring months was 0.41 with
a 95% posterior interval of [0.33, 0.47]. The adapted Bayesian PRS pre-
dicted values and the observed counts match each other closely (Figure
2). The mean square error was 0.59, for 376 observations. According to
the Kolmogorov-Smirnov test the model residuals were not normal due to
the presence of three outliers. However, the residuals appear to be linearly
uncorrelated according to the periodogram based test (Fuller, 1996).

6 = = = Predicted

— Observed

Flower count

5]

=}

FIGURE 2. Predicted and observed counts over time for the Bayesian penalized
spline model

4 Conclusion

Upper and lower thresholds of flowering temperature have now been iden-
tified for E leucozylon. Keatley and Hudson (1998) showed there is an op-
timal time for a species to commence or cease flowering, depending on bud
and fruit volume. Reproductive success may thus be influenced by shifts in
flowering commencement. Changes in temperature are likely to translate
to changes in the timing of F leucoxylon flowering commencement. Pheno-
logical indicators, such as flowering, may thus prove to be valuable proxy
indicators of global climate change. This study shows that after accounting
for temperature, the long-term trend in the number of flowers is relatively
stable after 1944. Recent research by the authors, using spectral analysis,
as in Legendre and Legendre, (1998), has shown that flowering intensity
in F leucoxylon has a 2 year cycle. These results imply that there may be
an internal mechanism, e.g., levels of nitrogen etc., that may also underpin
flowering, once the effects of external environment are accounted for.
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1 Introduction

This collection of prior results and techniques in the modeling of Inter-
net congestion constitutes an overview of the subject that is not readily
found anywhere else. The level of mathematical/statistical sophistication
is deliberately kept minimal, the focus being on the introduction of key
concepts, in a manner that detailed statistical analysis can be then car-
ried out in a second stage. The fundamental scenario is that ”sources”
(ingress) send ”packets” (sets of bytes of information) across the network,
to ”destinations” (egress). The network itself is a mesh of interconnected
routers (switching/routing elements) and subnets. A basic assumption is
that the network has an innate maximum ”capacity”. If too many packets
enter the network, the network will discard some. This situation of ”loss
under overload” is called congestion. In this paper, we place the problem
in perspective using the key notions of Black Box and White Box models.
Then we sample survey a few now classical Black Box models, i.e., TCP
Tahoe, TCP Reno, and TCP Vegas. We critique these three models, and
present some of their relative merits and demerits. Our new contribution
to Black Box modeling, S-Channels, is introduced briefly, in terms of its
characteristics, properties and benefits.

2 Black Box & White Box Models

In this paper it is argued that it makes sense to differentiate between two
approaches to congestion management, i.e., Black Box models and White
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Box models. Black Box: Assume that the internal ”structure” or innards of
the network, in terms of its mesh of routers, is unknown. Howsoever routers
manage their internal queues and buffers, given any such constellation of
routers, how does one maximize end to end usage of the network? How does
one maximize the throughput? This is the end-to-end Black Box problem.
Prime classical approaches sampled in the sequel include TCP Tahoe, TCP
Reno & TCP Vegas. Our new contribution, S-Channels, is briefly intro-
duced and discussed. It is worthwhile to note that Black Box modeling as
introduced here is in fact part of a far deeper, more fundamental prob-
lem, discussed elsewhere. (Jagannathan, 2003). White Box: This approach
imposes structure on network routers. It consists of adjusting router behav-
iour, in terms of managing router queues and buffers to maximize network
service to end users. Common examples of White Box models include the
RED family of routers and Morris routers. As will be seen, Black Box mod-
els operate at the Transport Layer (Layer 4), and White Box models are at
the Network Layer (Layer 3) of the TCP/IP protocol stack. In Black Box
we optimize network usage, whereas in White Box we optimize the network
itself. White box modeling is beyond the scope of this paper.

3 Conventional TCP Congestion Control

The disciplines in this school of thought revolve more or less around the
interplay of a few key concepts or notions which are itemized below.

Congestion Windows (cwnd)

Assume the network has a capacity of delivering C bytes/sec. Assume the
round trip time between source and destination is RTT. If one waited for
individual packets to be acknowledged before transmitting the next one,
one can send at most 1 packet per RTT. The alternative is to send cwnd
= C x RTT packets spread over an RTT and wait for acks to slide this
window. This allows one to send cwnd packets per RT'T, and hence is more
optimal. This whole argument hinges on the assumption that the capacity
C is a key characteristic of the network.

TCP connections

This is the idea of an end-to-end conversation between source and desti-
nation, regardless of the "route ” taken by the data constituting the con-
versation. TCP is at the end-to-end layer 4 (Transport layer) with the
actual underlying path taken by the packets is with IP at layer 3 (Network
layer). Naturally TCP connections may expect a level of Quality of Service
from the underlying network layer, this interaction is beyond the scope of
this paper. Conventional TCP congestion control algorithms all concern
themselves with the empirical estimation of the true value of cwnd the
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congestion window, and then monitoring it. The three classical congestion
control algorithms are

e TCP Tahoe;
e TCP Reno;
o TCP Vegas.

We now briefly describe each. Without loss of generality, assume all packets
are of fixed size = 1 byte.

3.1 TCP Tahoe

Start the window at 1. Maintain a threshold parameter (ssthresh), initially
set suitably. As acknowledgements arrive from the destination (egress), dou-
ble cwnd for each window-full of acknowledgements, i.e., cwnd = cwnd +
1, per ack. Do this repeatedly as long as cwnd <= ssthresh. This algorithm
is called Slow Start in the literature. When cwnd > ssthresh, increase cwnd
by 1 per each window-full of ACKs, i.e., cwnd = cwnd + 1/cwnd per ack.
This behaviour is called Congestion Avoidance in the literature. When a
timeout occurs, i.e., packet lost (due to congestion), set ssthresh = cwnd/2,
and also set cwnd = 1, to re-enter SlowStart More details on Tahoe may
be found in (Stevens 2001) and (Chiu et al, 1989).

3.2 TCP Reno

Packets sent by TCP are sequentially numbered, and meant to be received
(assembled) in that order as well. If a specific packet does not reach, and
a subsequent one does, an ACK is immediately generated which contains
the sequence number of the missing packet. When three such duplicate
ACKs are received, i.e., with the sequence number of a missing packet,
TCP Reno does the following ssthresh = cwnd/2 cwnd = cwnd + 3 Send
the problem packet, without waiting for timeout This behaviour is called
Fast Retransmit in the literature. Also cf. (Allman et al, 2001) in this
connection. After this when a non-duplicate Ack arrives, TCP Reno sets
cwnd =ssthresh

Then, enter Congestion Avoidance. This behaviour is called Fast Recovery
in the literature.

Note that TCP Reno only works when cwnd >= 4. Also both Tahoe and
Reno use ACK-clocking wherein the arrival of ACKs clocks out the new
transmissions Further information on Reno can be found in (Stevens, 2001).
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3.3 TCP Vegas

Fix a & b = Vegas parameters.

Compute Expected throughput as Cwnd/BaseRTT [BaseRTT is the
known RoundTripTime]

Compute Actual throughput as Cwnd/RTT [RTT is the observed
RoundTripTime]

Calculate Diff = (Expected - Actual)x BaseRTT

Cuwnd+1 if Diff < a
Cwnd = Cwnd —1 if Diff > b
Cwnd, otherwise

It may be noted that Vegas uses fluctuation in Round Trip Times to make
inferences about congestion in the network. TCP Vegas was introduced in
(Brakmo et al, 1995).

4 Comparison/Evaluation of Tahoe, Reno & Vegas,
and Further Developments

There have been a fair number of analytical and empirical investigations
that evaluate the relative efficiency, fairness and stability [steady-state be-
haviour] of Tahoe, Reno and Vegas. Most of these analyses use the basic
model of two competing TCP connections (each running a classical con-
gestion control protocol) sharing a wired link between two routers, or at
most a simple variant of this scenario, which then lends itself to mathe-
matical/statistical analysis. (Hasegawa et al, 1999) find that for this model
Tahoe & Reno are biased towards T'CP connections with longer Round
Trip Times (RTTs). As a consequence of this, given two connections with
the same RTT each, Tahoe & Reno are fair towards them. Clearly, by
their very nature, Reno & Tahoe never stabilize, in the long run, with
oscillating window sizes. Vegas, on the other hand, does stabilize in the
steady-state, but the throughputs of two competing connections [with or
without the same RTTs] sometimes converge differently. In words, Vegas
cannot guarantee fairness. Thus, they conclude that Fairness and Stabil-
ity cannot be simultaneously achieved. On the other hand, when Reno &
Vegas run concurrently, (Mo et al,1999) note thatReno over-utilizes band-
width as compared to Vegas. They posit, therefore, that despite Vegas’
reported effiency being 37-71 % more than Reno (Ahn et al, 1995), this
may be a reason why Vegas has not been widely deployed, i.e., it cannot
compete with concurrent Reno connections. We note here that the problem
with most comparative analyses of Tahoe, Reno and Vegas is that they mix
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Black Box and White Box modeling. As a result any theorem that is de-
rived in a specific network model setting is at best a counter-example, and
not a general solution to the problem. Our approach, on the other hand, is
Black Box model: Optimize network usage regardless of the internal struc-
ture/behaviour of the network components. Our specific model for this is
S-Channels. Then,White Box model: Optimize the network itself (out of
scope for this paper).

Some additional insights into S-Channels Tahoe/Reno use Timeouts and
duplicate ACKs to infer about congestion, and offer algorithms to deal with
that congestion. This has been discussed. On the other hand, Vegas uses
fluctuations in RTT (Round Trip Time) as a measure of congestion and
offers some means to counter it. Our position is that neither Tahoe/Reno
(losses) of Vegas (RTT variations) is the best way to deal with conges-
tion. In (Jagannathan, 2003) we present a different approach, S-Channels,
and evaluate it empirically using WAN simulation across the Internet. In
summary, some of S-Channels’ key characteristics are:

e Infer about congestion based on ingress/egress rates,

Eliminate ACKs and conserve ACK space in the TCP header,

Manage losses efficiently,
e Be more effective than the other schemes and finally,

e Maximize throughput in the steady-state.

5 Conclusion

In this conference paper, we introduced the notion of congestion in inter-
networks. A scheme for managing congestion was presented, in terms of
Black Box and White Box models. We surveyed leading Black Box models,
and examined their pros and cons. Our new contribution, S-Channels, was
outlined, along with its key features, characteristics and advantages.
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1 Introduction

In applied sciences, one is often confronted with the collection of corre-
lated data or otherwise hierarchical data. This generic term embraces a
multitude of data structures. In particular, studies are often designed to
investigate changes in a specific parameter which is measured repeatedly
over time in the participating persons. Longitudinal studies are conceived
for the investigation of such changes, together with the evolution of relevant
covariates.

In longitudinal settings, each unit (respondent, cluster, patient,...) typ-
ically has a wector Y of responses. This leads to several, generally non-
equivalent, extensions of univariate models. In a marginal model, marginal
distributions are used to describe the outcome vector Y, given a set X of
predictor variables. The correlation among the components of Y can then
be captured either by adopting a fully parametric approach or by means of
working assumptions, such as in the semiparametric approach of Liang and
Zeger (1986). Alternatively, in a random-effects model, the predictor vari-
ables X are supplemented with a vector @ of random effects, conditional
upon which the components of Y are usually assumed to be independent.
This does not preclude that more elaborate models are possible if residual
dependence is detected (Longford 1993). Finally, a conditional model de-
scribes the distribution of the components of Y, conditional on X but also
conditional on (a subset of) the other components of Y. Well-known mem-
bers of this class of models are log-linear models (Gilula and Haberman,
1994).
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2 Current Practice

The analysis of longitudinal clinical trials is almost invariably hampered by
dropout. In current practice methods such as last observation carried for-
ward (LOCF) or complete case analysis (CC) are very prominent. Such less
than optimal methods fall within the missing completely at random cate-
gory (MCAR), where dropout is independent of the measurement process,
and part of the literature, supported by the biopharmaceutical industry
and the regulatory authorities (FDA in the United States, EMEA in Eu-
rope, and their Japanese and other national counterparts), maintains that
these methods are to be preferred for reasons of simplicity and validity.
The academic research community, on the other hand, focuses to a large
extent on methods for missing not at random (MNAR) where dropout is
allowed to depend on unobserved measurements. Some researchers believe
that ever more complicated MNAR methods will eventually be sufficiently
general to encompass the true data generating mechanism.

3 Overview of MNAR Models for Categorical Data

In the MNAR setting, we will make a distinction between models for
monotone and non-monotone missingness. The model proposed by Molen-
berghs, Kenward and Lessafre (1997), which combines a Dale model for
the measurements with a logistic regression for dropout (as in the Dig-
gle and Kenward (1994) philosophy), can handle monotone ordinal data.
For non-monotone patterns, Baker, Rosenberger, and DerSimonian (1992)
proposed a model for bivariate binary data subject to non-random non-
response, which is reformulated by Jansen et al. (2003) using 2 loglinear
models, such that its membership of the selection model family is unam-
biguously clear, to accommodate for, possibly continuous, covariates, turn-
ing the model into a regression tool for several categorical outcomes, and
to avoid the risk of invalid solutions. A disadvantage of those BRD models,
is that the parameters cannot be interpreted marginally, which is actually
what clinicians want.

As we can see, until now there does not exist a model that allows for non-
monotone missingness with more than 2 possible outcomes. A solution will
be presented in the next section.

4 A Method for Non-monotone Categorical
Outcomes

Since the multivariate Dale model (Molenberghs and Lesaffre 1999), which
extends the bivariate global cross-ratio model described by Dale (1986),
accounts for the dependence between multiple ordinal responses, as well
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as their dependence on covariate vector(s), which may be time-varying,
continuous and/or discrete, this model is very useful for our purpose.

The model arises from a decomposition of the joint probabilities into main
effects (described by marginal probabilities) and interactions (described by
cross-ratios of second and higher orders).

This model will be used for the measurements Y and for the missingness
given the measurements R|Y, such that again a selection model is ob-
tained and both discrete and continuous covariates can be included in the
measurement model as well as in the missingness model.

Results will be presented for simulated data, and for a data set from a
multicenter, postmarketing study involving 315 patients that were treated
by fluvoxamine for psychiatric symptoms described as possibly resulting
from a dysregulation of serotonine in the brain.

5 Need for a Sensitivity Analysis

The route of a sensitivity analysis has been explored many times in the con-
text of categorical data. For the model by Baker, Rosenberger and DerSi-
monian (1992), Molenberghs, Kenward and Goetghebeur (2001) developed
the intervals of ignorance and uncertainty. To the reformulated model by
Jansen et al. (2003) a local influence is applied by the same authors. This lo-
cal influence is also applied to the Dale model with dropout (Molenberghs,
Kenward and Lessafre, 1997) by Van Steen et al. (2001). Future work will
be devoted to a sensitivity analysis on the model for non-monotone cate-
gorical outcomes, that was introduced in the previous section.
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Abstract: Model based clustering has found increasing applications in recent
years in contrast to ad-hoc and not statistically solid methods, like hierarchical
clustering and K-means method. Model based clustering has been created on
probabilistic grounds that assume the existence of a finite mixture model and
transform the problem to one of estimating the parameters of the multivariate
mixture model. Several inferential procedures have been described for this model,
including model selection and prediction among others. In the present paper
we propose model based clustering for count data based on the multivariate
Poisson distribution which is the natural counterpart of the multivariate normal
model. The general formulation of the model as well as estimation procedures are
provided. Finally, problems for further research are discussed.
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1 Introduction

Multivariate count data appear in a wide range of fields like epidemiology
(e.g. different type of a disease), marketing (e.g. purchases of different prod-
ucts), environmentrics (e.g. different kind of plantation etc) just to name
few. While the Poisson distribution has played a prominent role in mod-
elling univariate data, its multivariate counterpart has been rarely used in
practice mainly due to computational difficulties for inferential procedures
(see, e.g. Johnson et al, 1997). The use of multivariate normal models as
approximation to the multivariate Poisson model, can be misleading espe-
cially if the means are small and there are a lot of zero counts.

The multivariate Poisson distribution, while the most important among
discrete multivariate distributions (see, e.g. Johnson et al, 1997), has several
shortcomings for its application. The main drawback of the application of
the multivariate Poisson distribution is the complicated form of the joint
probability function that has led to the use of a simplified model with just
a common covariance term for all the pairs of variables (see Tsionas, 1999,
2001 and Karlis, 2003).
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In the present paper a multivariate Poisson distribution with different
covariances for all the pairs of variables will be described. A finite mix-
ture model of this family of multivariate Poisson distributions will be con-
structed aiming at clustering multivariate count observations

2 Model Based Clustering

Historically, cluster analysis has developed mainly through ad-hoc meth-
ods based on empirical arguments. The last decade, however, there is an
increased interest in model based methodologies, which allow for clustering
procedures based on statistical arguments and methodologies. The majority
of such procedures are based on the multivariate normal distribution (see,
for instance, Banfield and Raftery, 1993; McLachlan and Basford, 1988).
The central idea of model-based clustering is the use of finite mixtures of a
density. The population of interest, thus, consists of k subpopulations and
the density (or probability function) of the multidimensional observation
y from the j-th subpopulation is f(y|0;) for some unknown vector of pa-
rameters 6;. Since, we do not observe the cluster labels, the unconditional
density of the vector y is a mixture density of the form

k
fly) = ijf(y | 6;) (1)

where 0 < p; < 1, p; = 1 are the mixing proportions. Note that the
mixing proportion is the probability that a randomly selected observa-
tion belongs to the j-th cluster. This is the classical mixture model (see,
e.g. Bohning, 1999; McLachlan and Peel, 2000). The purpose of model
based clustering is to estimate the parameters (01,...,0k,p1,...,Pp—1) -
An expectation-maximization (EM) algorithm is applicable for finding ML
estimates. The majority of model based clustering is based on the mul-
tivariate normal distribution and hence it is based on the assumption of
continuous data. We will now propose a model adequate for multivariate
count data.

3 A Multivariate Poisson Distribution

The general multivariate Poisson distribution is based on the following
multivariate reduction scheme. Assuming Y,., 7 = 1, ..., k, are independent
univariate Poisson random variables, i.e. Y, ~ Po(0,.), r = 1, ..., k, then the
definition of multivariate Poisson models is made through the vector Y’ =
(Y1,Ys,...,Y%) and an m x k matrix A with zeroes and ones. Specifically,
the vector X' = (X1, Xs, ..., X;n,) defined as X = AY follows a multivariate
Poisson distribution.
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In general, matrix A has the form A = [A;, Ag,... Ay], where A;, j =
1,...,m is a sub-matrix of dimensions m x ( ;n ) , each column of A; has

exactly j ones and (m — j) zeroes and no duplicate columns exist. Thus,
A,, is the column vector of 1s, while A; becomes the identity matrix of
size m x m. We can realize that, since the random variable Y}, appears in
every element of X can be interpreted as an m-way covariance effect to
each of the X;s.
The reduced models for m variables derived from A = [A1, A,,] are fre-
quently used in the literature and the resulting distributions are commonly
referred to as the multivariate Poisson distributions (see, e.g. Tsionas, 1999,
Karlis, 2003). This model assumes that all the covariances are the same,
which is not at all realistic. We focus on the case where only the main effects
and the two-way covariance effects are considered, i.e. A = [Aq, Az, for
the analysis of multivariate data sets. This is done in order not to impose
too much structure to our data.
It holds that

E(X)=AM

and
Var(X) = AXA’

where M and ¥ are the mean vector and the variance covariance X is
diagonal because of the independence of Y;’s and has the form

Y =diag(01,02,...,0,)

Similarly
M = (91792) cee 79m)/

Another interesting feature of this model is that it allows for covariance
terms separately for each pair of variables and thus it can be considered as
a counterpart of the multivariate normal distributions suitable for multi-
variate count data.

In the case of the Multivariate Poisson Distribution, the calculation of the
probability mass function can be of great difficulty, as it often demands
summations over high-dimensional spaces. If we consider the multivariate
Poisson model with complete specification, the probability function for the

m m

m-variate case needs } ., —m= 2" —m — 1 summations.

Fortunately, computation of the probabilities can be accomplished via re-
cursive schemes. Kano and Kawamura (1991) provided a general scheme
for constructing recurrence relations for multivariate Poisson distributions.
Even those recursive relations must be used efficiently in order to lead to
feasible calculations.

Note that, in the case of A = [A1, As], each row of A contains exactly
m ones, so each recurrence relationship for the calculation of P(X = x)
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requires the computation of m previous probabilities. Obviously, as m in-
creases the complexity of the model, and hence the computational effort,
increases too.

4 Finite Mixture Model

Naturally we may define a multivariate Poisson mixture model by consid-
ering a multivariate Poisson mixture where f(y) in (1) is replaced by the
joint probability function of the multivariate Poisson distribution.

For estimation purposes an EM type algorithm can be used. It is interesting
to note that this scheme is similar to the standard approach for mixture
models described in McLachlan and Peel (2000) but now one must make
also use of the multivariate reduction technique upon which the derivation
of the distribution is based. Thus the latent variables are the vectors Z;
where Z;; = 1 or 0 if the i-th observation belongs to the j-th cluster
or not, accordingly, together with the unobserved variables Y;;. An EM
algorithm for the simple case of the multivariate Poisson distribution with
the covariance structure as described in the present paper is given in Karlis
and Meligotsidou (2003). Inference on the model can be made via standard
techniques for finite mixture models. Criteria for assessing the number of
clusters can be also used.

5 Application

The real data application concerns crime data taken from National Sta-
tistical Service of Greece for the year 1996. Four different kinds of crimes
were examined for 50 prefectures of Greece. The different crimes consid-
ered were rapes, arson , smuggling of antiquities and general smuggling.
The population of each prefecture is used as an offset. The aim is to cluster
the prefectures according to their profiles in those types of crimes.

An EM type algorithm was used to fit the finite multivariate Poisson mix-
ture model. The number k£ of components was considered as known for
using the EM algorithm, but we fitted the model with increasing value
of k in order to decide about the number of components. For a model
with k& components there are 11k — Iparameters to estimate. The AIC
criterion selected the solution with 4 components and mixing proportions
p = (0.5915,0.2266,0.0638,0.1181). The parameters for each component
are given below in a matrix form, where the diagonal parameters are the
mean parameters while the non-diagonal elements are the covariances be-
tween the pairs. Note that the marginal means are in fact the sum of the
so-called mean parameter and the covariance parameters related to the
variable.

17339 0 4.772 0 0 0 3675 0
o — 2.530 0198 1977 | 9.897 1.925 1.938
1= 34.112 2398 |27 5.320 0 '

6.171 2.172
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0 20.424 0 0 14.416  12.780 0 0
O; = 55.868 24.323 0 O; — 3.048 0 0
0 0|’ 8.934 0

0 44.621

It is interesting to see that the structure of the parameters is quite different
for the four components. The third component is associated with high rate
of smuggling of antiquities, in fact it consists of a single prefecture. The
4th component has not any covariances apart from the covariance between
rapes and arsons. The first two components, which are the largest ones,
have enough structure with large covariances between variables. Thus our
approach decompose in some way the entire covariance between the vari-
ables to different parts. More details will be given in a forthcoming complete
version of the paper.
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1 Introduction

Modelling of survival data is largely dominated by the proportional hazard
model introduced by Cox (1972). Even though the model is appealing, the
proportional hazard (PH) assumption is often not fulfilled in applications
when covariate effects vary with survival time. The assumption has been
under major investigation and numerous papers suggest test procedures or
extensions, see for instance O’Sullivan (1988), Hastie and Tibshirani (1990),
Gray (1994), Hess (1994) or Abrahamowicz et al (1996). Allowing covariate
effects to vary with time leads to a varying coefficient model as generally
introduce by Hastie and Tibshirani (1993). Here, constant covariate effects
are replaced by smooth but unknown function. Smooth estimation can then
be carried out using e.g. Spline fitting, as in Hastie and Tibshirani (1993),
or applying local techniques, as e.g. in Fan et al (1997).

In this paper we employ penalised spline fitting (P-spline) as smooth
estimation procedure. The approach has been originally introduced by
O’Sullivan (1986), but the procedure finally achieved recognition due to
the paper by Eilers and Marx (1996). The approach is numerically very
handy and uncovers strong similarities to penalised quasi likelihood esti-
mation in Generalised Linear Mixed Models, as discussed in Breslow and
Clayton (1993). This link becomes obvious if the penalty is rewritten as
prior distribution on the coefficients of the basis. In fact, the smoothing
parameters steering the amount of penalty plays the role of the variance
in the Generalised Linear Mixed Model formulation. We demonstrate how
this connection can be used to estimate the smoothing parameter appro-
priately. A general discussion about the connection of P-spline smoothing
and Mixed Models is also found in Wand (2003).
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The P-spline approach pursued in this paper is imposed directly on the
likelihood, rather than on the partial likelihood. This not only allows to
smoothly estimate the baseline hazard, it also follows technically more
closely the likelihood principle in the case of non-proportional hazards.
In particular the integrated hazard function in the likelihood is approxi-
mated using a trapezoid integration. This in turn leads to simple likelihood
functions resembling a Poisson model.

2 Smooth Hazard Model

2.1 P-Spline Fitting

Let T; denote the survival time of the ith individual or observational unit
and let C; be the corresponding right censored time, i = 1,...,N. We
observe Y; = min(7;, C;) and define the censoring indicator §; = 1if T; < C;
and §; = 0 otherwise. With z; we denote the p dimensional covariate vector
for the i-th individual, which for simplicity of notation is assumed to be
time constant. The hazard function is then modelled as

ht,zi) = Xo(t)exp{z] Ba(t)} (1)

with A\g(t) as baseline hazard and (3, (t) as vector of covariate effects varying
smoothly with survival time ¢. For convenience we rewrite (1) to h(t, z;) =
exp{z;8(t)} with 2] = (1,27) and B(t) = {log X\o(t), BL (t)}*. The task is to
estimate §(t) smoothly by avoiding any stringent parametric assumptions.
This is achieved by penalised spline regression.

For the sake of simplicity let us first consider smooth estimation of the
baseline function Gy(t) = log Ao(t). Let B(t) = {b1(t),...,bq(t)} be a basis
developed over the knots t1,...,¢,. A convenient choice is to use a B-
spline basis (see Boor, 1978), even though other choices are possible as
well. The dimension ¢ of the basis is chosen lavish, such that the model
bias fo(t) — B(t)af is negligible, where o = (af);, ... af,)" is the vector of
“best” coefficients in the sense of having minimal Kullback-Leibler distance.
Since q is supposed to be large, simple maximum likelihood estimation of
ap would be highly variable and numerically unstable. Therefore, in order
to achieve smoothness and numerical stability the penalty term )\OagDoozo
is introduced, with Dy as appropriately chosen penalty matrix and Ay as
bandwidth steering the amount of penalisation.

In the same fashion we fit the remaining components in the model. It is
thereby tactically an advantage to extract the intercept from the smooth
function. This means for estimation we decompose [;(t) to Go; + B(t)al,
1=0,...,p, with oy = (a1, .., a14)" and B(t) as basis matrix containing
no intercept. We define 6; = (8o, alT)T and using the Kronecker product
we can jointly write
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with W (t) = I,11 ® {1, B(t)} and parameter vector 87 = (67, .. 00,
where I,11 is the p 4+ 1 dimensional identity matrix.

Coefficients o are now jointly penalised to achieve smooth fits. This leads
to the penalised likelihood

N p
70,0 = Y 1Li(6)-> Nof Dy (2)
=1 =0

with ;(0) = §; (zTW( ) fo exp{z] W (t)@}dt as likelihood contribu-
tion and A = (Ao, ..., Ap) as component-wise smoothing parameters steer-
ing the amount of penalisation for each component. For notational con-
venience the penalty component can be rewritten to OT(AD)O with D
as block diagonal matrix build from matrices D; and zero entries for Gy,
[ =1,...,p. Bandwidth matrix A matches accordingly as diagonal built
from )\

Differentiating (2)with respect to 6 leads to the penalised score equation

N
P
o6, ) 0 ) Z —ADO = 0 (3)

with s;(0) = ;W' (Yi)z — fOYi W7 ()2 exp{zI W (t)0}dt. Accordingly,
the second order derivative results to

62
aeaeT Z Vailf) - )

where Vs;(8) = — [ W (£)22T W (t) exp{zT W ()} dt.

2.2 Integration

The penalised likelihood and its derivatives (3) and (4) contain integrals
based on the hazard function and its derivatives. Since no analytic solution
for the integrals exist, numerical integration is required. A computationally
handy version is to approximate the integrals by trapezoids. It can be shown
that this leads to likelihood contributions resulting from Pseudo Poisson
variables wi say. In particular this means that standard software can be
used for fitting.

3 Relation to Generalised Linear Mixed Models

Penalised spline smoothing has strong affinities to penalised quasi likelihood
estimation in Generalised Linear Mixed Models (GLMM) as discussed in
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Breslow and Clayton (1993). For normal response models this link is illu-
minated in depth in Wand (2003). For non-normal response models such
link is achieved in close analogy. In particular we consider coefficients «;,
l=0,...,p, as independent normally distributed variables with

ar ~ N(0,\7' D)) (5)

where D, is a generalised inverse of D;. The bandwidth parameters A; now
occurs in the a priori variance of ¢;. Conditional on «;, I = 0,...,p and
based on the trapezoid integration we model the Pseudo Poisson variables
as

Yik|(a0,...,ap) ~ Po(ziTB(Tk)OJroik) (6)

with o0;; as know offset resulting from the trapezoid integration. Appar-
ently, (5) and (6) provide the ingredients of a Generalised Linear Mixed
Model. The likelihood for parameters By and A;, [ = 0,...,p, is obtained
by integrating out the random coefficients, i.e.

i=1k=1

l(ﬁOOa"'aﬁOZM)‘Oa"'a /HHPO ik 2 B(Tk)0+01k) (7)
P

X H o(au, )\lef)dal
=0

with ¢(-) as normal density. Using Laplace approximation for the integral
leads to penalised quasi likelihood estimation. It is not difficult to derive
that this in turn is equivalent to the penalised estimating equations for the
original survival model.

The connection between smoothing and GLMMs is not only of theoretical
nature but can be exploited practically to choose an appropriate band-
widths A;, [ = 0,...,p. The idea is to estimate \; based on the likelihood
function (7). Approximating the integral by Laplace integration and insert-
ing estimates for By provides a Laplace approximation for the log profile
likelihood given by

N
Qo d) = >

i=1 k=1

K; p
1 .
log Po(Yik; ) — 3 ; & Dyéy + log [N D)) .

Maximising this with respect to \; gives

3 q

A= AT D’ (8)
as corresponding estimate. Apparently, N depends on &; and vice versa.
Therefore a simple backfitting type argument has to be applied. Cycling
between (3) and (8) gives the final estimate. The estimates for A; can now
be employed for model selection, that is if N is large (i.e. N — 00) there is
no evidence that the [ covariate has a time varying effect.
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4 Application

In the talk we demonstrate the approach by an application. Moreover sim-
ulations are provided to illuminate the model selection aspect.
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Abstract: Near infrared (NIR) spectroscopy instruments are used as a non-
destructive method for determining and predicting various characteristics of food-
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of prediction power. The results indicated that multivariate adaptive regression
splines and support vector machines are superior to partial least squares and
ridge regression.
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1 Introduction

Near infrared (NIR) spectroscopy instruments are used as a non-destructive
method for determining and predicting various characteristics of food-
stuffs. The foodstuffs are illuminated with a range of frequencies in the
near-infrared region. Based on the amount of light energy returned, the
absorption of energy can be determined for each frequency used. The
characteristics of the foodstuffs (eg water, sugar, fat contents) absorb
different amounts of light energy at different frequencies. Therefore, by
analysing the returned energy at the various frequencies, the characteristics
of the foodstuffs can be predicted without having to analyse the food in a
laboratory.

In order for the instrument to be able to predict the characteristics of
the food, it first has to be calibrated. What is meant by calibration
is that a statistical model is fitted on a set of spectroscopy data, and
then subsequently used for prediction purposes. The data set consists
of a set of NIR frequencies (predictor variables) and one or more
values quantifying the characteristics of the food under study (target vari-
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ables). The values for the target variables are determined in the laboratory.

The calibration is a three step process of pre-processing of the raw data,
fitting the statistical model and evaluating the effectiveness of the fitted
model. For this purpose the data is split into a training set and a test
set. The model parameters are estimated from the training set and the
effectiveness determined from the test set. Measures of effectiveness include
the MSE (mean square error) or the correlation between estimated and
actual values of the target variables.

The problem that arises with the data is that of multicollinearity. The in-
dependent variables are highly correlated and this renders the application
of ordinary least squares regression impossible. Various other techniques
exist which can be used to circumvent this problem. In the chemometrics
field the method of partial least squares (PLS) has become the standard
for calibrating NIR instruments.

Comparative studies have been done in the past to compare various
techniques with one another in the role of calibrating NIR instruments,
which included PLS, Principal Component Regression (PCR), and Ridge
Regression. In the last 10 years other techniques for building statistical
models have come to the fore, either developed by statisticians or artifi-
cial intelligence researchers. These techniques include Neural Networks,
Regression Trees, Multivariate Adaptive Regression Splines (MARS) and
Support Vector Machines (SVM). No reference could be found in the
literature where these techniques were evaluated in a NIR calibration role.

A comparative study was done to compare the above-mentioned techniques.
In section 2 the method for comparison of the techniques is described.
In section 3 the data sets used for comparison are discussed. Section 4
briefly describes the techniques included and the results are summarised in
section 5.

2 Method for Comparison

The techniques were compared using two actual data sets from the field
of chemometrics. Each of the data sets had one target variable to be
estimated using NIR calibration. These data sets are discussed in more
detail in section 3.

The data was divided into a training set and a test set by randomly se-
lecting 80% of the data (without replacement) for the training set and the
remaining for the test set. Calibration models were derived for each of the
techniques from the training set and applied to the test set. The mean
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square error (MSE) was calculated from the test set results for comparing
prediction accuracy. The MSE was calculated as follows:

1 o )
MSE=—%" (v — )
=1
where n is the number of cases in the test set, y; the actual value of the
dependent variable and ¢; the estimate from the calibration model.

The above process was then repeated 10 times resulting in 10 different MSE
values for each technique. Box plots were constructed for the MSE values
for comparative purposes.

3 Data Sets

The first data set originated from a study where NIR calibration was
applied to meat samples for the purpose of estimating the fat content of
the meat. A total of 94 samples were scanned and Figure 1 shows a typical
graph of absorption versus frequency for one of the meat samples. An
empirical first derivative was calculated at each frequency and included
as predictor variables.The fat content for each of the 94 samples were
determined in a laboratory, which served as the target variable. This data
set was used courtesy of Claus Borgaard from the Danish Meat Institute.

The second data set was generated by an experiment to predict the soluble
solid content (brix values) of peaches. Figure 1 shows a typical graph of
frequency vs absorption for one of the peaches scanned. As with the first
data set, empirical first derivatives were also calculated for this data set and
added to the set of predictor variables. This data set was used courtesy of
the Post-Harvest & Wine Technology Division, ARC Infruitec-Nietvoorbij,
and the Dept of Food Science at Stellenbosch University, South Africa.

4 Modelling techniques included in the study

The following techniques were included in the comparative study:
e Partial Least Squares Regression (PLS)
e Ridge Regression
e Multivariate Adaptive Regression Splines (MARS)
e Support Vector Machines (SVM)

The basic principles of each of the techniques are discussed in the following
paragraphs.
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FIGURE 1. Plot of absorption vs frequency for one of the meat and peach samples.

4.1 Partial Least Squares

Partial least squares regression (PLS) is similar to principal components
regression(PCR). In PCR the dimension of the input matrix (independent
variables) is reduced by extracting principal components. Regression is then
performed by using the principal component scores as inputs. PLS extends
this idea by using the target variable in addition to the input variables
for constructing the principal component scores. All PLS calculations were
done using Statistica v6.

4.2 Ridge Regression

Ridge regression is specifically used when the independent variables are
highly correlated and stable estimates for the regression parameters can-
not be obtained. It artificially decreases the correlations so that more stable
but biased estimates of the regression coefficients can be computed. This
is achieved by adding a constant («) to the diagonal elements of the corre-
lation matrix and then re-standardising the diagonal elements to one (the
off-diagonal elements are divided by the constant). All ridge regression cal-
culations were done using Statistica v6.

4.3 Multivariate Adaptive Regression Splines

MARS is an extension of piecewise linear regression. In piecewise linear
regression, more than one regression line is fitted to the data to account
for non-linear relationships. Each of the regression lines operate on dis-
tinct non-overlapping regions of the predictor variable space. The position
where one regression line stops and the next line starts, is called a knot po-
sition. MARS derives the knot positions from the data. It can also handle
more than one predictor variable as well as combinations of categorical and
continuous predictors. From a MARS analysis it is possible to determine
the relative importance of predictor variables with respect to the target
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variable. All MARS calculations were done using MARS v2 from Salford
Systems.

4.4 Support Vector Machines

Support vector machines(SVM) are better known for application to clas-
sification problems. In the classification setting the SVM attempts to find
hyperplanes in the input space that best separates classes of the target
variable. The hyperplane will be chosen such that the distance of the near-
est points for the different classes to the hyperplane is a maximum. This
method is then adapted for the regression case, keeping some properties of
the SVM classifier. All SVM calculations were done using R and functions
written by David Meyer (based on C/C++-code by Chih-Chung Chang
and Chih-Jen Lin).

5 Results

All the techniques included have tuning parameters which can be varied
to find the best fit. Thus, before the techniques were compared with one
another, tuning parameters giving the best fit for each of the data sets
were derived.

Figure 2 gives the results for the meat data set. From the graph we see
that MARS produced the best results with SVM also performing better
than the traditional methods of ridge regression and PLS. A plot of the
residuals for PLS showed indications of a non-linear relationship between
the target and predictor values. The above results show the ability of
MARS and SVM to model this non-linearity.

Figure 2 also shows the comparative performances for the peach data. From
the graph we see that there is not much difference between the techniques
(contrary to the meat data), but MARS still appeared to provide better
results than the other techniques. Inspection of the PLS residuals did not
indicate non-linear relationships between the target and predictor variables.

6 Conclusion

The results from Figure 2 indicate that MARS and SVM are better
techniques to use for calibration of NIR instruments than PLS or ridge
regression. In cases where non-linearity was not present in the data, the
performance of MARS and SVM were similar to PLS (with MARS showing
a slight improvement), but where there were non-linear relationships in
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FIGURE 2. Comparison of the techniques for the meat and peach data.

the data, MARS and SVM clearly outperformed PLS and ridge regression.

A further advantage of MARS is that it that the software provides rela-
tive importance scores for the predictor variables. Thus MARS have the
ability to highlight important frequencies having the most predictive power.

This study will be extended by including two more techniques namely
neural networks and projection pursuit regression. The conclusions made
here must also be judged in light of the fact that it was based on two specific
data sets which is probably not representative of all NIR data sets. The op-
tion of simulating a wider variety of data sets will therefore be investigated.

To summarise, these initial results indicate that MARS, and to a lesser de-
gree SVM, are superior techniques to PLS, which is currently the preferred
technique for NIR calibration.
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Abstract: Correlations between spouses in health-related variables are deter-
mined by partner selection factors and shared environmental factors during mar-
riage. It is believed that spousal correlations are positive and increase with dura-
tion of marriage. Study of spouse correlations in quantitative variables requires si-
multaneous regression modeling of means and correlations. The program FISHER
was used to model spousal correlations in lung function measures from the Bus-
selton Health Study [http://bsn.uwa.edu.au]. The model for the mean included
effects of gender, age, height and smoking, and various models for the correlation
in relation to duration of marriage and age at marriage were explored. The mod-
els and results indicated that (a) adjustment in the mean model for covariates
that are key determinants of lung function and which themselves have consider-
able spouse concordance substantially reduces the estimated spousal correlation
in lung function, (b) there is clear evidence of non-random partner selection in
relation to lung function, (c) spousal correlation in lung function does not appear
to vary with duration of marriage but does decline with age at marriage.

Keywords: FISHER, software; Spousal correlations; Regression models; Multi-
variate normal distribution; Lung function.

1 DMotivation

There is considerable interest in identifying genetic, lifestyle and environ-
mental factors that contribute to disease development (Palmer et al 2001).
Family studies, based on married couples and their offspring are used to
identify and separate genetic, lifestyle and environmental factors. Studies of
(non-genetically related) married couples are useful in understanding envi-
ronmental factors associated with cohabitation or the sharing of a common
environment. Married couples often share lifestyle factors (such as smoking)
as well as a common household and local environment (Venters et al 1984).
Concordance between spouses in lifestyle and environmentally-related risk
factors is due to partner selection factors ("assortative mating’) and the ef-
fects of marriage/cohabitation on lifestyle and environmental factors. Both
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groups of factors are believed to induce positive concordance/correlation
in risk factors for disease and the concordance/correlation is expected to
increase with marriage duration.

2 Statistical Models and FISHER

Study of spouse correlations in (quantitative) disease-related variables in
relation to lifestyle factors and marriage duration requires statistical models
that allow for simultaneous regression modelling of means and correlations.
The program FISHER is freely available and allows flexible modelling of
means, variances, covariances and correlations for multivariate normal data
(Lange et al, 1976, 1988; Hopper 1993; Hopper et al, 1994).

3 Busselton Lung Function Data

Busselton is a town in Western Australia and its residents have been the
subject of several health surveys over the period 1966 to 1995. Surveys
of adults in Busselton were conducted in 1966, 1969, 1972, 1975, 1978,
1981 and 1994/95 [http://bsn.uwa.edu.au]. Lung function was measured
by spirometry. FEV1 (forced expiratory volume in 1 second) is the exhaled
volume in first second and is a measure of breathing capacity. FVC (forced
vital capacity) is the total exhaled volume and their ratio FEV1/FVC is a
measure of airway narrowing. Sex, age, height and smoking are key deter-
minants of lung function. A total of 2,617 husband-wife pairs attended at
least one survey together since 1969 (lung function data were not collected
for women in 1966). For this analysis, lung function data were taken from
the survey attended when marriage duration was smallest to try to get
more data on the first 5-10 years of marriage. The focus of the analysis
is on the spousal (ie husband-wife) correlation in lung function measures
overall and in relation to duration of marriage and age at marriage. The
average age (at lung function measurement) of husbands and wives were
46.7 and 43.2 years respectively, the average duration of marriage was 17.2
years, and hence the average age at marriage was 29.5 years for husbands
and 26.0 years for wives. The overall correlations between husbands and
wives were 0.955 for age, 0.268 for height, 0.267 for smoking (coded as 1 =
never, 2 = former, 3 = current), 0.540 for FEV1 and 0.367 for FEV1/FVC.

4 Regression Models for Spouses

A bivariate normal model for lung function in spouse pairs was used. The
models for the mean included (progressively) the effects of gender, age
(gender-specific quadratic trends), height (gender specific linear trends),
and smoking (gender specific effects for never, former and current). The
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variance was assumed constant and various models for the correlation in
relation to duration of marriage and age at marriage were explored, includ-
ing constant, grouped and linear trend models.

5 Main Results

The estimated residual variance in FEV1 declined from 0.67 to 0.26 when
the model for the mean progressively included terms representing the effects
of age, height and smoking, confirming that these are key determinants.
The residual variance for FEV1/FVC % similarly declined from 105 to 75.
The estimated husband-wife correlation in FEV1 declined from 0.54 to 0.08
when the model for the mean progressively included terms representing the
effects of age, height and smoking. The FEV1/FVC correlation similarly
declined from 0.37 to 0.14. The adjustment for age had the greatest ef-
fect on the estimated residual variance and correlation. Estimated spousal
correlations in lung function by marriage duration groups indicated little
trend in the correlations with marriage duration. The correlation models
that included linear trends with marriage duration and age at marriage
confirmed non-significant trends with marriage duration but revealed a
declining trend for age at marriage (p = 0.004 for FEV1 and p < 0.001 for
FEV1/FVC).

6 Comments on Statistical Issues

The program FISHER is cumbersome to use but does allow flexible simul-
taneous modelling of means and correlations. As expected, adjustment in
the mean model for key determinants of lung function substantially reduces
the residual variance. Adjustment in the mean model for covariates that are
key determinants of lung function AND which themselves have considerable
positive spouse concordance substantially reduces the spousal correlation
in lung function. Estimated trends (with marriage duration or age at mar-
riage) were not influenced by degree of adjustment for key determinants in
mean model. This analysis of trends based on cross-sectional data is open
to possible biases. For example, bias may be introduced if marriages for
couples initially discordant for lung function are more likely to terminate
due to divorce or death of one partner. Longitudinal studies that repeat-
edly measure (throughout married life) cohorts of newly married couples
are required.

7 Comments on Respiratory Epidemiology Issues

There is clear evidence of non-random partner selection in relation to lung
function measures and most (but not all of it) is explained by age and
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height. Spousal correlation in lung function does not appear to vary with
marriage duration. Spousal correlation in lung function appears to vary (ac-
tually decline) with age at marriage. Spousal concordance in lung function
measures appears to be dominated by partner selection factors and age at
marriage and common exposure to lifestyle/household /neighbourhood in-
fluences has little effect. This should be recognised and considered in family
studies that aim to identify and separate genetic from other influences.
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Abstract: In this article we develop a procedure to estimate parameters in
the accelerated failure time model whose error distribution does not have to be
specified and it is estimated using the smoothing techniques. First, a density of
the error distribution is specified as a linear combination of P-splines (B-splines
with penalties), see Eilers and Marx (1996) and second, B-splines are replaced by
their limits which appear to be Gaussian densities. We call the resulting smoothed
function as a G-spline. The spline coefficients as well as the regression parame-
ters are estimated via a constrained penalized maximum likelihood method. The
procedure allows for all types of censoring (left, right and interval). The method
is illustrated on the analysis of the dataset from AIDS research.

Keywords: Accelerated failure time model; B-splines; Penalized likelihood.

1 Introduction

The accelerated failure time model (AFT) is a worthwhile alternative to
the Cox’s proportional hazards model. This model specifies that the effect
of a vector of fixed covariates x acts additively on the logarithm of the time
to event T as

log(T) =Y = a+ x4+ o, (1)

where € is the error term with a density f(e), a and § are regression
parameters and o is a scale parameter. The expression (1) is simply a linear
model on the log scale of time but unlike the area of uncensored data where
the normal distribution is the most used error distribution, there is no gold
standard distribution for censored data. Moreover, in survival analysis non-
or semi-parametric procedures are generally preferred.
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2 B- and P-splines

Our approach assumes that the density f(e) of the error term can be well
approximated by a mixture of B-splines (de Boor, 1978). The density of the
error term is first assumed to have a form of a spline function of degree k
defined on a finite interval (€in, €maz). Briefly, a spline function of degree
k is formed of polynomial pieces of the same degree and all derivatives up
to order k — 1 are continuous. Polynomial pieces are connected together at
so called knots n_ = ... =1 = emin <M < -+ < Ng= < Cmaz = Ng*+1 =
... =TMg++k+1- The spline function (density of the error term) can then be
represented as a mixture of basis B-splines N, ;1 of degree k as follows
flele) = f;fk ¢iN; k+1(e). The basis B-spline N; 41 is defined through
the knots 7, ..., 7,41, is positive on (9, Mi+r+1) and zero elsewhere. Re-

*

strictions on ¢;’s such that 0 < ¢; < 1 and Zfz_k ¢i = (emaz — €min)
ensure that the resulting spline function is a density.

Choosing the optimal number and the position of knots is generally a com-
plex task. Too many knots lead to over fitting of the data, too few knots
lead to under fitting. O’Sullivan (1988) proposed to use a relatively large
number of knots and to restrict the flexibility of the fitted curve by putting
a penalty on the second derivative. Eilers and Marx (1996) further gener-
alized this approach in the context of B-splines. Basically, the penalized
log-likelihood is maximized for computing the estimates of the parameters.
The knots can be chosen equidistantly and there is no need to search for an
optimal number. Eilers and Marx use consequently the term P-splines in-
stead of B-splines to stress the fact that the spline coefficients are estimated
via the maximization of the penalized log-likelihood.

3 G-splines

A possible drawback of the above described spline approach could be the
finite support (€min, Emaz) Of the fitted density function. However, the basis
B-spline of degree k is proportional to the density function of a sum of k+1
independent uniformly distributed random variables. One can show then
that after a proper normalization including an expansion of the basis B—
spline support it converges uniformly (kK — oo) on R to a Gaussian density,
see Unser et al. (1992) for details. That is why we concluded that a mixture
of Gaussian densities could be used as a model for the error density instead
of the original B-splines mixture. Thus, the density of the error distribution
can be now represented as

Flele) = Y eius.m€) )

where ¢, -, stands for a density of N(u;j,08). To get a proper density
function constraints Z?Zl ¢j = l,¢;j > 0,5 = 1,...,g are imposed on
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coefficients ¢;. To keep the correspondence to the original spline approach
we will call each part of the linear combination (2), i.e. a density of N(u;, 03)
as a G-spline (G standing for Gaussian). Means p1; < ... < pg are now used
instead of original knots and are fixed during the computation of estimates
as well as the variance o of each basis G-spline. Means y; will be still
called as knots in the following.

The G-spline coefficients c¢; will be estimated using the penalized maxi-
mum likelihood method as will be explained below. For this purpose we
use a grid of equidistant knots. According to our experience (supported by
simulations) the distance of 0.3 between the two consecutive knots is usu-
ally sufficient when smoothing a standardized (zero mean, unit variance)
density.

4 Constrained Penalized Maximum Likelihood
Method

All parameters in the model, i.e. spline coefficients ¢ = (¢q, ..., cg)T, re-
gression parameters «, 0 and the scale o will be estimated by the mean of
the constrained penalized maximum likelihood method. Earlier mentioned
constraints Z?Zl ¢j = 1l,¢;, > 0,5 = 1,...,g can be omitted through a
reparametrization of the problem as cj(a) = % (}7_, e®)~! with one of
the new a; coeflicients fixed to a particular value. We may assume without
loss of generality a; = 0.

To clearly distinguish the regression part of the model (1) from the er-
ror distribution (2) we fix the mean and the variance of the fitted error
distribution to zero and one, respectively. That is we impose the follow-
ing constraints on the a parameters, 0 = E(g) = Z?Zl cj(a)u;, and 1 =
var(e) = ?:1 ¢j(a)(u3 + 03). Subsequently, a penalized log-likelihood
Cpn(BINy) = £.(0ly) — 3 ?:erl (Amaj)2 is maximized w.r.t. § under
the two constraints. The vector y = (y1,...,%,)" denotes a set of n in-
dependent (possibly censored) responses, and 6 = («, 87, log(c),aT)? is
a vector of unknown parameters to be estimated with a = (as, ..., ag)T.
The operator A™ stands for the ordered difference, i.e. Ala; = a; — a;_1,
A™Hq; = A™a; — A™aj_1. The parameter A is a tuning parameter which
determines a degree of smoothing. The term ¢,,(f|y) is an ordinary log-
likelihood based on possibly censored responses y under the model (1)
with the error density (2).

The choice of the tuning parameter can be based on the Akaike’s informa-
tion criterion AIC(X) = £p,(0(N)|X;y) — df (A) where df ()) is the effective
number of parameters defined in the similar manner as in Gray (1992). The
effective number of parameters varies between dim(3) + 1 for A — oo and
dim(8)+g—1 for A = 0 and describes the estimated number of parameters
while adjusting for a degree of the penalization.
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FIGURE 1. MHC Study. Fitted error distribution compared to the standardized
densities of the normal, extreme value and logistic distribution.

Using similar technique as in O’Sullivan (1988), modified appropriately to
take into account the two constraints a Bayesian technique for generating
confidence bands for penalized MLE’s can be used.

The approach described has been implemented as a function in R and the
function is available upon request from the first author. The simulation
study was performed to evaluate the characteristics of the suggested ap-
proach. The error term in the simulation study was sampled from normal,
extreme value distribution and from the mixture of the two normals and
satisfactory results were obtained.

5 Multicenter Hemophilia Cohort Study

Engels et al. (1999) evaluated the relation between plasma HIV viral load
and subsequent risk for disease progression in patients with hemophilia and
late-stage HIV disease (CD4 count < 200 cells/mm?) using a subset of the
Multicenter Hemophilia Cohort Study (MHC Study). See Goedert et al.
(1989) for more details on the setup of the study. They used various Cox’s
PH-—models and stratified Kaplan—Meier estimates without accounting for
interval censoring of the response (development of clinical AIDS).

It can be thus interesting to try models which do account for interval cen-
soring since ignoring it may introduce a bias. We use a subgroup of 335
hemophilic HIV positive men/boys who were between 2.5 and 30 years old
at the baseline visit. Our sample corresponds very closely but not exactly
with the sample analyzed by Engles et al. Values of the plasma HIV vi-
ral load, CD4 counts and CD8 counts at the baseline visit are available.
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TABLE 1. MHC Study. Estimates in the AFT model with smoothed error com-
pared to the estimates in the AFT model with extreme value error.

Parameter Smoothed error Extreme value error
B(C’Dél) 7.99 (2.53) - 1074 7.82(2.38) -107*
B(vl4) —0.49 (0.20) —0.56 (0.22)

B(vl5) —0.92 (0.20) —1.01 (0.23)

B(vl6) —1.18 (0.23) —1.09 (0.24)
B(CD8) —0.76 (1.23) -107* —1.12(1.31) -10~*
B(age) 4.21 (11.64) -10~%  2.56 (11.48) - 1073
Log-likelihood -419.8 -425.0

We fitted models with time to the onset of clinical AIDS in months as
the response which was interval censored with mean length of the intervals
equal to 10 months. In the AFT model with CD4, CD8 counts, age at base-
line and dummies for intervals of viral load at the baseline defined as less
than 104, [10%,10%) (vl4), [105,10°) (vI5), and at least 10° copies/mL (v16),
only the baseline viral load and CD4 at baseline appeared to be significant
(5%). The fitted error distribution compared to three other widely used
error densities is shown on Figure 1. The AIC of the fitted model was min-
imized for A = 2 and took the value of —431.3 Models with specified error
distributions (normal, extreme value or logistic respectively) gave similar
estimates of the regression parameters as our procedure. Comparison of our
estimates to the estimates in the extreme value model which showed the
highest likelihood among the parametric models is shown in Table 1.
Although, only a qualitative comparison to the results of Engels et al. is
possible our conclusions are similar to these drawn by Engels et al. who
concluded that each log,, increase in baseline viral load was associated
with rather high increase in risk for AIDS-related illness during the first
few months of the follow—up. Based on our model, the expected time to
the development of AIDS-related illness, after adjusting for the CD4 count
is 0.6, 0.4 or 0.3 times respectively lower than the expected time for the
person with less than 10 000 copies of the virus/mL if the viral load is 10,
100 or 1000 times respectively higher.
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Abstract: A framework that allows the use of Gaussian linear analysis on
non-Gaussian time series is proposed. The idea is to approximate first the trans-
form that renders the marginal distribution Gaussian, and from this transform
to determine the autocorrelation of the Gaussian time series as a function of
the original one. The approximation of the transform is chosen to be piecewise
polynomial and the moments of the truncated normal distribution are used to
determine the relationship for the autocorrelations. The derived Gaussian time
series has the property that through the inverse transform it possesses the same
linear correlations and marginal distribution as the original time series. Thus the
standard linear analysis and modeling can be performed on this Gaussian time
series and the results of the analysis, passed through the inverse transform, can
yield the original non-Gaussian time series. This approach is particularly useful
for the surrogate data test for nonlinearity which relies heavily on the generation
of proper surrogate time series that possess the linear correlations and marginal
distribution of a given time series. The importance of this approach both for the
linear modeling of time series and for the surrogate data test for the nonlinearity
will be illustrated with some real world time series from finance and physiology.

Keywords: Time series; Non-Gaussian; Nonlinearity; Surrogate data test.

1 Introduction

The linear analysis of time series is well established, especially for Gaussian
time series, where, for example, best predictors are linear and the statis-
tics of the optimal estimators can be computed analytically (Brockwell
and Davis, 1991; Rosenblatt, 2000). If the time series cannot be assumed
Gaussian, statistics pertaining the fitted model can be computed numeri-
cally through bootstrapping techniques. In some cases, simple transforms,
such as logarithms, may render the Gaussian marginal distribution and
allow analytical results. One should be careful though when transforming
time series because a Gaussian marginal distribution does not necessarily
imply a Gaussian generating process. Furthermore, the linear correlations

239



240 Gaussian Modelling

may be altered through the transform and this should be taken care of in
the analysis of the transformed time series.

For a given non-Gaussian time series we attempt to generate a Gaussian
time series with suitable autocorrelation, so that under a static transform
it has the same marginal distribution and autocorrelation as the given time
series. Thus the analysis and modeling can be performed on this Gaussian
time series and the results, such as point predictions, confidence and pre-
diction intervals, can be mapped through the static transform to yield the
original time series.

The motivation for this approach stems from the surrogate data test for
nonlinearity and in particular from the problem of generating time series
that possess the linear correlations and amplitude distribution of a given
time series (Theiler et al, 1992; Schreiber and Schmitz, 2000; Kugiumtzis,
2002a). Such time series are called “surrogate data” and are used to repre-
sent the null hypothesis that a given time series is stochastic linear (explic-
itly, the time series is generated by a Gaussian process possibly undergoing
a static transform, linear or nonlinear). The generation of surrogate data
using a simple polynomial approximation for the transform of the mar-
ginals was recently used to improve significantly the performance of the
test (Kugiumtzis, 2002b).

In this paper, we extend the approximation of the transform to piecewise
polynomial in an attempt to provide better estimation for the linear corre-
lations. The accurate estimation of the linear correlations is not only useful
for the surrogate data test for nonlinearity, but also for the linear modeling
of non-Gaussian time series. The enhanced approach generates a Gaussian
time series, which is linearly equivalent to the original non-Gaussian time
series, so that the modeling is done on this Gaussian time series and the
estimates and predictions can be transformed back to the original time
series. In the following, we draw the main points of the approach.

2 Gaussian from Non-Gaussian Time Series

Let us suppose a transform g that maps two variables s; and s, having
standard Gaussian joint distribution to the variables x; = g(s1) and zo =
g(s2). For some known joint distributions of z1,xq, analytic expressions
exist for the transform v for the corresponding correlation coefficients ps
and p,, such that p, = ¥ (ps) (Hutchinson and Lai, 2001). This result can
be extended to time series, i.e. for two time series {s;} and {z;} where
x; = g(s;), there exists a function ), such that p,(7) = ¥(ps(7)), where
p(T) is the autocorrelation for delay 7. For an arbitrary distribution of
x1, 2 (and subsequently of {z;}) the transform g can be expressed by the
rank ordering

;= g(si) = D5 (Po(s4)), (1)
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where @, is the marginal cumulative density function (cdf) for  and @ is
the standard Gaussian cdf. The transform g as defined above is monotonic
and the inverse transform ¢—! is defined in a similar way. However, to
the best of our knowledge, an analytic expression of v for the correlation
coefficients (and subsequently for the autocorrelations) does not exist in
general.

In a first approach in (Kugiumtzis 2002b), the transform g is approxi-
mated by a polynomial of some degree m. For a given time series {z;},
the polynomial is estimated from the graph of {x;} versus generated stan-
dard normal white noise data reordered to match the rank order of {xz;}.
It was found that then v is also a polynomial of degree m with coefficients

¢, i =1,...,m, given in terms of the coefficients of the polynomial for g
m .
pe=0(ps) = Y cipl. (2)
i=1

The correlation coefficient ps can be found from the solution of eq(2). In
(Kugiumtzis, 2002b), it is conjectured that a unique solution exists but still
there is no theoretical proof for this. For time series, eq(2) can be solved
for each 7 substituting p, by p.(7) and ps by ps(7) in order to derive the
autocorrelation function p, for the desired Gaussian time series. Indeed,
ps alone defines a standard Gaussian process which under the transform
g, as defined in eq(1), generates time series that have marginal cdf @, and
autocorrelation p;.

This approach has been used to generate surrogate data possessing F, and
r, (the sample cdf and autocorrelation) of a given time series {z;},i =
1,...,n. The complete algorithm of statically transformed autoregressive
process (STAP) provides proper surrogate time series {z; }: F,(z;) = Fy(x;)
is attained exactly and r, is an unbiased estimate of r, (Kugiumtzis,
2002b). Compared to the two most known algorithms for surrogate data
generation, the amplitude adjusted Fourier transform (AAFT) (Theiler et
al., 1992) and the iterated AAFT (IAAFT) (Schreiber and Schmitz, 1996),
the test for nonlinearity turned out to perform best with STAP.

In the proposed paper the polynomial approximation of the transform g
is extended to piecewise polynomial to reach better fit. The variable s;,
restricted at each interval of the partition, follows a truncated normal dis-
tribution. The moments of the joint truncated normal distribution for sq, so
are expressed in terms of the truncation points, which are known from the
selected partition, and the correlation coefficient py (Johnson and Kotz,
1990; Regier and Hamdan, 1971). Making use of the expressions for the
moments we determine ¢ that gives p, in terms of p, as in eq(2), but here
the expressions of the coefficients ¢; are rather involved. Thus the procedure
for generating the equivalent Gaussian time series is the same as for the
simple polynomial approximation of g, but the estimation of p, is improved
to the cost of more intensive computations.
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3 Work in Progress

We are now working on testing with simulated time series for the cor-
rectness of the estimation of ¢/ and thus ps;. Then we intend to build an
algorithm similar to STAP and study the improvement of the accuracy in
the match of linear correlations with the use of piecewise polynomials. Fi-
nally, this approach will be used to make predictions of non-Gaussian time
series using the following procedure. A linear model is estimated from the
autocorrelation py of the equivalent Gaussian time series and the predic-
tions are transformed by g to derive the predictions for the original time
series. For this paper, we plan to illustrate the performance of the enhanced
approach with the same real world time series as those used in conjunc-
tion with the STAP algorithm in (Kugiumtzis 2002a; Kugiumtzis 2002b),
i.e. electroencephalographs (EEG) from normal and epileptic activity and
volatility data from the exchange rates of USD/GBP.
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Abstract: We show how Anderson’s Stereotype regression model can be ex-
tended to account for correlated responses by a simple nonlinear parameter re-
striction on the multinomial logistic model with random effects. A data set on
physicians’ recommendations and preferences in traumatic brain injury rehabili-
tation is used for illustration.
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1 Introduction

Many study designs in applied sciences give rise to correlated data. For
example, subjects are followed over time, are repeatedly treated under dif-
ferent experimental conditions, or are observed in logical units (e.g. clinics,
families, litters).

One of the standard analysing tools in these situations which adequately
accounts for the correlation between observations is the random effects
(RE) model, sometimes also called hierarchical or mixed effects model. This
is quite common for continuous responses, and also, despite an enhanced
mathematical complexity, for binary responses. Less used have been ran-
dom effect models for the analysis of discrete non-binary responses, some
of the rare examples are Hedeker and Gibbons (1994) and Tutz and Hen-
nevogl (1996) for ordinal and Hartzel et al (2001) for nominal responses.
To our knowledge, up to now there exists no random effects version of the
Stereotype regression model.

The Stereotype regression model was originally proposed by Anderson
(1984). He observed that some relevant discrete non-binary responses in
applied statistics are not perfectly ordinal in the sense that there is an la-
tent continuous variable which was only observed in discrete and disjunct
classes, but should rather be regarded as a multidimensional phenomenon
where several items determine the grade on the ordinal scale, the most
prominent example being maybe the severity of a disease.
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2 The Random Effects Stereotype Regression Model

To extend the Stereotype regression model to account for correlated re-
sponses we use the fact that the original Stereotype model is derived from
the ordinary multinomial logistic regression model by a certain nonlinear
parameter restriction. This restriction is simply applied to the multinomial
logistic random effects model of Hartzel et al (2001). The Stereotype model
with random effects thus becomes a nonlinear model with random effects
and all the well-known theory and estimation methods (see e.g. Davidian
and Giltinan, 1995) can be used.

We assume that our data comprises a set of I (¢ = 1,...,I) independent
clusters where the i-th cluster consists of n; observations. Let Y;; denote
the j-th response in cluster ¢ (j = 1,...,n;), where this response is from
one of r (r = 1,..., R) distinct categories and the response probability is
mijr = P(Y;; = r). Further, z;; denotes a column vector of covariates for
the j-th observation in the i-th cluster. Thus the model equation is

log (M) =0, + 26,8 +wip, r=1,...,R—1, (1)
TijR
where the 0, are constant terms, the scalars ¢, introduce a metric for the
common effect of the covariates, where this effect is assumed constant across
response categories. The influences of covariates are assessed through the
components of 8 = (01,...,8p) . The 0,, the ¢,, and the 3 are considered
to be fixed effects. For the random effects u; we assume a multivariate
normal distribution with unstructured covariance matrix ¥, that is for u; =

(Wi, ..., u; r—1)" we have u; ~ N(0,3).
For reasons of identification of parameters we restrict g = 0, Br = 0,
ug = 0, ¢p1 = 0, and ¢ = 1, so that interpretation of parameters is,

analogous to the multinomial logistic model, with reference to the R-th
category. Note that the model equation of the RE Stereotype regression
model is derived from the multinomial logistic random effects model of
Hartzel et al (2001) by the non-linear parameter restriction 3, = ¢..0.

The estimation of parameters is complicated by the fact that the likeli-
hood function consists of a product of I integrals which can not be solved
in closed form. Thus, numerical or stochastic integration are viable alter-
natives. Hartzel et al (2001) suggest adaptive Gaussian quadrature as the
preferred method for parameter estimation in this model class. As such, the
model can be fitted conveniently with, for example, SAS PROC NLMIXED.

3 The Motivating Example

The motivation for the derivation of the RE Stereotype model was a data
set from a study on physicians’ recommendations and preferences in trau-
matic brain injury (TBI) rehabilitation (Hasenbein et al, 2003). In this
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study, 36 physicians were asked to decide on the optimal rehabilitation
setting (in-patient, day-clinic, out-patient) for each of ten typical TBI dis-
ease histories. Of course, we expect the setting recommendations within
the same physician to be correlated. Concerning the 3-valued response we
recognize that this is not strictly nominal, but has indeed some ordinal
flavor, for example, we might think of the ”time not at home” as some un-
derlying continuous variable. However, it is not that simple that in-patient,
day-clinic, and out-patient rehabilitation only differ by the time that pa-
tients stay in the clinic, instead they rather represent different therapeutic
concepts and actual treatment varies. Of interest was mainly if we could
identify factors (considering physicians and disease histories) that influence
setting preferences.

In the following (see Table 1) we give the results (estimates and respective
standard errors in parentheses) for our data set for the ordinary Stereo-
type model, the RE multinomial model and the RE Stereotype model.
Four covariates, all of them binary, were included in the model, two of
them referring to physicians’ characteristics (1. Is the physician a neurol-
ogist [NEURO] and 2. Is the physician a specialist [SPECIAL]) and two
describing the disease history (3. Is the time since the event longer than 3
months [TIME] and 4. Is the patient severely or moderately handicapped
after the TBI [SEVERITY]). As the reference category of the response we
chose the stationary setting, and compare day-clinic (DC) and out-patient
(OP) to this.

Some remarks regarding the results can be made: As we expect (and maybe
hope as potential patients), physicians’ own characteristics do have only
small influence on their recommendations. Looking at the values of the
model selection criteria we see that the random effects Stereotype model
is superior to the other two models: Compared to the ordinary Stereotype
model this means on one hand that it is essential to account for the inherent
correlation in the data (which is also confirmed by the significant values
of the random effects covariance matrix). Compared to the random effects
multinomial model on the other hand we note that we do not need the
additional information of looking separately at the two response categories,
instead the RE Stereotype model gives a natural summary of the ordering
of response categories and judges the DC category roughly in the middle
(¢2 = 0.55) between the reference category and the OP category. Summing
up a bit roughly in subject matters: The more severe the TBI and the
shorter the time since TBI, the more time the patient should spend in the
hospital.

4 Discussion

We showed how Anderson’s Stereotype regression model can be extended
easily to account for correlated responses. The idea was to impose the non-
linear parameter restriction which relates the ordinary multinomial logistic
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TABLE 1. Results (estimates and respective standard errors in parentheses) from
the ordinary Stereotype model, the RE multinomial model and the RE Stereotype

model for the TBI data set

Stereotype RE Multinomial RE Stereotype
Model Model Model
Fixed effects
DC oP
BNEURO 0.89 (0.46) -0.56 (0.74) -0.36(0.90) 1.36 (0.93)
BspPECIAL 0.19 (0.43) -0.63 (0.78) -0.04 (0.94) 0.40 (0.88)
BrivmEe 3.26 (0.45)  2.51 (0.41)  3.43 (0.50) 4.23 (0.58)
Bseverrry -2.00 (0.43) -1.94 (0.43) -3.29 (0.47) -2.60 (0.53)
bo 0.50 (0.10) - 0.55 (0.09)
Random effects
52 - 1.47 (0.35) - 2.01 (0.96)
o3 — - 1.87 (0.43) 2.62 (1.20)
6%, - 2.54 (1.11) 1.94 (0.93)
Model selection criteria

AIC 517.3 499.3 487.5
BIC 543.9 516.7 503.3

model to the original Stereotype model to the random effects multinomial
model of Hartzel et al (2001). Proceeding that way, the RE Stereotype
model becomes a nonlinear random effects model and standard theory and
estimation methods apply. In terms of our motivating example we were able
to identify factors which influence physicians’ preferences on optimal reha-
bilitation setting in TBI patients. We learned that we had to account for
the inherent correlation in the data but did not need the additional com-
plexity of the RE multinomial model. Moreover, we got information about
distances between response categories. The estimation method of numer-
ical integration seems to work well as some limited preliminary evidence
from simulation studies reveals. In the future we are mainly interested in
additional estimation techniques to judge robustness of our results, where
MCMC and nonparametric ML, methods might be promising candidates.
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Abstract: The estimation of the Gamma frailty model with clustered interval
censored data is considered in this study. A simple multiple imputation approach
is proposed to estimate the regression parameter of the semiparametric Cox pro-
portional hazards model for interval censored data in the univariate case. The
basic idea is to iterate between the following two steps. With an additional para-
metric assumption on the baseline hazard function, we first impute an exact fail-
ure time to each finite interval-censored time using the approximate conditional
posterior distribution. Secondly, the standard Cox partial likelihood is applied to
the imputed data and the estimate of the regression parameter is updated. A ro-
bust variance estimator is also provided. Empirical results show that the proposed
method works extremely well. To accommodate clustered interval censored data,
an extension of the proposed method to estimate the regression and dependence
parameters of a Gamma frailty model is studied. In this part, the EM algorithm
for the Gamma frailty model suggested by Klein (1992, Biometrics 48, 795-806)
is used instead of the partial likelihood in the aforementioned second step. The
proposed method is applied to several real life data sets and the performance of
the proposed method is studied via simulation. As a side product, we also propose
a robust estimation procedure using a marginal approach, to make inference on
the regression parameter and to compare with that based on the Gamma frailty
model.

Keywords: Gamma frailty model; Clustered interval censored; Multiple impu-
tation; Proportional hazards model.

To model interval-censored data by Cox’s semiparametric proportional haz-
ards model, we propose a simple multiple imputation approach to estimate
the regression parameter in the absence of the rankings of the failure times.
The basic idea is to iterate between the following two steps. With an addi-
tional Weibull assumption on the baseline hazard function, we first impute
an exact failure time to each finite interval-censored time using the ap-
proximate conditional posterior distribution. Secondly, the standard partial
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likelihood is applied to the imputed data and the estimate of the regres-
sion parameter is updated. The two steps are performed iteratively until
convergence is achieved. Robust variance estimator for the regression pa-
rameter is also suggested to address for the misspecification of the baseline
hazard function. Simulation studies showed that the proposed method per-
forms extremely well even when the baseline hazard function is piecewise
constant (See Table 1).

A study is carried out to compare the cosmetic effects of radiotherapy
alone (X = 0) versus radiotherapy and adjuvant chemotherapy (X = 1)
on women with early breast cancer. The variable of interest is the time
to cosmetic deterioration of the patients. To compare the two treatment
regimes, 46 radiation only and 48 radiation plus chemotherapy patients
are considered. Patients are under intense observation in the initial 4 to 6
months after the treatments, but, when they begin to recover, the interval
between visits is lengthened. Due to the fact that patients are examined
only at these random times, we do not know the exact time of breast
retraction, but is known to fall within the interval between two consecutive
visits. The estimated regression parameter using our method together with
the estimates by other existing methods (reproduced from Pan 2000 and
Betensky et al. 2002) are tabulated in Table 2. Our estimates are very
similar to the others.

Correlated survival data are often observed when failure times are collected
on clusters of items or individuals. To accommodate clustered interval-
censored data, an extension of the proposed method to estimate the re-
gression and dependence parameters of a Gamma frailty model is studied.
In this part, we impute the survival times using the approximate joint con-
ditional posterior distribution, and the EM algorithm for the Gamma frailty
model suggested by Klein (1992) is used instead of the partial likelihood
in the second step of the univariate setup. The performance of the pro-
posed method is studied via simulation (See Table 3). Again, the proposed
methodology works extremely well except for a not so alarming underesti-
mation in the dependence parameter, 6.

For illustration, we apply our proposed method to analyze the diabetic
retinopathy study (DRS) data. The main purpose of the study is to assess
the effectiveness of laser photocoagulation in delaying the time to onset
of blindness in patients with diabetic retinopathy. It is also of interest to
examine whether the effect, if it exists, depends on the type of diabetes,
namely juvenile versus adult diabetes. One eye of each patient is randomly
selected for treatment and the other eye is treated as control. As the failure
times for both eyes are correlated, multivariate survival analysis is desired.
The endpoint used to assess the treatment effect is the occurrence of visual
acuity less than 5/200 at two consecutively completed 4-month follow-ups.
Hence, the occurrence times are interval-censored. We analyze the data by
using the proposed method. As a side product, we also propose a robust
estimation procedure using a marginal approach to make inference on the
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regression parameter and to compare with that based on the Gamma frailty
model. The results are tabulated in Table 4.
A simple multiple imputation approach is proposed to model univariate
interval-censored data. The main advantage of this method over the others
is that it can be extended easily to accommodate clustered interval-censored
data as illustrated in the example.

TABLE 1. Simulation Results (Univariate Case) with imputation size = 10, 400
replications and true 3 = 1.000 (Ct=constant).

Robust o
variance  True Baseline ¢ Empirical ~ Average  Coverage
estimator? SD(3)  SE(B)  (95% C.I)
Weibull 1.043  0.268 0.273 95.75%
No Piecewise Ct  0.993  0.261 0.271 95.75%
Weibull 1019 0278 0.269 95.50%
Yes Piccewise Ct  0.998  0.272 0.267 95.00%

TABLE 2. Treatment effect for breast cosmesis data using proportional hazards
model with various methods.

Model Estimate Standard Error
Exponential 0.742 0.277
Mid-point Imputation 0.839 0.286
Huang and Wellner (1995) 0.795 0.29
Finkelstein (1986) 0.791 0.288
Satten (1996) 0.890 0.297
Satten et al. (1998) 0.878 0.294
Goggins et al. (1998) 1.450 0.371
Pan (2000) 0.90 0.29
Betensky et al. (2002) 1.053 0.270
Our results 0.849 0.287
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TABLE 3. Simulation Results (Multivariate Case) with imputation size = 500
and 500 replications (TCB=True Conditional Baseline).

TCB « True Q Empirical Average Coverage
SD(4)  SE(&4) (95% C.L)

3 0693 -0.701 _ 0.218 0.204 93.2%

o 0500 0406  0.225 0.244 90.2%

. B 0693 0675  0.244 0.210 90.8%
Weibull 4 1000 0871 0317 0.318 89.0%
3 0693 0645  0.243 0.202 83.8%

9 2000 1.851  0.463 0.447 90.6%

B 0693 -0.681  0.234 0.208 92.0%

o 6 0500 038  0.224 0.256 90.0%
Piecewise —3—57593 0675 0.234 0.208 92.4%
constant —p 1000 0.846  0.303 0.320 89.6%
hazards  —3—5593 0653  0.252 0.205 89.2%
9 2000 1.752  0.434 0.440 88.4%

TABLE 4. Parameters estimates (with robust standard error between brackets)
of diabetic retinopathy study using various methods and models. MA=marginal
approach. FM=Frailty Model

Method Covariates Frailty
Type Treatment Interaction

Huster et al. (1989) 0.37 -0.43 -0.84 2.01
(0.20) (0.18) (0.30) (0.34)

Liang et al. (1993) 0.34 -0.42 -0.84 - -
(0.20)  (0.19) (0.30)

Lin (1994) 0.34 -0.43 -0.85 - -
(0.20) (0.19) (0.30)

Ross and Moore (1999)  0.35 -0.44 -0.84 2.04
(0.21) (0.18) (0.29) (0.35)

Our results (MA) 0.37 -0.41 -0.88 - -
(0.20)  (0.22) (0.35)

Our results (FM) 0.43 -0.51 -0.99 2.07
(0.22) (0.23) (0.40) (0.35)
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Abstract: Hierarchical generalized linear models (HGLMs) are developed as a
synthesis of (i) generalized linear models (GLMs) (ii) mixed linear models, (iii)
joint modelling of mean and dispersion and (iv) modelling of spatial and temporal
correlations. Statistical inferences for complicated phenomena can be made from
such a HGLM, which is capable of being decomposed into component GLMs,
allowing the application of standard GLM procedures to those components, in
particular those for model checking.
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hood; H-likelihood.

1 Introduction

There have been many models and many methods proposed for the descrip-
tion and analysis of correlated non-normal data. One general approach is
via the use of random effect models. In 1996 Lee and Nelder introduced a
class of models called HGLMs, and recently Lee and Nelder (2001a) pre-
sented them as a synthesis of three widely-used existing model classes, (i)
GLMs (McCullagh and Nelder, 1989), (ii) mixed linear models having both
fixed and random effects (Longford, 1993) and (iii) models with structured
dispersions as used in the analysis of data from quality improvement ex-
periments (Nelder and Lee, 1991).

In Lee and Nelder (2001b) we introduced an extended HGLM for modelling
and analysing spatial and temporal correlations for correlated non-normal
data. This covers a broad class of models, and we show that many previ-
ously developed models appear as instances of our model. Rich classes of
correlated patterns in non-Gaussian models can be produced via HGLMs
without requiring explicit multivariate generalizations of non-Gaussian dis-
tributions. In this talk we summarize inference from HGLMs and list prac-
tical applications.
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2 H-likelihood Inference

For inference in HGLMs Lee and Nelder (1996) proposed the use of an
h-likelihood of the form

h = h(B,0) =log{f(ylv; B)} +log{f (v; )}, (1)

where f(y|v;8) and f(v; o) denote the conditional density function of the
response y given v and the density function of v, respectively, and 3 is a
regression parameter. In forming the h-likelihood the choice of the scale of
random effects is important. Note that v is the scale on which the random
effects are assumed to occur linearly in the linear predictor.

By contrast, the marginal likelihood m can be obtained by integrating out
the random effects from the h-likelihood:

m = log{ / exp(h) dv}. 2)

However, integration becomes more difficult as the number of random com-
ponents increases. An important advantage of the h-likelihood approach is
that it facilitates inference in models with complex random effect structures
without recourse to integration.

Let [ be a likelihood, either a marginal likelihood m or an h-likelihood £,
with nuisance parameters 6. Lee and Nelder (2001a) considered a function
po(l), defined by

po(l) = [l - %bg det{A(l,0)/(2m)}|,_5 (3)

where A(l,0) = —821/06% and 6 solves d1/90 = 0. For fixed effect parame-
ters 3 the use of mp = pg(m) is equivalent to conditioning on B (Cox and
Reid, 1987), while for random effects v the use of p,(h) is equivalent to
integrating them out by using the Laplace approximation. Lee and Nelder
(2001a) showed that hp = p,(h) where 7 = (B7,vT)7T is approximately
pa(pu(h)); in general m ~ p,(h) and mp ~ hp. In mixed linear models
hp becomes Harville’s (1977) restricted likelihood mp, and thus hp is a
natural extension of the restricted likelihood for dispersion components
in linear mixed models to non-normal mixed-effect models. Therefore, hp
may be viewed as a proper likelihood for the dispersion parameters o after
eliminating the nuisance parameters 7.

3 Remarks on Inference in Hierarchical Models and
H-likelihood

For inference in hierarchical models, a considerable amount of effort has
been devoted to implementing methods based upon marginal likelihood,
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which becomes computationally heavier as the number of random compo-
nents increases. This difficulty has limited the wider application of HGLM-
type models.

It is perhaps unfortunate that Bayesians, from Lindley and Smith (1972)
onwards, seem to have made a major play for the high ground in all hi-
erarchical modelling, implying, effectively, that the Bayesian approach is
the method of choice when dealing with hierarchical models. The availabil-
ity of MCMC, making many problems seem more solvable via Bayesian
computations, has appeared to justify this point of view.

For inference in HGLMs, Lee and Nelder (1996) proposed the use of hier-
archical likelihood (or h-likelihood) defined at (1). By using h-likelihood,
we may deal with such models directly because there is an explicit an-
alytical form for this type of likelihood (Nelder, in press). H-likelihood
will, we believe, become widely used for inference in hierarchical models
as it is a natural extension of Fisher likelihood to models with random
parameters. Moreover, h-likelihood estimation is based on a statistically
and numerically efficient fitting algorithm which provides a straightforward
REML extension for inference on dispersion parameters. Finally we note
that subject-specific inference is possible without resorting to an empirical
Bayesian framework.

Despite these obvious strengths, one apparent criticism of the h-likelihood
method derives from a belief that h-likelihood provides qualitatively differ-
ent (i.e. non-invariant) inferences for trivial re-expressions of the underly-
ing model. This perspective is due to a misunderstanding of the nature of
h-likelihood: see Lee and Nelder (2003a) for detailed discussion. Another
criticism of the h-likelihood method is its bias in parameter estimators for
binary data. Yun and Lee (2003) showed that if it is properly implemented
there is no such bias and it gives better estimators than the marginal like-
lihood method using Gauss-Hermite quadrature.

4 Applications of H-likelihood

The scope of the h-likelihood paradigm is wide and continues to expand -
as evidenced by other contributions to this workshop. Already, the use of
h-likelihood provides new solutions to various problems. These include:

1. Joint modelling of mean and dispersion (Lee and Nelder, 2001a),

2. The analysis of temporally and spatially correlated data (Lee and
Nelder, 2001b),

3. A new class of models for stochastic volatility in the finance area (Lee
and Nelder 2003b),

4. The provision of model checking to see if the postulated pattern of
random effects is supported by the data (Lee and Nelder, 2001a)
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5. Meta analysis (Lee and Nelder, 2002),

6. Analysis of survival data (Ha, Lee and Song, 2001; Ha, Lee and Song,
2002),

7. Implicit implementation of an EM-type algorithm to yield good esti-
mators for censored linear mixed models (Ha and Lee, 2003),

8. The prediction of future observations (Pawitan, 2001, Chapter 16),
9. A simple alternative to kernel smoothing (Pawitan, 2001),

10. A new way of modelling long-range dependence and self-similarity
processes for internet queuing systems (Sohn, Yun and Lee (2003),

11. New robust sandwich variance estimates for fixed effect estimators,
which cannot be obtained from marginal likelihood (Lee, 2002), and

12. Alternatives to generalized estimating equations, based on extended
likelihood rather than the ad hoc approach of generalized estimating
equations (Zeger et al, 1988).

5 Discussion

The concept and definition of h-likelihood is reviewed and its several
virtues extolled. It is a major competitor for existing marginal (and usu-
ally Bayesian) methods for inference in the hierarchical modelling paradigm
and its use is destined to become routine and to displace existing MCMC
methods in a large family of relevant statistical models.
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Abstract: We introduce and demonstrate the application of the additive genetic
gamma frailty models for genetic linkage and association analysis. Such models
are developed in order to account for disease phenotypic or etiological hetero-
geneity, including variable age of onset and possible environmental risk factors.
Both real data sets and simulations indicate that the methods can potentially
gain power in mapping genes for complex human diseases.
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1 Introduction

Many complex human diseases are due to multiple disease genes and both
genetic and environmental risk factors. These diseases often also show vari-
able age of disease onset. Examples include human cancers such as breast
cancer and prostate cancer. Early age of cancer onset is a strong indicator
for genetic predisposition and variable age of onset is often a good indica-
tor for disease heterogeneity. Therefore, for complex diseases with variable
age of onset, it is important to incorporate these information into genetic
linkage and association analysis.

In order to incorporate both covariates and age of onset information into
genetic analysis, we have defined an additive genetic gamma frailty model
constructed based on the inheritance vectors (Li and Zhong, 2002). Unlike
the previously proposed frailty models, our models construct the frailties
based on gene segregation within a family. From the conditional frailty
model, we further derived the joint survival functions for age of onset data
within a family, and explicitly obtained the conditional hazard ratio for sib
pairs who share different number of allele identify by descent at the putative
disease locus. Within this modelling framework, we derive a retrospective
likelihood ratio test for linkage and a score test for genetic association in
the linked region using sibships data.

The paper is organized as follows: we first define the model and formulate
tests of linkage and association in terms of the parameters in this model.
We then present results of analysis of the data sets from the 12th Genetic
Analysis Workshop. We conclude the paper with a brief discussion.
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2 Statistical Models

2.1 The Additive Genetic Gamma Frailty Model for Age of
Omnset

Consider a sibship with n sibs. Let T; be the random variable of age at
disease onset for the jth sib. Let (¢;,d;) be the observed data where ¢; is
the observed age at onset if 6; = 1, and age at censoring if §; = 0. Consider
a candidate marker d in the linked region, and let g = (g1, -, gn) denote
the vector of genotypes at locus d of the m family members of known age
at disease onset. We assume that the hazard function of developing disease
for the jth individual at age ¢; is modelled by the proportional hazards
model with random effect Z;,

)\j(t]’|Zj) = )\o(tj)exp(ngﬂ)Zj, fOI'j = ]., 2, ey n, (1)

where Ao(t) is the unspecified baseline hazard function, and X, denotes
some function of the jth offspring’s marker genotype in the family, for
example, for additive model, X, = [, | = 0,1,2, counts the number of
the putative high-risk allele D and is for the genotype of jth member in
the family who carries [ copies of the putative high-risk allele D. Z; is the
unobserved genetic frailty. Following Li and Zhong (2002), we define the
genetic frailty as the following

Zj = Uy, +Udgp,; +Up,
where Vy = (v1,v2,+ -+, V2,1, V2y,) is the inheritance vectors (Lander and
Green, 1987) of a sibship at d locus, vaj—1 =1 or 2, and vy; = 3 or 4 for
j=1,2,---,n. The inheritance vector indicates which parts of the genome

at locus d are transmitted to the n children from the father and the mother.
Here Uy; and Ugo are used to represent the genetic frailties due to part of
the genome on the two chromosomes of the father at locus d, and Uys,
and Uy, are analogous though for the mother. The random frailty term,
U,, takes into account possible genetic contributions to the disease due to
loci unlinked to locus d, or contributions to shared familial effects. Assume
that the Uy, Uy, Ugs and Uy are independently and identically distributed
across different families as I'(v4/2, 1), and U, is distributed as I'(vp, n) over
different sibships, where 7 is the inverse scale parameter and v4 and v,
are the shape parameters. To make the baseline hazard Ao(t) identifiable,
let v4 + v, = 1. Under this restriction, there are two free parameters, vq4
and v, and Ug; ~ T'(va/2,va +vp), Up ~ T(vp,va+1p), i =1,---,2n and
Zj ~T(vqg + vp,va + vp).

Li and Zhong (2002) considered a similar model as (1), but they did not
include the X, 3 term in the model. They further showed that the null
hypothesis that the candidate locus does not contribute to the risk of dis-
ease can be formulated as testing Hp : v4 = 0. Li and Zhong (2002) gave
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a retrospective likelihood ratio based test assuming that the population
disease rates are known. Li (2002) gave a prospective likelihood ratio based
test using the EM algorithm.

2.2 A score Test for Genetic Association in the Linked Region

Once linkage has been established, more markers are usually typed in this
region and genetic association test based on linkage disequilibrium is often
performed. However, it is well known that the transmission of alleles to
different sibs within a family is dependent in the linked region (Ewens and
Spielman, 1995). Therefore, direct applications of some of the tests treating
sibs within a family as independent will result in inflated type 1 error rates.
As we can see, when § = 0, the hazard function (1) and the joint density
and survival function for a sibship does not depend on the genotype at the
locus d, therefore, test of allelic association between locus d and the disease
or the null hypothesis that genotype at candidate locus will not affect the
risk of the disease can be formulated as testing Hy : 5 = 0.

Let M; = (gi1, -, gin;) be the vector of the marker genotypes at the
candidate marker locus for the n; children in the ith family, and ¢g; =
(g9ir, ginr) be the vector of parental marker genotypes. We can derive a
score test based on the following retrospective conditional likelihood for
the ith family,

Pr Mz g Pr ti,éz- Mz
i Dol0): . 90) = PriOYiis 0,55) = - S DO
M 2 1y Y

where )~ ,, denotes summation over all possible offspring genotype vectors
M. The corresponding score statistic can be written as

Si = 2[5% - AO(tij )Fij (tia 51'; V)](Xgij - E(Xgij

j=1

giFagiM))a

where Fj, (t;,0;,v) is a function of the age of onset data and
the linkage parameters. The score test can then be defined as

T =N Si/\IN, V(Sy).

3 Applications to the 12th Genetic Analysis
Workshop Data

To demonstrate the proposed methods, we analyzed the simulated data
from the general population of 12th Genetic Analysis Workshop (GAW12).
The true disease model includes seven major genes which influence the
disease liability and age of onset. Among these 7 genes, only major gene 7
directly contributes to age of onset and major gene 6 directly contributes
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FIGURE 1. Left plot: Kaplan-Meier disease-free survival curves for males and
females estimated based on the founders’ data; right plot: Linkage results based
on our method (top plot) and the mean IBD test for chromosome 6 (bottom plot),
where the dashed horizontal lines refer to the critical values corresponding to 0.001
and 0.0001 significant levels respectively and the dashed vertical lines mark the
location of magor genes 6 and 7.

to disease liability. Both major gene 6 and 7 reside on Chromosome 6, with
major gene 6 on the 30.5cM position and major gene 7 on the 31.5cM
position. Our analysis focuses on chromosome 6, which incudes a total of
152 microsatellite markers of an average of roughly 1 ¢cM apart. There is a
total of 50 replicates, each containing 23 extended pedigrees with 1,497 total
individuals. We used the first thirty replicates of simulated data sets from
the general population, extracting 500 affected sib pairs with their parents
from each pedigree to ensure independence between nuclear families. We
then calculated the Kaplan-Meier nonparametric survival estimate as the
approximation of the baseline hazard function using the available age of
onset data from all the founders of the first thirty replicates (see left plot
of Figure 1). The plot indicates difference in survival rates between males
and females.

We first performed linkage analysis for chromosome 6. The right panel of
Figure 1 shows the results. These plots indicate that our methods give
stronger evidence of linkage than the mean IBD test, and adjusting for sex
as a covariate improves the power. For the regions far away from the true
disease region, no significant linkage signal is observed.

We then performed genetic association analysis for all the 65 SNPs existed
in the coding region of major gene 6. Figure 2 plots the negative logarithms
of the p-values of the test versus the sequence number of the 65 SNPs. We
observed that some SNPs in the coding region showed a significant evidence
of association with the disease, especially when the sex covariate was taken
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FIGURE 2. Results of association tests for SNPs in gene 1, (a) without adjusting
for sex; (b) adjusting for sex. The horizontal lines correspond to the significance
levels of 0.001 and 0.0001 and the vertical line indicate the true disease variant.

into account in the analysis. Note that we did not observe strong association
for some of the SNPs which are close to the true disease variant. This can
happen since the linkage disequilibrium is not just a function of the distance
between the two locus, it also depends on the allele frequencies.

4 Conclusions and Discussions

In conclusion, the statistical tests based on the additive genetic gamma
frailty models provide a flexible framework for incorporating age of onset
and environmental risk factors into genetic analysis of complex diseases.
The proposed methods are allele-sharing based and do not require specifi-
cation of the mode of inheritance or the penetrance functions. Analysis of
the GAW12 data sets and our simulation studies indicate that the methods
are applicable to real data sets (Zhong and Li, 2003, in preparation).
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Abstract: Structural equation modeling, or SEM, is a general and convenient
framework for statistical analysis that includes as special cases several tradi-
tional multivariate procedures, such as factor analysis, multiple regression analy-
sis, discriminant analysis, and canonical correlation. Structural equation models
for multilevel data have been formulated by several authors. The approach to mul-
tilevel SEM outlined by Muthn is particularly interesting, because he shows that
structural equation modeling of multilevel data is possible using available stan-
dard SEM software. A different approach is to estimate the covariance matrices
at the distinct levels, using standard multilevel regression software, as proposed
by Goldstein. This approach has the advantage that it also uses standard SEM
software, but the models and hence the program setups are far less complicated
than the models and setups implied by the Muthn approach. This paper exam-
ines both approaches in some detail, and compares them on an exemplary data
set.

Keywords: Multilevel structural equation models.

1 The Muthén Approach: Decomposing Multilevel
Variables

Multilevel structural models assume that we have a population of individ-
uals that are divided into groups. The individual data are collected in a
p-variate vector Y, (subscript ¢ for individuals, g for groups). The variates
Yi4 can be decomposed into a between groups component Yp = 79, and a
within groups component Yy = Yy — ?g. This decomposition leads to a
between groups covariance matrix X g (the population covariance matrix of
the disaggregated group means Yg) and a within groups covariance matrix
Yw (the population covariance matrix of the individual deviations from
the group means Yy ). Following the same logic, we can also decompose
the sample data, which leads to the sample covariance matrices Sp and
Sw. An unbiased estimate of the population within groups covariance ma-
trix Xy is given by the pooled within groups covariance matrix Spy . For
computational reasons it is convenient to calculate not the between groups
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covariance matrix Sp itself but the scaled between groups covariance matriz
for the disaggregated group means S%, which in the balanced case equals
nSp. Muthén (1989, 1990) shows that Spw is the maximum likelihood es-
timator of Xy, with sample size N — G, and S% is the maximum likelihood
estimator of the composite Xy + cXp.

In Muthén’s approach, we use the multi-group option of conventional SEM
software for a simultaneous analysis at both levels. We specify two groups,
with covariance matrices Spw and S7. The model for ¥y must be specified
for both Spw and S}, with equality restrictions between both ‘groups’ to
guarantee that we are indeed estimating the same model in both covariance
matrices, and the model for ¥ is specified for S% only, with the scale factor
¢ = n built into the model.

2 The Multivariate Multilevel Approach: Direct
Estimation of the Covariance Matrix at each Level

Goldstein (1987, 1995) suggests using a multivariate multilevel (MVML)
regression model to produce a covariance matrix at the different levels, and
to input these in a second step into a standard SEM program for further
analysis. Multivariate multilevel regression models are multilevel regression
models that contain more than one response variable.

In multivariate multilevel models, the variables constitute the lowest-level
units. In most applications, the variables would be the first level, the indi-
viduals the second level, and if there are groups, these form the third level.
If we have p response variables, Y};; is the response on measure h of indi-
vidual 7 in group j. We define p dummy variables, one for each response
variable. In the multivariate multilevel model, the fixed part contains p
regression coefficients for the dummy variables, which are the p overall
means for the p outcome variables. The random part contains two covari-
ance matrices, ¥;; and X;, which contain the variances and the covariances
of the regression slopes for the dummies on the individual and the group
level. Since that individual level and group level covariances are estimated
directly, they can be modeled directly and separately by any SEM pro-
gram. As a result, we get separate model tests and fit indices at all levels.
The multivariate multilevel approach to multilevel SEM also generalizes
straightforwardly to more than two levels. The resulting simplicity is a dis-
tinct advantage of the multivariate multilevel approach. There are other
advantages as well. First, since the multilevel multivariate model does not
assume that we have a complete set of variables for each individual, in-
complete data are accommodated without special effort. Second, if we have
dichotomous variables, we can use the multilevel generalized linear model
to produce the covariance matrices, again without special effort.
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TABLE 1. Population and estimated values of the model parameters

Loadings Population Muthén method MVML method

Variables F1 F2 BF1 WF1 WF2 BF1 WF1 WF2 BFI1
X1 3 b .300 497 300 .499
X2 4 4 .400 395 .400 .397
X3 b 3 .500 293 .500 .295
X4 3 5 300 497 300 499
X5 4 4 400 .395 400 397
X6 bS53 500 293 500 295

3 Comparing the Two Approaches

In this paper, we compare the limited information Muthén approach and
the multivariate multilevel approach to multilevel SEM. Our benchmark
model is a two-level factor model with six observed variables, one factor at
the group level, and two factors at the individual level. Using procedures
outlined by Waller we have constructed a two-level data set that exactly
reproduces the benchmark model. The multilevel structure has 100 groups
all of size 50. The group size and the number of groups have been chosen
to be both large enough to ensure accurate estimation of both parameters
and standard errors at all levels (cf. Hox & Maas, 2001).

Since the data are balanced, Muthén’s method in this case is a full informa-
tion Maximum Likelihood method. The multivariate multilevel approach
produces Maximum Likelihood estimates, and since the input are two co-
variance matrices estimated by Maximum Likelihood methods the results
should be comparable to the estimates produced by the Muthén method.

4 Results

Table 1 shows the population values of the factor loadings and variances
in the two-level factor model. In addition, it shows the estimates produced
by Muthén’s method and by the multivariate multilevel (MVML) method.
It is clear from Table 1 that the individual level loadings are estimated with
total accuracy. Since the individual-level sample size is N —G = 4900, this is
not surprising. At the group level, where the sample size is 100, the loading
estimates are very close to the population values. The estimates produced
by the MVML method are somewhat closer to the known population values,
but both sets of estimates are so close to the true values that this difference
is utterly trivial.

Table 2 shows the population values of the factor loadings and the standard
errors produced by Muthén’s method and by the multivariate multilevel
(MVML) method.
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TABLE 2. Population and estimated standard errors of the model parameters

Loadings Population Muthén method MVML method

Variables F1 F2 BF1 WF1 WF2 BF1 WF1 WF2 BF1
X1 3 .5 .010 .006 .010 101
X2 4 4 .012 .008 .012 .095
X3 .5 3 .014 .092  .014 .090
X4 3 b .010  .006 .010 .101
X5 4 4 .012  .008 012 .095
X6 .5 3 014  .092 014 .090

It is clear from Table 2 that the standard errors of the individual level
loadings are estimated with total accuracy. Since the individual-level sam-
ple size is N — G = 4900, this is not surprising. At the group level, where
the sample size is 100, the standard errors are produced by the Muthén and
MVML method are a bit different. In this case, they would both lead to the
same conclusion, but the p-values and confidence intervals are certainly not
the same. To check the standard errors, we carried out a parametric boot-
strap on the covariance matrices produced by the MVML method. The
bootstrapped standard errors are very close to the asymptotic standard
errors produced by the direct estimation using the MVML method.
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Abstract: Correlated survival times may be modelled by introducing a random
effect, or frailty, component into the hazard function. For multivariate survival
data we extend a non-PH model, the generalized time-dependent logistic (GTDL)
survival model (MacKenzie, 1996, 1997), to include random effects. The extension
leads to two different, but related, non-PH models according to the method of in-
corporating the random effects. The h-likelihood procedures of Ha, Lee and Song
(2001) and Ha and Lee (2003), which obviate the need for marginalization (over
the random effect distribution), are derived for these extended models and their
properties discussed. The new models are used to analyze two practical examples
in the survival literature and the results are compared with those obtained from
fitting the PH and PH frailty models.

Keywords: Frailty models; Generalized time-dependent logistic; Hierarchical-
likelihood; Non-PH model; Random effect.

1 Introduction

Proportion hazards (PH) frailty models which extend the standard PH
model (Cox 1972) to allow frailty are frequently to analyze multivariate
survival data which may arise, for example, when recurrent or multiple
event times on the same subject. However, the assumption of proportion-
ality can sometimes be inappropriate.

In this paper we introduce a flexible non-PH random-effect model based on
the generalized time-dependent logistic (GTDL) survival model (MacKen-
zie, 1996). The GTDL generalizes the relative risk (RR) in Cox’s PH model
to time-dependent form. The model, a wholly parametric competitor for
the PH model, has several interesting properties including a frailty inter-
pretation. In particular, by retaining Cox’s constant of proportionality as
the leading term in the RR, the model is not only capable of represent-
ing data which conform the PH assumption, but can also accommodate a
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wider class of survival data in which the assumption of proportionality is
untenable.

We, extend the GTDL to the multivariate survival data setting in two
ways, adopt the hierarchical likelihood (h-likelihood) approach of Ha, Lee
and Song (2001) and Ha and Lee (2003) for inference, use the new models to
analyze two well known practical data sets from the literature and compare
the results with the PH and PH frailty models.

2 The GTDL Model

A non-PH model, the GTDL regression model (MacKenzie, 1996), is de-
fined by the hazard function:

A(t;z) = Aop(t; @), (1)

where \g > 0 is a scalar, p(t;z) = exp(ta + 27 8)/{1 + exp(ta + 27 5)}
is a linear logistic function in time, « is a scalar measuring the effect of
time and ( is a p X 1 vector of regression parameters associated with fixed
covariates * = (z1,...,2,)7. The relative risk (RR), the ratio of hazard
rates for two subjects with different values of covariates, z(*) and z(®, is
given by

A(t:2M,2?) = A2 ) /A1) = expl (V) — )T B}t 2D, 2),

(2)
where (¢, 21, 2®) = {1 +exp(ta+2PT3)} /{1 +exp(ta+2MTB)}. The
leading term on the right hand side of (2), Cox’s constant RR over time,
is thus moderated by #(-), a function of both time and covariates. That is,
the model (1) is a non-PH, but when a = 0 resulting RR is time invariant
and model is then PH. The cumulative hazard function is given by

! A T
A(t;x)Z/O A(s;x) ds = Eolog{l—i_li{zg;;;)ﬁ)} .

Under non-informative censoring the ordinary censored-data likelihood,
which depends on (1) and (3), is easily constructed.

(3)

3 Extended GTDL Models

The multivariate data structures are as follows. Let T3; (i =1,...,¢q, j =
1,...,n; n = Y, n;) be the survival time for jth observation of the ith
subject. Denote by U; the unobserved frailty (or random effect) for the ith
subject.
We extend the model (1) to include a frailty term acting multiplicatively on
the individual hazard rate. Given U; = u;, the conditional hazard function
of T;; takes the form

Avig (tus) = Aij (t)us, (4)
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The frailties U; are assumed to be independent and identically distributed
random variables with a density function depending on the frailty parame-
ter 6, say g(.|0). Alternatively, we may consider another natural extension
of model (1), by including a random component in the linear predictor,
ta + 273, of (1). Given U; = u;, the conditional hazard function of Tj; is
then of the form

exp(tijo + &8 + u;)

215 (#us) 01+exp(tija+xz;ﬂ+ui)

(5)

where the U; have been defined above.

Models (4) and (5) are similar, but (4) assumes that the random effects
act multiplicatively on the hazard function while (5) assumes they are
additive on a generalized log,-odds scale, which is the usual log,-odds
scale when A\, = 1. While (4) is a conventional frailty model, (5) is not,
although it is nevertheless of interest, since then the random effects and
the fixed effects act linearly on the same scale.

The choice of ¢(.|§) may be important. For h-likelihood inference, the choice
of parametric form is wide (and testable), since marginalization is not re-
quired. In this paper we shall adopt the log-Normal distribution for h-
likelihood inference - a choice to which inference on [ is robust (Ha et
al., 2001; Ha and Lee, 2003). Perhaps a more natural choice for Model (4)
is the Gamma distribution, see Blagojevic, MacKenzie & Ha (2003) for a
marginal approach. Alternatively, we may adopt a non-parametric mixture
model.

4 H-Likelihood Estimation and Inference

Let the observable random variables be Y;; = min(T;;,C;;) and 6;; =
I(T;; < Cjj;), where Cj; is the censoring time corresponding to T;; and I(-)
is the indicator function.

Following Ha, Lee and Song (2001), the h-likelihood for the model (4),
denoted by h, is defined by

h=h,3,0) =3 lj+ > o, (6)

where
lij = liij(@, B yij, 0ijus) = 05 log M (yis|ws) — A (yajlua)

is the logarithm of the conditional density function for Y;; and d;; given
U; = u;, and fy; = £9;(6;v;) is the logarithm of the density function for
Vi = v(U;) = log(U;) with parameter 6. Here v is scale on which the random
effects influence the linear predictor and v; = v(u;) = logu;: see also Lee
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and Nelder (1996). The maximum h-likelihood (MHL) estimating equations
of 7 = (a, BT, vT)T with v = (v1,...,v,)T are given by

Oh)dr = 0. (7)

Note that the asymptotic covariance matrix (Ha et al., 2001) for 7 — 7 is
given by the inverse of H = — 9?h/072. For the estimation of the frailty
parameter 6, we use Lee and Nelder’s (1996) APHL (adjusted profile h-
likelihood) hp of 6 after eliminating 7, defined by

hp=hal >, (8)

where hg = h+ log{det(2mH ~*)}. Given estimates of 7, Lee and Nelder’s
(2001) REML (restricted maximum likelihood) estimating equation for 6,
maximizing hp, is given by

Oha/dal_~ =0. 9)

5 Results

We illustrate the use of models (4) and (5) and also their conditional forms
(without frailty or random effects) and include Cox’s PH and PH frailty
models as comparators.

We analyze two sets of well-known multivariate survival data which have
appeared in the literature. Firstly, the kidney infection data of McGilchrist
and Aisbett (1991), comprising times to the first and second recurrences
of infection in 38 kidney patients and consider a single fixed covariate, sex
of the patients, coded 1 for female and 0 for male. Secondly, the placebo-
controlled randomized trial of gamma interferon (y—IFN) in chronic granu-
lomatous disease (CGD) (Fleming and Harrington, 1991) in which scientific
interest is focused on the effect of treatment on the (possibly multiple) re-
currence times. In all, we analyze ten covariates including treatment. The
results of the analyzes are shown in Tables 1 and 2 respectively (omitted).
For the kidney data, the finding that femaleness is protective of recurrence
is confirmed in all of the models fitted. The standard error is elevated in
all frailty models suggesting that Cox Model and the non-PH models with-
out frailty fail to account properly for the (positive) correlation between
recurrence times. The « parameter in the non-PH models is not significant,
suggesting that there is no serious departure from the PH assumption in
these data.

The results for the CGD data are broadly similar in that the treatment ef-
fect is correctly identified by all models fitted. However, in these data, there
is clear evidence of non-proportionality a # 0, but the size of this effect is
small. On the other hand, there is some difference in interpretation of the
longitudinal covariate, which is identified by all of the non-PH models.
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Abstract: We reparametrize the marginal covariance matrix arising in longitu-
dinal studies to model, jointly, the mean and covariance structures in terms of
three polynomial function of time. We also compare model selection procedures
based on regressogram estimation with those based on a direct search of the joint
model space. Using a BIC-based model selection criterion to identify the optimum
degree triple of the three polynomials, we show that the use of a saturated mean
model is not optimal, explain why regressogram-based model estimation may
mislead and give a new computational algorithm, based on a criterion involving
three pairwise saturated profile likelihoods, for finding the global optimum model
efficiently.

Keywords: BIC; Joint mean-covariance modelling; Profile likelihood.

1 Introduction

We model, jointly, the mean-covariance structures arising in longitudinal
studies. The technique is based on a modified Cholesky decomposition of
the usual marginal covariance matrix (¢, §), where ¢ represents time and 6
is a low-dimensional vector of parameters describing dependence on time.
The decomposition leads to a reparametrization, X(¢,¢, ¢), in which the
new parameters have an obvious statistical interpretation in terms of the
natural logarithms of the innovation variances, ¢, and autoregressive coef-
ficients, ¢. These unconstrained parameters are modelled, parsimoniously,
as different polynomial functions of time. Pourahmadi (1999, 2000). The
degrees of the polynomials adopted are suggested by means of the regresso-
grams, derived from the sample covariance matrix, which plot the sample
autoregressive coefficients and innovation variances against lag and time,
respectively (Pourahmadi, 1999, 2000). We include a polynomial represen-
tation for the mean structure in order to fit a joint mean covariance model.
This choice is reasonable for growth curve, longitudinal and multi-level
data (Rao, 1987 and Goldstein et al, 1996). The resulting model is an aug-
mented polynominal regression model involving three equations. Optimal
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model selection then involves identifying the best integer triple represent-
ing, respectively, the degrees of the three polynomial functions for the mean
structure, the autoregressive coefficients and the log innovation-variances.

2 Augmented Regression Model

Let y;; be the jth of m; measurements on the ith of n subjects and
let t;; be the time at which the measurement y;; is made. Denote by
Yi = (Yi1, Yizy oy Yim,;)" and t; = (ti1,tia, ..., tim; )’ the m; x 1 vectors of re-
sponses and times of the ith subject. It is assumed that y; ~ Ny, (14, 35),
where p; = (i1, iz, -, fim,; ) and X; are an m; X 1 vector and an m; X m;
positive definite matrix, respectively. The mean p;; of y;; can usually be
modelled by a linear regression, fi;; = :cgj B, where x;; denotes the baseline
covariates associated with the jth observation of the ith subject and (3 is
an (p+ 1) x 1 vector of regression coefficients. The subject-specific covari-
ance matrix, %;, may be modelled as T;%;T] = D,. The below-diagonal
entries of T; are the negatives of the autoregressive coefficients, ¢;;1, in
Uij = Mij + ch;ll ®ijk (Yi — puix), the linear least squares predictor of y;;
based on its predecessors y;;j_1), ..., ¥i1- The diagonal entries of D; are
the innovation variances O',L-2]- = var(y;; — ¥ij), where 1 < j < m; and
1 < i <n (Pourahmadi, 1999). The parameters ¢;;; and ¢;; = log 01-2]- are
unconstrained and are modelled in an augmented regression as

Hij = xéj Dijk = Z;jk’y Sij = hgj)\ (1)

where 3, v and A are the parameters of interest. Then, minus twice the
loglikelihood function, except for a constant, is given by

—20=""log|T; ' DT, + > i1 Dy  Tir (2)

=1 i=1

where r;; = y;; — :cgj is the jth element of r; = y; — X; 3, the vector of
residuals, and the matrix X; has row vectors x; (j = 1,2,...,m;).

Pan & MacKenzie (2003) give an inter-dependent iteratively re-weighted
least squares algorithm for computing the maximum likelihood estimates.
Their algorithm is more general than Pourahmadi’s procedure which is

restricted to balanced longitudinal data.

3 Optimal Model Selection

For direct comparability with Pourahmadi’s methods we choose, as our
model selection criterion, the BIC, defined as

BIC(p, q,d) = —(2/n)lmax + (p + ¢+ d + 3)(logn/n) (3)
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where lpax = E(Bp, Yds Xq) is the maximized loglikelihood for the models
with the specified degree triple (p, ¢,d), and p + ¢ + d + 3 is the number of
parameters in the associated models, including polynomials of degree zero.
The best triple, (p*, ¢*,d*), say, satisfies

(p",¢",d") = arg min {BIC(p, q,d) } (4)
(p,q,d)

where p, ¢ and d lie in the range 0 to (mo — 1), and where mo =
maxi<;<n{m;}, when the data are unbalanced and my = m otherwise.
We denote the corresponding value of Urnax by E(Bp*, Y, 5\q* ).

Use of (4) implies a direct search of the 3-dimensional joint model space
which may be thought computationally expensive. However, a general pro-
cedure is required, because the simple regressogram-based model selection
procedures proposed by Pourahmadi (1999) ignore the covariance structure
between the parameters evident in the observed and expected information
matrices (Pan & MacKenzie, 2003) and are therefore not optimal for model
selection.

Accordingly, to minimize computational labour we propose an efficient
search strategy to identify the global optimum model. From an appeal to
profile likelihood theory (Barndorff-Nielsen, 1991), we conjecture that the
optimum model may be found using three BIC-based searches involving
the profile likelihoods obtained by saturating the parameter sets in pairs:

pr = argmin{BIC(p,m —1,m —1)}
P

¢ = argmin{BIC(m —1,¢,m —1)} (5)
q

4, = argmdin{BIC(m —1,m—-1,d)}

Our conjecture, tested successfully below, is that (p*, ¢*,d*) = (p%, ¢&, d¥).
Our profile BIC algorithm reduces the number of maximizations required
to find the global maximum from m? to 3m + 1 in balanced longitudinal

studies.

4 Example Analysis

Kenward (1987) analyzed an experiment in which cattle were assigned ran-
domly to two treatment groups A and B, and their weights were measured
11 times over a 133 day period. Thirty animals received treatment A and
another thirty received treatment B. Pourahmadi (2000) analyzed the data
in group A using a saturated mean model with 11 parameters. Inspection
of the sample regressograms suggested the use of two cubic polynomials for
modelling the covariance structure, one for the autoregressive coefficients,
in lag, and another for the innovation variances, in time. We re-analyze
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group A and provide a detailed analysis of group B, using (a) the joint re-
gression model, (b) our computational algorithm and (c) the global search
strategy, as described above.

First we investigated whether or not a saturated mean was required. Like
Pourahmadi (1999) we used two cubic polynomials for modelling the au-
toregressive and innovation parameters. Figure 1 shows that, when p is
varied, BIC(p, 3,3) takes its minimum at p = 8 and not at the saturated
mean p = 10. The BIC values between p = 5 and p = 10 are very simi-
lar, suggesting that a saturated mean is un-necessary. Secondly, we studied
the effect on the other parameters of varying p in the (p, 3, 3) model. Fig-
ure 2 illustrates the effects on the innovation variances. One can see that
a sub-optimal choice of p influences the estimation of the other parame-
ters - contrary to much current statistical thinking. Thirdly we identified
the optimal model as BIC(8,4,3) = 71.73 and not BIC(10, 3,3) = 71.89,
as claimed by Pourahmadi. The difference in BIC values is small, in this
case, but the structures implied by the two models are rather different -
regressogram-based inference (with a saturated mean model) having failed
to correctly identify ¢, the degree of the polynomial for the autoregres-
sive coefficients. In further work, we investigated model mis-specification
by systematically over-fitting the optimal model ie, by saturating one, two
and three dimensions in turn. These results show that mis-specification of
the innovation variances is most serious.

Analysis of Group B, in which simple cubic trends are absent from the re-
gressograms, showed that the regressogram approach was more suboptimal
than in Group A, that our computational algorithm always converged, and
that our search strategy identified the global optimum. Details will appear
in the main paper.

5 Discussion

We undertook this work to improve our understanding of joint mean-
covariance modelling in the analysis of longitudinal studies. We have
demonstrated that the use of a saturated mean model in the data ana-
lyzed by Pourahmadi is not optimal and that the use of the regressograms
can lead to mis-specified models. Moreover, it is clear that in some cir-
cumstances none of the components of the optimal triple may be identified
correctly by regressogram inference. The problems encountered are not con-
fined to the model class investigated, but, in principle, are likely to arise,
whenever the observed information matrix is not block diagonal. Accord-
ingly, we cannot endorse their routine use at this time, but advocate instead
the BIC-based profile search method proposed above.
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Abstract: This presentation begins with a brief introduction of the Neonatal
Health Services in Canada Project. The study, currently funded by Canadian
Institute for Health Research, aims to examine the impact of geography, local
health access and health care systems on variations in outcomes and resource use
in neonatal intensive care units (NICUs) across Canada. The assessment of NICU
outcomes and resource utilization is discussed from the viewpoint of statistical
modeling. As an illustration, we present an in-depth analysis of neonatal mortal-
ity variation among 17 Canadian NICUs, with covariates available at both the
patient and NICU levels. We describe the use of hierarchical Bayesian models for
systematically exploring outcome heterogeneity between NICUs and discuss sta-
tistical issues relating to multilevel modeling, Bayesian computation via MCMC,
analysis involving outlying observations, and estimation of multi-level effects.

Keywords: Hierarchical logistic regression model; Markov Chain Monte Carlo;
Random effects; Mortality in neonatal intensive care unit; Institutional compar-
ison of outcomes.

Overview

Recent literature illustrates the potential of hierarchical Bayesian method-
ology as a general framework of substantial flexibility for multilevel analy-
sis of outcome variations within the context of institutional comparison
and provider (i.e. physician, hospital, teacher, school) profiling. Studies to
date have largely focused on institutional comparison or provider profil-
ing through the development of risk-adjusted performance indicators, for
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example, risk-adjusted mortality rates or performance score, among insti-
tutions or providers. A common goal of these studies was the ranking of
adjusted performance indicator or the identification of ‘under-performed’
provider(s).

In this presentation, we discuss more general issues surrounding quanti-
tative comparisons of institutional outcomes and development of analytic
strategies for comprehensive analysis of multilevel health services data in
order to provide detailed information about important sources of outcome
variation. We demonstrate the extended potentials of the Bayesian hierar-
chical modeling as a general strategy for systematically evaluating response-
covariate associations at each level of the hierarchy, examining cross-level
interaction, quantifying residual variance or attribution of unexplained vari-
ability, and deriving various types of risk-adjusted and risk-specific inter-
provider comparisons. We present an analysis of neonatal mortality vari-
ation among 17 neonatal intensive care units (NICU) across Canada and
engage an extensive discussion on relevant issues that are important for in-
stitutional comparison, provider profiling, and quality improvement efforts.
In the past decade, the development of Markov chain Monte Carlo (MCMC)
methods has made it possible to implement full Bayesian inference in multi-
level modeling. The availability of various MCMC methods greatly extends
the potential of Bayesian hierarchical models as a general framework for
comprehensive analysis of systematic variation arising from various sources
and for adequate assessment of model uncertainty and estimation preci-
sion. In this study, we illustrate Bayesian analysis of multilevel data and
the implementation of MCMC computation. We emphasize particular con-
tributions of Bayesian hierarchical modelling of population heterogeneity
in institutional comparison studies, and discuss statistical issues relating to
Bayesian computation and inference, estimation of multi-level effects, and
analysis involving high-leverage observations.
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Abstract: We propose a general approach to regression on ”images” that can
pose severe challenges to standard statistical methods. The main contribution of
this work is to build a two-dimensional coefficient surface that allows for interac-
tive features across the indexing plane of the regressor array. We aim to use the
estimated coefficient surface for reliable (scalar) prediction. We assume that the
coefficients are smooth along both indices. We present a rather straight-forward
and rich extension of penalized signal regression (Marx and Eilers, 1999) using
penalized B-spline tensor products, where appropriate difference penalties are
placed on the rows and columns of the tensor product coefficients. Our methods
are are grounded in standard penalized regression, thus cross-validation, effec-
tive dimension and other diagnostics are accessible. Further the model is easily
transplanted into the generalized linear model framework.

Keywords: Multivariate calibration; P-splines; Signal regression; Tensor prod-
uct.

1 Introduction

Consider fluorescence spectroscopy experiments: for each response, there
are thousands of regressors arranged in a two-dimensional array (along
emission and excitation axes). The problem is inherently ill-posed, as often
the number of samples in the training data is far less than the number of
array elements. Bro (1998) presented sugar process data that consisted of
several scalar quality measurement responses (e.g. ash content and color)
and regressor information that consisted of emission spectra (at 571 wave-
lengths) across seven excitation wavelengths. This yields an array of 3997
regressors, but there are only m = 265 training samples. Such data struc-
ture is not specific to chemometric applications: one can imagine medical
images for several (hundred) patients. The image can be viewed as a regres-
sor surface (e.g. 64 x 64 grey-scale pixels). The response may be a binary
indicator of presence or absence of some tumor feature, and modelling such
data may further require structure of the generalized linear model. Eilers
and Marx (2003) had success on a similar, simpler, problem: one using
(functional) spectra regressors, which could be viewed as a ”very narrow
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FIGURE 1. Examples of surfaces that can be generated from tensor products when
constraining roughness in two dimensions. Effective dimension (upper, left:74);
(upper, right: 34); (lower, left: 23); (lower, right: 5).

image”. To provide an idea of how a surface may look Figure 1 provides
examples of coefficient surfaces using tensor products. The upper, left panel
displays a surface constructed from essentially unpenalized tensor products,
whereas the lower, right surface displays the limiting plane resulting from
large second order penalties on every row and column of tensor products.

The other two figures have a mixture of a low penalty on one axis and a
high penalty on the other.

2 Tensor Product B-splines in a Nutshell

Eilers and Marx (2003) provided an overview of tensor products. Figure 2
displays a portion of a full tensor product basis. As seen, tensor product
B-splines exist in, say, the v x t plane. There are knots selected on an
equally-spaced grid, carving out the plane into subrectangles. A tensor
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FIGURE 2. A portion of a full tensor product basis.

product BT(’u)éS (t) is positive in the rectangular region defined by the
knots R = [vy, Urig,+2] X [ts, tstq+2] Or on a support of spanned by
(v +2) x (gt + 2) knots, where ¢ is the degree of the B-spline. Specifically,
each tensor product can be indexed by one of (n, x n;) knot pairs (r =
1, ..., nyand s=1, ... ,n) and

B,(v)B(t) > 0for all v, t € R; else zero (1)

Some technical details follow. We choose to divide the domain v (wave-
length 1): Vmin t0 Umax into n’ equal intervals, using n’ + 1 interior knots.
Taking each boundary into consideration, a complete basis needs n’ +2¢+1
total knots. Denote the knots as: v1, ..., Up’42441. The total number of
B-splines on the axis is n = n’ +¢. For indexing purposes it is convenient to
associate each B-spline, B, (v) with exactly one of the (first) k=1, ..., n
knots. A similar division of the ¢ axis (wavelength 2) is made for B, (),
also using equally-spaced knots, but possibly using a different ¢, n’ or p.

Denote 'y, xn, = [yrs] as the matrix of unknown tensor product B-
spline coefficients. For given knot grid, a very flexible surface can be ap-
proximated at each of the digitized spectra surface coordinates (vj,ty)
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(j:17"'a P1; k:17"'a p2) by

Ny Ny
a(vy,te) =YY Be(vj) Bs(ti)vrs, (2)
r=1s=1
wherer =1, ..., nyand s =1, ..., n;. The system of equations is of order

nyng. The (p1p2) X 2 matrix of regressor locations is 7 = (v ® 1,,, 1, ®
t). The matrix B, and ]§t are evaluated at the first and second column
of j, respectively. It is computationally efficient (by avoiding looping) to
reexpress the surface in matrix notation as a(v,t) = B~y, where v = vec(T")
(of length n,ny), and

B=B,0B;=(B,®1, )06 (1, @B,). (3)

The symbols ® and ©® denote Kronecker product and elementwise
multiplication of matrices, respectively. The matrix B is of dimension
(p1p2) X (nyny), i.e. the p1ps (digitized) surface is (initially) projected onto
a nyn: smooth dimensional surface. Penalized estimation of v and its use
with regressor surfaces are next discussed.

3 Penalized Two-Dimensional Coefficient Surfaces

Given the ith regressor matrix X; = [z;;,] of dimension p; x py (i =
1,...,m; j=1, ..., p1; k=1,..., p2) and coefficient surface «a(v,t),
express the mean
P1 P2
Hi = Qg + Z Zfﬂijka(vj;tk)~ (4)
j=1k=1

Using tensor product B-splines, (2) can be substituted into (4) yielding

P1 P2 Ny Nt
Mi — Qg :szz]k ZZB 1}] s tk)f}/rs *XB’}/a (5)
j=1 k=1 r=1s=1
where x; = vec(X;). We aim to find a practical solution to minimize

Q(ao,’y) = |y — ap — M~|?, where X is of dimension m x (pi;p2) and
M = XB. The use of tensor product B-splines does reduce the dimension
of estimation, but there are still n,n; + 1 unknown parameters. For even
moderately complex surfaces, ill-posed estimation problems can arise, as
it may be necessary to increase the number on knots on the grid to allow
enough flexibility.

In the spirit of P-splines (Eilers and Marx, 1996), appropriate penalties can
be put on v and thus regularize estimation. A separate difference penalty
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is attached to each of the rows and each of the columns of I'. The objective
function is now modified to minimize

Q* (a0, ) = |y — a0 — M2+ A| Py 2 + M| Py > + Xov]2. (6)

The last term in (6) is an overall ridge penalty. Indexing can quickly get
out of hand and the penalties are most compactly represented in matrix
notation as: P, = (D,Dy) ® I,,, and P, = I,,, ® (D/;Dgq), where I denotes
the identity matrix. Although it is not reflected in the notation, the order of
the row penalty (d,) can be different from that of the column penalty (d;).
Much like the PSR approach, the difference penalties ensure that adjacent
coefficients with in the same row (or a column) do not differ too much from
each other. The penalties can continuously regulate roughness through the
nonnegative \,, A\; and Ag.

The explicit P-spline solution for (6) is

4= (M M* + A Pf + M Pf + NI*) "My,

with M* = (1,,|M), P* = (0|P), and I* = diag(0, I,,»n,). The predicted
values are § = M*(&p,4")’. The “hat” matrix is H = [h;/] = M*(M*/M*—i—
M Py + M Pf 4+ Aol *)’1M*'. Given ¢y and the diagonal of H, leave-one-out
cross-validation standard error of prediction can be quickly calculated:

1 m

~ 2
CV(Au, A, Ao) = EZ<%> .

i=1

The optimal (A, A, A\g) can be found, e.g. using a search to minimize CV.
The dimension of the estimated coefficient surface can be approximated by
trace(H ), and the error variance component estimated by

52 = ly — 9l
m — trace(H)'
For computational purposes, it is worth mentioning that the explicit solu-

tion for (6) can be found efficiently through data augmentation tricks, i.e.
(60,%") = (ML M%) *M*y,, where

1 M Y

. |0 VNDe®I,) lo
Wm0 VAL, eDp | M T
0 Vilnn, 0

Two-dimensional spectroscopic data often have a parallelogram shape leav-
ing unsupported regions in v x t: however the penalty automatically reme-
dies this problem. Since the coefficient surface model is grounded in (pe-
nalized) least squares regression techniques, the methodology can be easily
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extended into the generalized linear model, e.g. using the penalized scoring
algorithm with binomial or Poisson responses. Optimization of the tuning
parameters can then be identified by minimizing and information criteria, a
simple function of deviance and effective dimension. Lastly, simpler models
can be investigated that use varying coefficient structure.
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Abstract: Model building of data obtained from three-or-more-factor experi-
ments carried out in incomplete split-block-plot design is presented. In the mod-
elling the structure of an experimental material and a four-step randomization
scheme are taken into account. In the construction method some efficiency-
balanced designs are considered. With respect to the analysis of the obtained
randomization model with six strata the approach typical to the multistratum
experiments with orthogonal block structure is adopted.
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1 Introduction

Some experimental designs used in agricultural research for three-or-more
factor experiments are extensions of either a split-plot or a split-block de-
sign (cf. Gomez and Gomez, 1984). The considered here design is the ex-
tension of the split-block design in which the intersection plot is divided
into subplots to accommodate a third factor. Another term of the design is
the strip-split-plot design (cf. Gomez and Gomez, 1984). We can note that
it is a mixed design of the split-block design for two first factors and the
split-plot design with treatment combinations of the first two factors and
the third factor.,

In the paper we consider a situation when the split-block-plot (SBP) design
is incomplete with respect to (w.r.t.) one or more factors. In the construc-
tion method some efficiency balanced (EB) designs, in particular balanced
incomplete block (BIB) designs are taken into account (cf. Cochran and
Cox, 1957, Calinski and Kageyama, 2000).

2 Assumptions and Notation
Let us consider a three-factor experiment of a SBP type in which the first

factor, say A, has s levels A1, As, ..., As, the second factor, say B, has
t levels By, Bs, ..., By and the third factor, say C, has w levels Cy, Cs,
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...,Cw. Thus the number v = stw denotes the number of all treatment
combinations in the experiment.

We assume that experimental material is divided into b blocks. Every block
forms a row—column design with k1 rows and ks columns. Then each in-
tersection plot (called also whole plot) is divided into ks subplots. So, the
number of observations is equal to n (= bkikoks). Here the rows correspond
to the levels of the factor A, termed also as row treatments, the columns
correspond to the levels of the factor B, called also column treatments,
and the subplots are to accommodate the levels of the factor C' termed as
subplot treatments.

It can be noted there are four plot sizes (the row, the column, the whole
plot and the subplot), so there are four levels of precision with which the
effects of the various factors are estimated. The highest level corresponds
to the subplot factor and its interactions with other factors. The precision
is strictly connected with efficiency of the estimation of the contrasts (com-
parisons) of the treatment combinations. It is well known that the efficiency
is the highest (full efficiency) in the complete (in particular orthogonal, if
it exists) design.

We consider a situation that SBP design with k1 < s, ko < t, k3 < w
is incomplete w.r.t. one factor (A or B or C) only, two factors only or is
incomplete w.r.t. all the factors. It means those first factors, A and B, can
be arranged as in an incomplete split-block design (cf. Hering and Mejza
S., 1997, Mejza 1., 1998) and the third factor, C, can be arranged as in an
incomplete split-plot design (cf. Mejza and Mejza, 1984).

3 Linear Model

Since all units have to be randomized before they enter the experiment,
we perform the four-step randomization. Let us note that first three steps
of the randomization connected with the blocks, the rows and the columns
are strictly the same as in the split-block design whereas the fourth step
connected with the subplots takes place as in the split-plot design. So, this
mixed process of randomization leads to a randomization model with five
main strata (without zero stratum connected with mean of an experiment
only). This model is of the form:

where A’ is a known design matrix for v treatment combinations, and 7
(vx1) is the vector of fixed treatment combination effects. According to the
orthogonal block structure of the SBP designs, the dispersion matrix V()
can be expressed by {V(v) = Z?:o ~v¢P¢)} where vy > 0 and {Py} are a
family of known pairwise orthogonal projectors adding up to the identity
matrix (cf. Houtman and Speed, 1983). The range space R{P;} of Py ,
f=0,1,...,5,is termed the f-th stratum of the model and ~y; are unknown
strata variances. This model will be analyzed using the methods developed
for multistratum experiments. So, we have zero stratum (0) generated by
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the vector of ones, inter-block stratum (1), inter-row (within the block)
stratum (2), inter-column (within the block) stratum (3), inter-whole plot
(within the block) stratum (4) and inter-subplot (within the whole plot)
stratum (5).

Let us assume that the treatment combinations are ordered lexicographi-
cally. It is well known that statistical properties of the design are strictly
connected with the algebraic properties of the stratum information matrices
for the treatment combinations Ay, f = 1,...,5. It is useful to express them
by the known from the theory of block designs matrices Cy , f = 0,1,2, 3, 4.
They have the forms:

_ 0 —1....
Co=r’°—n""rr,

Ci =1° — (kikoks) 'N| N/, Cy = 1° — (koks) 'NoNJ,

C3 =1° — (kiks) N3Ny, Cy =1 — k3 'NyNY,

where N1, N3, N3, Ny are treatments vs. blocks -, treatments vs. rows -,
treatments vs. columns - and treatments vs. whole plots incidence matrices,
respectively, r = N11, = Nalpg, = N3lpp, = Nalpg,k, is the vector of
replications of the treatment combinations, r® = diag(ry,ra,...,7,) and 1,
is the z-dimensional vector of ones.

These matrices are C-matrices of the associated orthogonal design, the
block design, the row design with rows as blocks, the column design with
columns as blocks and the whole plot design with whole plots as blocks,
respectively. Then the information matrices A ¢ can be expressed as follows:

A1=Cy—Cy, Ay=C-Cy, A3=C;-C3

Ay=Cy4+C3-C; —Cy4, A5=0Cy.

Let €y;, denote an eigenvalue of the matrix Ay w.r.t. r?, corresponding also
to an eigenvector sy, f = 1,...,5,h = 1,2,...,v. Since A1, = 0, the last
eigenvector s, may be chosen as nzl,.

We can note that pj, = r’sy,, defines a (basic) contrast pj7, h = 1,2, ...,v—
1. These contrasts are strictly connected with the comparisons among the
main effects of the considered factors and interaction effects between them.
Stratum efficiency factors of the considered SBP designs w.r.t. these con-
trasts are expressed by the eigenvalues efp,, f=1,...,4,h =1,2,...,v - 1.

4 Some Case of the Split-Block-Plot Design

It is convenient to introduce abbreviations to describe the properties such as
efficiency and balance of the design. Let M;{q, o} denote the property that
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g contrasts among the treatments of factor M (or interaction contrasts) are
estimated with efficiency « in the f - th stratum. In other words, we say
that the design is M¢{q, a} - balanced. Particularly, for o = 1 the design
is Ms{q,1} - orthogonal.
Let us consider the SBP design incomplete w.r.t. the row and column treat-
ments and complete w.r.t. the subplot treatments.
Let N4(s x b) and Npg(¢t x b) be incidence matrices for the row and the
column treatments w.r.t. the blocks, respectively. Then we have: N; =
NAs®Np®1l, andr=rp®rg® 1y, wherergy =Nals, rg =Nplp,
Co=r)@ry @I, —n"trar, @rprh ®J,,
Ci=rdor, oI, — (kikow) ' (NsN, @ NgN, ©J,,),
Co=rd orl, I, — (kw) ' (r% ® NgNy, © J,),
Cs=r1% @1y, @1, — (kiw) ' (NAN/, @ 1% © J,,),
Ci=r\aryeL, —wl(r)yery®J,),
where rd = diag(ri,rs',....,r2) and r% = diag(rf,r8,....rBY.
Let KW ={h:h=1,2,....,5 — 1} and K®) ={m:m =1,2,....,t — 1} and
let

Cy= ri‘ — kleANf4 with eigenvalues p1, o, ..., s W.I.t. ri,
Cp =r% — ky 'NpN/; with eigenvalues &1, &y, ..., & w.r.t. r5.

Following algebraic properties of the Cs, f = 0,1, ...,4 given above and the
structures of the matrices C4 and Cp we have:

Corollary 1.

The considered incomplete SBP design is:

A{1,1— pp} - balanced, h € K, B1{1,1 —¢&,,} - balanced, m € K&,
(A x B){1,(1 = pp)(1 — &n)} - balanced, h € KW, m € K&,

Ao{1, pup} - balanced, h € K4

(A x B)y{1, un(1 — &)} - balanced, h € K4, m € K(B),

B3{1,&,,} - balanced, m € K(B),

(A x B)3{1,(1 — up)émn} - balanced, h € KW, m € KB,

(A x B), {1, uném} - balanced, h € K4 m e KB

Cs{w — 1,1} - orthogonal,

(AxC)z{(s = 1)(w—1),1} - orthogonal,

(B x C)g{(t —1)(w —1),1} - orthogonal

and (A x B x C) {(s—1)(t —1)(w —1),1} - orthogonal.

We can notice that all contrasts connected with main effects of the factor
C and with its interaction effects with other factors are estimated with
full efficiency in the inter-subplot stratum. Other contrasts are estimable
in two strata (between main effects of A and B) and four strata (between
interaction effects A x B).

If EB (in particular BIB) designs are considered as generating designs for
the row and column treatments the number of efficiency classes reduces.
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Let Ca = u(rd — (bk1) 'rar’y) and Cp = &(ry — (bk2) rprz) be C-
matrices of the EB (in particular BIB) designs and let

= [ bky — k7 ttr(N AN /] bk — (bky) " 'r/yr4)] and

€ = [ bky — k3 r(NpN%)] /[ bka — (bky) 't)zrp] be their eigenvalues,
respectively (e.g. Caliiiski and Kageyama, 2000).

Then we can express:

Corollary 2.

The considered SBP design with EB (in particular BIB) design for the row
and column treatments is:

A1{s —1,1— u} - balanced, B1{t — 1,1 — £} - balanced,
(AxB){(s=1)(t—1),(1 —p)(1 =&} - balanced,

Ax{s—1,u} - balanced, (A x B),{(s —1)(t — 1), (1 — &)} - balanced,
Bs{t — 1,£} - balanced, (A x B);{(s —1)(t — 1), (1 — p)&} - balanced,
(Ax B){(s—1)(t—1),p} - balanced, Cs{w — 1,1} - orthogonal,

(Ax C)s{(s —1)(w—1),1} - orthogonal, (B x C){(t —1)(w—1),1} -
orthogonal and (A x B x C){(s —1)(t — 1)(w — 1), 1} - orthogonal.

Acknowledgments: The work was partially supported by KBN grant no
3 POGA 017 22.
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Abstract: The paper constitutes an application of causal inference methods
to a microeconomic dataset. The economic question is to evaluate the effect of
the use of credit cards on the Italian families’ liquidity. In order to take into
account the self-selection of the units to the treatment, the Instrumental Variables
method (Imbens and Angrist, 1994; Angrist et al, 1996) and the Two Stage
Model (Heckman, 1978; 1979) are applied. The final result is a negative and
significant causal effect of credit cards on the minimal amount of cash held by
Italian families.
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1 Introduction

The aim of the paper is to quantify the effect of the use of credit cards on the
minimal amount of cash that Italian families held at home and under which
a withdrawal becomes necessary. The main justification is in the fact that
credit cards can be considered as close substitutes for cash in small amount
payments. Consequently a significant effect of credit cards on the amount
of cash families need for the everyday life would contribute in explaining
the different liquidity choices induce by the use of alternative payment
instruments and eventually in suggesting further directions of research.
But the analysis is complicated by the fact that credit cards can act, other
than as substitute of money, as a mean of encouragement to buy and of
consumer credit; and each of these potential causes can have effects of
different directions on liquidity. Moreover, a first descriptive analysis shows
a self-selection of the units to the treatment. Then an evaluation of the
overall effect required to take in to account all the potential causes and
this is possible only by an appropriate use of causal inference methods.
The data used in this application are from the sample survey “The Italian
families conditions in 1995 (T bilanci delle famiglie italiane nell’anno 1995)”
run by the Italian Central Bank (Banca d’Italia). The statistical unit is the
Italian family, and the size of the sample is 6586 units.

2 Methodology

The analysis is performed by using statistical methods for causal inference
and it is based on the concept of potential outcomes. Following this ap-
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TABLE 1. Conditional relative frequencies of the pre-treatment variable “House-
holder position”.

Householder position: D,=0 D;=1
blue-collar 0.190 0.083
white-collar 0.174 0.401

manager, high officials 0.009 0.066

professional man, entrepreneur  0.140 0.246
unemployed 0.026 0.011
housewife, retired 0.461 0.193

proach, causal effects are defined by comparing average potential outcomes
that would have been observed under different treatments: Average Treat-
ment Effect, A.T.E. (Holland, 1986). In this application the outcome is the
minimal amount of cash held by a family (Y;), and the treatment is a bi-
nary indicator of the presence of at least a credit card holder in the family
(D;). Under the assumption of random assignment to treatment, A.T.E.
can be estimated simply by comparing the average outcomes in the group
of treated and non-treated. But a first descriptive analysis shows that the
pre-treatment variables are unbalanced in the subsamples defined by the
treatment (Table 1 shows the results for the pre-treatment variable ” House-
holder position”). This is in contrast to the assumption of randomization
and justifies the use of appropriate causal inference methods for taking into
account the self-selection of the units to the treatment.

To this purpose, two different statistical methods will be used: the method
based on Instrumental Variables, I.V. (Imbens and Angrist, 1994; Angrist
et al., 1996), and the ”Two Stages Model” (Heckman, 1978, 1979). In first
analysis the non-parametric and less restrictive I.V. method is applied.
Angrist et al (1996) showed that, by introducing an instrumental variable
having the role of "random assignment to treatment”, Z;, and under weaker
albeit crucial assumptions, it is possible to identify and estimate causal
effects without relying on distributional assumptions. More precisely the
L.V. estimate, @[V, in the regression

Yi=ary +BivDi +e;

identifies the treatment effect, for the group of people complying with the
assignment to treatment (Local Average Treatment Effect: L.A.T.E.). This
result can be extended to the whole population under the further assump-
tion that the treatment effect for non-compliers is equal to the treatment
effect for compliers. Alternative to the I.V. methods is the parametric and
more restrictive ”Two Stages Model”. Tt is essentially a simultaneous lin-
ear equations system, with a latent endogenous variable and a multivariate
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TABLE 2. T-test for the causal effect of the assignment on the treatment
(df=6562).

Effect t-test  p-value
+0.0757 8.0642  0.000

TABLE 3. Estimated causal effect of credit cards for the compliers (I.V. method).

Effect  Stand.Dev. p-value
+20.52 48.19 0.670

normal stochastic term:

D! =a1g+ X fixu + 7
Y = asm + BpuD; + X foxm + ;.

Where:

D; =1if D >0,
D; =0 if D <0;

cov (X;,7:) = cov (X, ;) = 0;
(2)~~>1(3)-C0 )b
(2)+(2) virz

Under these and the further assumption of homogeneity (stating that causal
treatment effect has to be equal for every unit), the A.T.E. for the whole
population is identified and consistently estimated by a two-steps proce-
dure (Heckman, 1978; 1979). In order to improve the fitting a set of pre-
treatment variables (X) is included in the two equations.

3 Results

In this application the role of random assignment to treatment can be
attributed to the binary indicator of living, for a family, in close “proxzimity
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TABLE 4. Estimated causal effect of credit cards on Italian families’ liquidity (in
Euro); Two Stages Model.

parameter p-value
Intercept 23.58 0.057
Effect of the use

of credit cards -68.30 0.035
Family size +8.32 0.000
Geograph. area:
Center Italy -5.41 0.248
South Italy +40.48 0.000
Town size (# inhabitants):
beetwen 40.000 and 500.000 -2.01 0.769
beetwen 20.000 and 40.000 -11.31 0.133
less than 20.000 -8.48 0.280
Householder schooling:
primary school +7.21 0.392
junior high school +20.71 0.020
high school +42.81 0.000
University degree +91.70 0.000
Householder position:
white-collar +13.19 0.081
manager, high officials +23.81 0.175
professional man, entrepreneur +43.40 0.000
unemployed -17.17 0.173
housewife, retired +30.53 0.000

to the bank”. This choice is supported by the fact that the causal effect
of the variable “proximity to the bank” on the treatment is significantly
different from zero (Table 2). Despite the goodness of the instrument, the
I.V. method produces an estimate of the effect of D; on Y; not significantly
different from zero (Table 3). This result justifies the use of the parametric
and more restrictive ”Two Stages Model”.

The final result is a negative and significant causal effect of credit cards on
the minimal amount of cash held by Italian families. The effect is quantified
in -68.30 Euro for the families with at least a credit card holder (Table 4).

Acknowledgments: I would like to thank Fabrizia Mealli, Gliberto Ghi-
lardi, an anonymous referee, as well as seminar participants in Firenze (I),
and Pisa (I) for useful comments and suggestions.
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Abstract: The paper deals with an application of variance free model approach
to the analysis of diallel cross experiments in which the offsprings were obtained
by Griffing’s Type II crossing system. Moreover, an estimation and testing hy-
potheses concerning such genetical characteristics as general combining ability,
specific combining ability and heterosis effect are discussed.
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1 Introduction

In the breeding programs breeders wish to compare the performance of
inbred lines, and in particular which crosses would be the most profitable.
In this program two facts are very important, namely the crossing system
of inbred lines (sometimes called matting design) and the diallel cross ex-
periment (called environmental design). The statistical analysis deals with
observations made on offspring obtained in some crossing system. In the
paper we consider the system dealing with crossing the pairs of inbred
lines. Two such systems are well known, i.e. line z tester system and diallel
crossing system.

The statistical analysis of line x tester experiments by the approach of vari-
ance free model is given by Mejza and Mexia (2002).

By diallel crossing system we mean the one in which a set of p inbred lines
is chosen and crosses among these lines are made. It means that we can
get maximal pzp combinations. Diallel cross system may depending upon
whether or not the parental inbred lines or the reciprocal F} are included
or not. Griffing (1956) gave the classification of diallel cross systems. Ad-
ditionally, he gave the statistical analysis for proposed four types of diallel
crosses for data obtained in the experiments carried out in randomized
complete block design. This analysis was generalized for other block design
(cf. Mejza, 1994, Mejza and Mejza, 1995).
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This paper deals with Griffing’s IT Type of crossing system.This type of
diallel crossing includes parents and one set of Flls (but not reciprocal
Fis).

In the selection process some genetical characteristics such as general com-
bining ability (gea), specific combining ability (sca) and heterosis effect (he)
play the crucial role (cf. Singh and Chandhary, 1979). The problem which
naturally arises is the choice of proper environmental design. In the paper
we assume that the diallel cross experiment was performed in a complete
randomized design.

2 The Analysis of Diallel Crosses - Type 11

Let us assume that the A-th replication y;;;, concerning the genotype ob-
tained after crossing the #th line with the jth line, (shortly denoted as
(i,7) - th cross) is modelled as follows:

yijk = ’Y’ij —|— eijk ’L = 1,2, ey Py j = ’L,’L+ 1, ey Py k‘ = 1,2, ceey 1, (1)

where 7;; denotes the expected value of the trait observed on the cross (i,5)
and e;;;, denotes the error. It will be assumed that e;j, ~ N(0,0?) for all
1, 7, k. The genotype effect can be expressed as:

Yij = K+t gi T g5+ Sijs (2)
where p denotes the general mean, g;, (g;) - the gca effect of the #th (j5th)

line, s;; - the sca effect of the (7,j) cross, such that s;; = sj;.
The gea, sca and he are defined by Griffing (1956) as follows:

gi = m(%‘. + i — %7..)7

Sij = Vij — @(%‘. + .5+ v+ v55) + m%,
hij = vij — 3(Yii + 7jj) or hij = vij—max(Vii, vj5),
where

Yi. = Z?:i Yijs V.. = f:1 Z?:i Yijs

. From the definitions of gca and sca effects it follows that
> 9i=0and Z?zl sij + sii = 0, for each i.
Now let us define the general hypotheses that to be tested by the cross

experiments considered.
The hypotheses can be expressed as:
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1. Hopi: g; = 0; for all 1,

2. Hpo: 545 =0; for all < j,

3. Hos: g; = 0; for fixed 4

4. Hos: gi —g; =051 # J,

5. Hos: s;5 = 0; for fixed ¢,7, ¢ < j,

6. Hog: 545 — sk = 0,0 < j,k,j # k,

7. Hor: si5— s =01 <5, k<i#kLj#Ek,lL
8. Hog: h;; = 0; for all 7 < 7,

where ,j,k,l = 1,...,p. The above hypotheses can be verified by using
standard analysis of variance technique.

3 Variance Free Model

Let us assume that on each offspring cross we observe two continuous
traits (random variables) say (X, Y) and let their joint distribution be
normal. Moreover, let us take n observations on each offsprings from the
mating design (xijl, yij1)7 ceny (xijn, yz]n)

The inference concerning genotypes (genetical characteristics) can be
based on these traits independently. But this is correct only when traits
are uncorrelated (independently distributed). However, many times the
traits are correlated and then is worth taking this fact into account in
further inference from breeding experiments. In this paper we propose one
of the ways allowing us to infer on genotypes (throughout the gca, sca and
he) on the basis of correlation coefficients.

Let p;; i=1,2,..., p, j= 1,i+1,...,p be the correlation coefficient for the
(i,j) cross and let r;; be its estimator. Then using the transformation (cf.
Kendal and Stuart, 1958, Mexia, 1990)

Zij :0.5\/7173171((14‘7”1']')/(1 *Tij)) (3)

we obtain z;; ~ N (5, 1), where
pij = 0.5vn =3 In((1 + piz)/ (1 = pij)) + (pijv/n = 3)/(2(n — 1)),

i=1,2,...,p, j=i4,i+1,...p.

When the number of cross replication is quite large, the component
(pijv'm —3)/(2(n — 1)) is proportionally small with respect to the first
part of p;;. Hence, in the further considerations we will assume that

zij ~ N(fuij,1), where fi;; = 0.5v/n —3 In((1 + pij)/(1 — pij)) = ¢ Ing;j,
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where ¢ = 0.5\/’[1 — 3, Pij = (1 + p”)/(l — pz])
Finally, expressing fi;; in the same way as in (2) we obtain the model

fiij = b+ gi + g5 + Sijs (4)
where i is the general mean, g;, §; are the lines gca effects, respectively
and 5;; are the sca effects, 5;; = 5;;.

Hence, the z;; we can express as:
zij = fiij + €4, (5)
where &;; ~ N(0,1).

Model (5) is called variance free model of Griffing’s Type II cross experi-
ment. To find the estimators of gca, sca and he in the model (5) we can use
analysis of variance technique for two-factor experiments without repli-
cates. For the model (5) the least squares estimators of gca, sca and he
can be obtained by using z;; instead of v;;. Let us note that the sums of
squares in analysis of variance follow x?2 distribution with known variance.
This simplifies procedures for testing hypotheses.

The problem worth noticing is connected with the meaning of the hypothe-
ses considered in the model (2) in relation to variance free model (5).

Let us introduce the following abbreviations:

Pix = H?:ﬁpz‘ja Pux =TI _ 0y, K= (90**)2/1)-

Then we have: [i;, = cln @i, fi.. = C NP,
and

g9i = (¢/(p+2)) In((piipix) /K),
sij = (¢/(p+ 2)In((e 2" )/ (pinpinpinpis).
hij = ¢ In (@i /\/@ii®ss) or hij = cIn (pij/max(pii, p;;))-
The hypotheses mentioned earlier can be expressed in the following way:
1. H§: iipis = k; for all 4.
2. Hiy: 20V = 0100 iitpyss for all i, ;i < j,
3. His: pixpii = k; for fixed 1,
4. Hiy: piipin = 0jj@jx, 1 7]
5. Hgs: 90?;_29034@“) = iiPixPj;Pxj; for fixed ,7;7 < g,

6. Hig: 2/ (055045) = o -/ (Prnors), 1 # 4, ks 5 # F,
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* 2 2
7. Hir 0072 [(0iipintpsjin) = ot -/ (PrkPrapuie),
i< k<lLiFkLj#kL

8. Hpg: @iy = maz(pii, pjj) OF Qij = \/PiiPjj

where 4,5, k, 1 =1,2,...,p.
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The Consequence of Ignoring a Level of
Nesting in Multilevel Analysis
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Abstract: Multilevel analysis is an appropriate tool for the analysis of hierarchi-
cally structured data. There may, however, be reasons to ignore one of the levels
of nesting in the data analysis. In this paper we use a three level model with
one predictor variable as a reference model and ignore the top or intermediate
level in the data analysis. Analytical results show that this has an effect on the
estimated variance components and that variances of estimated regression coef-
ficients may be overestimated, leading to a lower power of the test of the effect
of the predictor variable. These results depend on the ignored level and the level
at which the predictor variable varies, as well as on the sample sizes and the
variance components.

Keywords: Multilevel model; Variance components; Iterative generalized least
squares; Power.

1 Introduction

In many studies data have a nested structure which means that persons
are nested within clusters. Examples are pupils nested in classes nested
in schools and employees nested within worksites. The correct statistical
technique for the analysis of such data is multilevel analysis (e.g. Hox,
2002) since it accounts for correlated outcomes of persons within the same
cluster.

Even when the multilevel model is used, incorrect conclusions may be drawn
when not all possible levels for which variations in the outcome variable of
interest occur are included into the model. There are several reasons for
ignoring a level of nesting in a multilevel analysis. First, the data set does
not include identifiers on all possible levels at which the outcome variable of
interest varies. Second, applied researchers may found a model with many
levels too complicated and may tend to use a simpler model. Third, in
some cases certain levels of nesting are not clearly identified. For instance,
groups of friends within schools are not as clearly identified as classes within
schools. Fourth, levels of nesting may have to be ignored when the computer
package to be used for the data analysis can only handle a limited number
of levels.

311
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The consequences of ignoring the top level in a two-level model have been
extensively studied (Moerbeek, Van Breukelen and Berger, in press). Little
is known on the consequence of ignoring a level of nesting in a multilevel
model with more than two levels. Hutchison and Healy (2001) and Tran-
mer and Steel (2001) showed the effect of ignoring a level of nesting on the
estimated variance components. Opdenakker and Van Damme (2000) ana-
lyzed an existing data set with four levels of nesting to show the effect of
ignoring a level of nesting on the estimated parameters and their standard
errors. The purpose of the present paper is to give a systematic overview
of the consequence of ignoring a level of nesting in a multilevel analysis.

2 Multilevel Model

Assume the underlying data structure has three levels of nesting. For the
sake of concreteness, units at the three levels are called pupils, classes and
schools. For pupil ¢ in class j in school k£ the multilevel model that relates
outcome ¥ to predictor variable x;;1 is given by

Yijk = Y0 + V1 Tijk + Uk + Ujk + €5k (1)

were €;jx ~ N(0,02), uj, ~ N(0,02),v5 ~ N(0,02) are the random terms
at the pupil, class and school level, respectively. In order to derive formulae
that are of practical use we assume a balanced design with ng schools, no
classes per school, and n; pupils per class. The predictor variable may be
measured at the pupil, class or school level. A predictor variable that is
measured at the pupil level is assumed to be a pure pupil-level variable;
that is, it varies at the class level only and its mean is the same in each
class. Likewise, a variable measured at the class level is assumed to be a
pure class level variable.

3 Effect of Ignoring a Level of Nesting on Estimated
Variance Components

Iterative Generalized Least Squares (Goldstein, 1989) may be used for the
analysis of model (1). Ignoring the class level results in

=2 ~ ny—1 _

o, = 52 + 703 (2)
ning — 1

=2 ~ ning — Ny ~

5 - gz N2 Moo

ag,
ning — 1

where the estimated variance components obtained with ignoring a level of
nesting are indicated with a tilde in order to distinguish them from those
for three levels of nesting. So, the variance component is redistributed over
the other two variance components, depending on the sample sizes at the
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TABLE 1. var(31) without and with ignoring a level of nesting.

level of  war(7y;) for ignored level war(y;) with
variation three levels ignoring the given level
. 52 2
pupil —e school —e
nings2 n1N2Nn3s2
~ ?;24_ ning—ni 2
i Te eTning—1 %u
pupil —e class >
nanngsw ~ n1n2/7\1235
~ =3
g, nio g, ni(o (e
class Tetn1gy school etna( ut )
nina2n3gsy nin2n3sy
school Crd R X class Cra it Y
ningngs2 ni1nan3s2

class and pupil level. For any fixed n;, the fraction of 52 that is added to
6\5 is equal to 0 if no = 1, and increases if no increases. For any fixed ns, the
fraction of 52 that is added to 52 is equal to 1 if n; = 1, and decreases if n4
increases. Of course, the change in the estimated variance components at
the pupil and school level is low if 52 is low. The situation is less complex
for ignoring the school level, which results in

~2

o, = o.+o, (3)
Q2 ~2
Ue = Je'

So the estimated variance component at the school level is added to that
at the class level, while that at the pupil level remains unchanged.

4 Effect of Ignoring a Level of Nesting on Test
Statistics

Ignoring a level of nesting also has an effect on the var(7;). For each of
the three levels at which the predictor variable may vary Table 1 shows
the var(y1) for the three level model and for the model with ignoring the
class or school level. si is the variance of the predictor variable z;;;,. Note
that we only consider the cases in which the ignored level is not the level
at which the predictor variable varies, since it is realistic to assume that
all identifiers at this level are well registered and available in the data set.
The var(7;) is too large if the predictor variable varies at the pupil level
and the class level is ignored. The overestimation of var(7;) increases when
ng and/or 52 increase, or when n; decreases. The var(J;) is also too large
when the predictor variable varies at the class level and the school level
is ignored. In this case the overestimation of var(5;) increases when n;
and/or 52 increase, but does not depend on ny. Moreover, Table 1 shows
that ignoring the school level does not have an effect on the var(7;) of a
pupil level predictor, and that ignoring the class level does not have an
effect on the var(7;) of a school level predictor.
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5 Conclusions and Discussion

This paper has shown that ignoring a level of nesting has an effect on the
estimated variance components. The variance of a regression coefficient may
be overestimated, leading to a too small test statistic for the test on the
effect of the associated predictor variable on the outcome, and consequently
too low power.

For simplicity a model with just one predictor variable was used in this
paper, but it can be shown that the results also hold for models with more
predictor variables as long as each predictor variable varies at just one level
of the multilevel data structure. A predictor variable that varies at more
that one level may be split up into orthogonal components that each vary
at just one level (Neuhaus and Kalbfleisch, 1998). Of course the results only
hold if the same predictors are used in the model with three levels of nesting
and in the model with ignoring a level of nesting. The situation becomes
more complex if predictor variables at the ignored level are also removed
from the multilevel model since then the variance components, and hence
standard errors of regression coefficients estimators, are not only affected
by ignoring the level of nesting but also by the removal of these predictor
variables from the multilevel model (Snijders and Bosker, 1994).

It should be noted that we assumed balanced designs since that leads to
relatively simple formulae for the change in variance components when ig-
noring a level of nesting and to relatively simple formulae for the var (7). If
sample sizes vary, their mean values may be substituted into these formu-
lae, which then only hold approximately. The approximation is, of course,
less accurate if the variability in sample sizes is large.
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Abstract: Whenever inference for variance components is required, the choice
between one-sided and two-sided tests is crucial. This choice is usually driven
by whether or not negative variance components are permitted. For two-sided
tests, classical inferential procedures can be followed, based on likelihood ratios,
score statistics, or Wald statistics. For one-sided tests, however, one-sided test
statistics need to be developed, and their null distribution derived. While this has
received considerable attention in the context of the likelihood ratio test, there
appears to be much confusion about the related problem for the score test.

Keywords: Boundary condition; Likelihood ratio test; Linear mixed model; One-
sided test; Variance component.

1 Introduction

The linear mixed-effects model (Laird and Ware 1982, Verbeke and Molen-
berghs 2000) is a commonly used tool for variance component models and
for longitudinal data. Let Y; denote the n;-dimensional vector of measure-
ments available for subject : = 1,..., N. A general linear mixed model then
assumes that Y; satisfies

Y, = XiB+ Z;b; + &5, (1)

in which 8 is a vector of population-averaged regression coefficients called
fixed effects, and where b; is a vector of subject-specific regression co-
efficients. The b; describe how the evolution of the ith subject deviates
from the average evolution in the population. The matrices X; and Z; are
(n;xp) and (n; X ¢) matrices of known covariates. The random effects b; and
residual components €; are assumed to be independent with distributions
N(0,D), and N(0,%;), respectively. Inference for linear mixed models is
usually based on maximum likelihood or REML under the marginal model.
Thus, we can adopt two different views on the linear mixed model. The
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fully hierarchical model is specified by

Yilbi ~ Np (XiB+ Zib;, %), 2)
b, ~ N(0,D),

while the marginal model is given by
Y; ~ N,,,(X:8,V; = Z;DZ] + %;). (3)

Even though they are often treated as equivalent, there are important differ-
ences between both views. Obviously, (2) requires the covariance matrices
¥, and D to be positive definite, while in (3) it is sufficient for the resulting
matrix V; to be positive definite. Different hierarchical models can produce
the same marginal model and some marginal models are not implied by
any hierarchical model.

The simplest example to illustrate differences between the marginal and
hierarchical views is found by restricting the random effects in (1) to a
random intercept, producing the marginal model:

Yi ~ N(Xi/@77_2<]ni + UQIm) (4)

where .J,,, equals the n; x n; matrix containing only ones. In the marginal
view, negative values for 72 are perfectly acceptable (Nelder 1954, Verbeke
and Molenberghs 2000, Sec. 5.6.2), since this merely corresponds to nega-
tive within-cluster correlation p = 72/(72 + 02). In the hierarchical view,
it is clearly imperative to restrict 72 to nonnegative values.

2 Inference for Variance Components

While each of the two views are possible, there are important differences
regarding statistical inference for variance components. The first, uncon-
strained case, is classical regarding inference for the variance component
72 since the usual two-sided alternative Hy : 72 = 0 versus Hag @ 72 #0
is then used. Wald, likelihood ratio, and score tests are then asymptot-
ically equivalent, and the asymptotic null distribution is well known to
be x?. In the constrained case, one typically needs one-sided tests of the

null-hypothesis
Hy:72=0 versus Hy 72> 0. (5)

As the null-hypothesis is now on the boundary of the parameter space,
classical inference no longer holds, appropriate tailored test statistics need
to be developed, and the corresponding (asymptotic) null distributions de-
rived. We will briefly review the likelihood-ratio case and then turn to score
tests in the next section.

Suppressing dependence on the other parameters, let £(72) denote the log-
likelihood, as a function of the random-intercepts variance 72. Further, let
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Case A Case B

Log-likelihoad 1(72)
Log-likelihood I(7T2]

FIGURE 1. Graphical representation of two different situations, when developing
one-sided tests for the variance 7> of the random intercepts b; in model.

72 denote the maximum likelihood estimate of 72 under the unconstrained
parameterization. We first consider the likelihood ratio test, with statistic:

2
Tir = 2In [M]

max g, £(72)

Two cases, graphically represented in Figure 1, can now be distinguished.
Under Case A, 72 is positive, and the likelihood ratio test statistic is identi-
cal to the one that would be obtained under the unconstrained parameter
space for 72. Hence, conditionally on 72 > 0, Trr has asymptotic null
distribution equal to the classical 2. Under Case B, £(7?) is maximized
at 72 = 0 under Hi4 as well as under Hy, yielding Trr = 0. Both cases
are equally probable to occur, under the null. Hence, the asymptotic null
distribution of Ty g is easily seen to follow a 0.5P(x? > ¢) + 0.5P(x2 > ¢)
null distribution. This was one of Stram and Lee’s (1994) special cases.
Note that, whenever 72 > 0, the observed likelihood ratio test statistic is
equal to the one under the unconstrained model, but the p-value is half
the size of the one obtained from the classical x? approximation to the null
distribution.

In general, inference under the unconstrained model for the variance com-
ponents in D can be based on the classical chi-squared approximation to
the null distribution for the likelihood ratio test statistic. Under the con-
strained model, Stram and Lee (1994) have shown that the asymptotic null
distribution for the likelihood ratio test statistic for testing a null hypoth-
esis which allows for k correlated random effects versus an alternative of
k+ 1 correlated random effects (with positive semi-definite covariance ma-
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trix Dy1), is a mixture of a X% and a X%_H, with equal probability 1/2. For
more general settings, e.g., comparing models with k and k + &' (k' > 1)
random effects, the null distribution is a mixture of y? random variables
(Shapiro 1988), the weights of which can only be calculated analytically in
a number of special cases. Shapiro’s (1988) results provide a few important
special cases, not studied by Stram and Lee (1994). For example, if the
null hypothesis allows for k uncorrelated random effects (with a diagonal
covariance matrix Dy) versus the alternative of k+ &’ uncorrelated random
effects (with diagonal covariance matrix Dg.yy/), the null distribution is a

mixture of the form
K’ Y
S (M)
m
m=0

Shapiro (1988) shows that, for a broad number of cases, determining the
mixture’s weights is a complex and perhaps numerical task.

3 The Score Test

Verbeke and Molenberghs (2003), using results by Silvapulle and Silvapulle
(1995), have shown that similar results are obtained when a score test is
used instead of a likelihood ratio test. The use of score tests for testing vari-
ance components under a constrained parameterization requires replacing
the classical score test statistic by an appropriate one-sided version. This
is where the general theory of Silvapulle and Silvapulle (1995) on one-
sided score tests proves very useful. They consider models parameterized
through a vector @ = (X', '), where testing a general hypothesis of the
form Hy : @ = 0 versus Hy : 1 € C is of interest. Silvapulle and Silvapulle
(1995) allow C to be a closed and convex cone in Euclidean space, with
vertex at the origin. The advantage of such a general definition is that one-
sided, two-sided, and combinations of one-sided and two-sided hypotheses
are included.

Adopt the following notation. Let Sy (6) and HE) be the score vector and
Hessian matrix of the log-likelihood function. Further, decompose Sy as
Sn = (S Snvy)'s let Hax(8), Hxy(0) and Hyy(8) be the corresponding
blocks in H(6), and define 8 = (X',0'). 85 can be estimated by 8 =

(5\/, 0’)’, in which X is the maximum likelihood estimate of A, under Hy.
Finally, let Znx be equal to Zy = N_I/QSNw(GH). A one-sided score
statistic can now be defined as

Ts:= Z\H,}(0n)Zx — inf {(zN — b)Y H, (0)(Zy ~b)lb e c} . (6)

Note that the score statistic, heuristically defined in the case of the random-
intercepts model is a special case of (6). Indeed, when 72 is positive, the
score at zero is positive, and therefore in C, such that the infimum in (6)
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becomes zero. For 72 negative, the score at zero is negative as well and the
infimum in (6) is attained for b = 0, resulting in Ts = 0.

It follows from Silvapulle and Silvapulle (1995) that, under suitable regu-
larity conditions, for N — oo, the likelihood ratio and score test statistics
satisfy Trr = T's + 0p(1). This indicates that the equivalence of the score
and likelihood ratio tests not only holds in the two-sided but also in the
one-sided cases. Moreover, what is known about the null distribution in
the case of the likelihood ratio test, immediately carries over to the score
test case. This result corrects the common belief that, even when variance
components are on the boundary of the parameter space, the score test
deserved no special treatment. Verbeke and Molenberghs (2003) provide
an empirical illustration. In practice, calculation of (6) requires some ex-
tra programming work and, even though it is not insurmountable, in most
situations one may therefore be inclined to resort to likelihood ratio testing.
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1 Introduction

Given a sequence of n time-ordered random variables Y7,...,Y,,, ‘mean-
shift models’ are defined as models where the mean values change at some
unknown time-points, the so-called changepoints. For instance with one
changepoint ¢ the model is E[Y;] = § for ¢t < ¢ and E[Y;] = 5 + [y for
t > 1. These have to be contrasted with models where the mean values
are connected at the unknown breakpoints, hereafter referred as ‘breakpoint
models’ or ‘continuous changepoint models’. The theoretical, different, is-
sues related to both the models, as well as practical difficulties in estimating
them, are well-known. A common feature is that standard asymptotic the-
ory is unreliable, the basic concept being that the statistic tests are not
random variables but stochastic processes. As regards to hypothesis test-
ing, the papers previously published on the topic may be divided into two
wide categories: i) methods based on the celebrated ‘CuSum approach’
avoiding of estimating the model; ) likelihood-ratio-type tests based on
comparisons between the model with and without changepoint. The latter
approach requires ML estimates to be available. With regard to estimation,
most of works proposed in the literature use grid-search-type algorithms
and thus have the disadvantage to depend strongly on the sample size, n,
and the number of changepoints, L. A ‘simple’ grid-search algorithm works
in O(n*) operations, but recently Bai and Parron (2003) discussed an im-
proved ‘dynamic’ version working in O(n?) operations for any L. However
with a modest series length and more than one changepoint, the dynamic
programming can still be rather time-consuming and so this might be an
obstacle in practice.

Here we illustrate a simple but very efficient method to estimate mean-
shift models with any n and L. The method relies on an exact algorithm
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recently proposed to estimate continuous changepoints in regression models
(Muggeo, 2002). We illustrate the idea in the following sections.

2 Estimating the Model

Let x = 1,2,...,n the time variable; omitting the indices and the error
terms, a multiple (L > 1) continuous changepoint model for the response
z is given by

2= 0o+ Pr+ Pi(x —Y)I(x > Y1)+ ...+ Pr(x —vr)l(x>Yr) (1)

This model implies gradual changes at the unknown breakpoints ¢; (I =
1,2,..., L), where the generic difference-in-slope parameter, J;, has to be
non-null if the [th change occurs. The breakpoint model (1) is continuous
at x = 1, where its first derivative 2’ = y, namely

y=0+0ul(x> 1)+ ...+ frl(z> L) (2)

follows a multiple mean-shift model: here even the same regression func-
tion is discontinuous at the changepoints. Therefore there exists a direct
correspondence between the equations (1) and (2): the latter is the first
derivative with respect to x of the former, and the slope parameters in
one are the intercepts in the other. Thus from a mean-shift model (2) for
the observed y, we define the correspondent breakpoint model for z and
estimate it by means of the exact algorithm discussed in Muggeo (2002):
the method relies just on fitting iteratively a certain linear model and
needs starting values for the changepoints that may be easily obtained by
the, possibly smoothed, plot. A simple idea is used to build the ‘work-
ing response’ z: given yi1,¥y2, ..., yn ordered according to the linear model
a+bx (x =1,...,n), say, it is well known that the differentiated values
Vy: = y¢ — yi—1 represent the first derivative of the ys with respect to
x: the fitted line throughout the points (z¢, Vy;) is a null-slope-line with
intercept equal to b, i.e. E[Vy;] = b. Thus by the inverse argument, given
observations arranged according to a parallel line y = b, say, it is possible
calculate the relevant ‘integrated’ data lined with slope b:

1. fix z1 = k 2. calculate z; =y 1+ 241 fort=2,...,n+1
Hereafter we use Ay to mean integrated data obtained by the step 1. and 2.
above: hence in short Ay = z and Vz = y. If a mean-shift model (2) holds
for y, the correspondent working response z follows a breakpoint model
(1) with respect to z; the intercept depends on the z; = k, but this is not
of interest, as it is not included in the model (2). Figure 1 displays some
simulated mean-shift models and the corresponding breakpoint models.
The estimates B , Bl and Qﬁl for the breakpoint model are assumed as point
estimates for the mean-shift model, therefore fitted values and residual
dispersion may be easily obtained. Although the output of the breakpoint
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FIGURE 1. Simulated mean-shift models y = 5+ 8 x I(z > 100) +¢, € ~ N(0,0)
and relevant transformations; from left to right o = 0,1.5,3.5,5,8,10. The vari-
ance-reduction in breakpoint models is noticeable with o = 10.

model includes the 2(L+1) full covariance matrix, it does not seem possible
to evaluate the 2L + 1 covariance matrix for the mean-shift model. In order
to get standard errors and confidence intervals for the parameter estimates
some resampling-based method could be employed, e.g. the bootstrap. It is
worth noting that bootstrap methods are rather prohibitive in changepoint
analysis since the estimation of the changepoints needs a lot of time for each
model using grid-search-type algorithms, but the linear method (LI) here
discussed does not suffer from such limitation. To study the performance of
such method and compare it with the dynamic grid-search approach (DY),
a small simulation study was undertaken, generating n = 100 gaussian
variates according to two different changepoint models (L =1 and L = 2).
Both the L1 and DY methods were applied and results are shown in Table 1.

TABLE 1. Comparison between the ‘dynamic’ (DY) and ‘linear’ (L1) algorithms:
mean (m), median (m ) and standard deviation (s) of the changepoint estimators
(1000 replicates of n = 100 simulated gaussian data).

L=1 L=2

=20 1 =35 Y2 =70
Method m m S m m S m m S
Dy 25.3 20.0 13.3 355 350 74 691 700 7.1
L1 271 21.0 16.4 36.6 35.0 10.7 66.9 69.0 12.7

Results are, in general, according to the expectations. Performance of the
estimators, in terms of bias and standard deviation, is poorer when the
changepoint is on the edges (i.e. ¥» — 0 or n) and gets better as ¥ moves
near the middle (¢p — n/2); however, even with ¢» = 35 the estimators
are substantially unbiased and for ¢ = 50 they are so exactly (results not
shown). Moreover both bias and standard deviation decrease as n and/or
0; increase. As one could expect it, DY outperforms L1 because it scans all
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possible values, therefore bias and standard deviation of the Dy-estimator
are lower. But differences in the standard deviations are rather noticeable
and although further research is needed, at least two remarks might be
addressed: because the likelihood for 1) could not be strictly concave (as it
is the case for linear parameters) it could happen that sometimes LI finds
a local optima and stops; DY does not estimate the model simultaneously
(it estimates ¢ by grid-search and estimate the linear beta parameters
assuming fixed 1&), thus uncertainty of the beta-estimates might be ruled
out in the psi-estimates. These reasons could cause the Dy estimators to
be less variable. Execution time was, of course, much lower in LI method;
for L = 1 differences are trifling, but for L = 2 we recorded an average time
to estimate one model by Dy equal to 7.8 and 27.9 seconds for n = 100
and n = 200 respectively; LI used always less than 1.5 seconds, allowing
resampling techniques to be employed in reasonable times. Calculations
were performed using the R packages strucchange by A. Zeileis and the
forthcoming segmented, both working with no external code.

Additional covariates with fixed coefficients can be included in the model in
a straightforward way. In order to fit a mean-shift model with explanatory
variables w, namely y = 8+ > GiI(x > 1) + yw, it is sufficient to fit
Ay = Bo(k) + Bz + > Bilx — )I(xz > 1) + yAw, namely the integrated
transformations have to be applied at every explanatory variable w: this
is the analogous in differentiated model where the effect of w on y is the
same of one of Vw on Vy.

3 Application: the Nile Data-set

Figure 2 illustrates the time series of the Nile whose annual flows seem
to drop in 1898 because a dam was built; this is a well-known data-set
in changepoint problems, see for instance Cobb (1978). According to the
method discussed above, a continuous changepoint model is applied to the
working response. Even if the plot shows a possible break-point located
at x = 30 approximatively, the starting value is set 60 in order to show
that the starting points are, generally, a minor issue. Figure 2 shows the
observed data along with the fitted values and the ‘transformed data’ on
which a breakpoint model is estimated. The estimated changepoint is the
28" observation, namely the 1898 as elsewhere reported. The estimated
slopes before and after the break-point for the transformed ‘z-data’ are
1082.37 and 851.01 respectively, corresponding to the mean levels in the
original data-set.

4 Conclusions

An efficient algorithm to estimate mean-shift models has been illustrated.
Emphasis is given on the estimation problem that seem to have received
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FIGURE 2. The Nile data-set: observed and fitted values (left) and transformed
‘2" working values (right); broken lines emphasizes the breakpoint at x = 28.

less attention in literature. Of course given the point estimates, one could
apply likelihood-based tests that are known to have greater power when
the change is expected to take place on the tails.

Although it has to be acknowledged that the method has to be investigated
further to assess, for instance, effect of autocorrelation on the transformed
data and possible bias in the estimates of additional explanatory variables,
the method is quite attractive and seems to work well in practice; Its main
features include: i) exactness, i.e. if the breakpoints exist they are always
revealed in data with relatively low variance; ii) noticeable efficiency, being
the estimation substantially independent of n and L; iii) ability in esti-
mating simultaneously the model, and therefore allowing (co)variability
among the estimates to be taken correctly into account. Furthermore it
should be noted that the transformed ‘integrated’ data are much less scat-
tered around the straight lines. Therefore passing from a mean-shift to a
breakpoint model, allows to deal with much more clear-cut relationships
making changepoint detection and estimation easier. As example see the
last picture on the right in Figure 1, where 0 = 10: the two parallel lines
in the mean shift model are almost negligible, but the breakpoint is rather
evident through the z-values. Of course when the variance is very high rela-
tively to parameter values (in the example in Figure 1, o = 50), the derived
V-shaped relationship can be very wiggly and breakpoint detection is still
difficult.
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Abstract: Scoring of caries experience in dental studies usually involves different
examiners. In this respect, the kappa statistic (Cohen, J. 1960) is often used to
indicate the inter-examiner variability. We argue that the kappa values are not
useful to indicate the impact of the examiner effect on an epidemiological study.
Instead, we present a logistic random effects model with a correction term. The
correction term for inter-examiner bias with respect to a gold standard is obtained
from a calibration study. As an example the proposed approach was applied to
a geographical oral health study based on the Signal Tandmobiel~ dataset. A
frequentist as well as a Bayesian approach were used with the latter providing an
easy way of accounting for the variability of the estimated regression coefficients.
Further, we evaluated how large the calibration data should be to obtain reliable
estimates.

Keywords: Calibration study; Error-in-variables; Inter-examiner variability;
Ordinal logistic regression.

1 Introduction

From a dental point of view it was of interest to examine the geographical
trend in caries experience in Flanders. To this end, we employed the Signal
Tandmobiel® data, a 6 year longitudinal oral health study started in Flan-
ders (Belgium) in 1996 involving 4468 children. The outcome of interest is
the dmft index, which is the sum of the number of decayed (d), missing
due to caries (m) and filled (f) teeth. The dmft index is hereby referred to
as the caries experience. To examine the geographical trend first a random
logistic regression model was applied (Hartzel, Agresti and Caffo (2001))
whereby

I ( Tik1 + -+ Tikr
og

=\ + .0 + ug, r=1,2,3 1
Tik,r+1 +---+7Tik4> p i L
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where x; is a d-dimensional vector of covariates pertaining to the ith child
and B is the corresponding vector of regression coefficients (fixed effects),
Tikr 18 the probability of child ¢ in school k being classified in category r of
the ordinal caries response. The random intercept uy pertains to the kth
school and we assume that u, ~ N (0, o). A; is the intercept and (A2, A3)
are the ordered category cut-off parameters of the dmft index, which satisfy
A2 < Az. Below the vector (A1, A2, A3)" will be denoted as A. Observe that
only the caries experience of the first year of examination was used. In this
preliminary analaysis both frequentist (SAS procedure NLMIXED) and
Bayesian (WINBUGS program) models were fitted.

In a Bayesian context the likelihood needs to be combined with a prior
distribution of the parameters. First, we choose the same prior distribution
for the regression coefficient 3, (s = 1,---,d), i.e, Bs ~ N(0,1075). The
precision is chosen to be very small so that a vague prior distribution for 3 is
obtained, ensuring that the posterior is data driven. Second, we choose % ~
IG(1072,1072) so that the prior distribution is sufficiently diffuse. Third,
we take a vague normal prior for A1, i.e., \; ~ N(0, 107%) and a truncated
normal prior for the other category cutoffs, i.e., \a ~ N (0, 1076)I (A1, \3)
and A3 ~ N (0, 107%)I(\a, +00).

The results of these fit clearly indicated a significant East-West gradient
in the degree of caries experience, being higher in the East of Flanders.
However, this model did not take into the account the scoring variability
of the 16 dental examiners, each active in a restricted geographical area.
A calibration dataset contrasting the sixteen dental examiners involved in
the study against a gold standard on scoring dmft was available. Hence, we
could calculate the kappa statistics for each examiner against this gold stan-
dard. From a scheme proposed by Landis and Koch (1977) we concluded
that our kappa values showed moderate to good agreement. However, it
is not directly clear what message these kappa values brings us on the
outcome of the dental analysis.

A classical way to take a confounder into account is to include it into the
(logistic) regression model. Clearly, controlling for examiner removed the
geographical East-West trend. The same conclusion could be drawn when
the examiner was included in the model as a random effect. We argue
that correcting for examiner in this way is not appropriate because it does
not take into account the scoring bias and/or variability of the examiners.
Instead, we opted for another correction.

2 Methodology

To properly take the examiners’ effect into account, we propose an ordinal
random effect logistic regression model with a correction term. This cor-
rection term could be estimated from the calibration data. Our model is
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given by,
a 4
Pr(yi; < aly, Ti, ux) = Y Y Viealind; (2)
c=1d=1
whereby
F(A + '8 + ug)
o F()\g +33¢',8+uk) —F()\l +$ilﬂ+uk)
ik F()\3 + a:i',@ + uk) — F()\Q + wilﬂ + Uk)

1 — F(As+x/B + ui)

¢ = (Qik1, - -+, qira) and vjqp is the conditional probability of classifying a
discretized dmyft score in the ath category by examiner j given it is classified
in the bth category by the gold standard.

The SAS procedure NLMIXED (SAS Institute Inc.) can be used to estimate
the unknown parameters (A, 3, 02) of model (2) when for « an estimated
value is imputed from the calibration data. However, one needs to take
into the account the uncertainty with which the ~ is estimated. This could
be done by some analytical approximations but it can be even done more
easily by a Bayesian approach, e.g. by using WINBUGS. We have followed
this approach to analyse our geographical dental study.

Finally, we provide analytical as well as simulation results to illustrate the
impact of calibration sample size on the precision of the corrected model.
Firstly, we have taken examiners with five different scoring behaviours: (1)
severely underscoring, (2) moderately underscoring, (3) variable (even in
underscoring & overscoring), (4) moderately overscoring, and (5) severely
overscoring all with the same kappa value compared with the gold standard.
Secondly, we used five examiners. Each examiner was biased in scoring
caries experience as compared to the gold standard and was active in only
one of the five provinces of Flanders. Thus our second simulation study
mimicked the epidemiological dental study.

3 Results

The Bayesian posterior estimates of geographical regression coefficients
from WINBUGS applied to the Signal Tandmobiel® study are slightly
larger in absolute value compared to the estimated regression coefficients
from NLMIXED, but overall the estimates of the NLMIXED and WIN-
BUGS are close, given their estimated variability. Further, a sensitivity
analysis by varying different prior distributions showed that our conclu-
sions were relatively stable. Compared to the NLMIXED output, the stan-
dard errors of our estimated Bayesian regression coefficients are higher,
due to the variability with which ~ is estimated from the calibration data.
But more importantly, the East-West gradient remained important in both
geographical models.
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The results of the first simulation exercise are displayed in Table 1. These
results show that a kappa value of less than 1 is always associated with
attenuated estimated regression coefficients. This is known from the error-
in-variables literature Carroll et al (1995). It is also known that the size of
calibration dataset (ng) has a great impact on the correction for bias and
the (increased) variability of the corrected estimates.

TABLE 1. Simulation study 1: Parameter estimates from a logistic binary regres-
sion model where the response is measured with error. The examiner has k = 0.6
compared to the gold standard with five different scoring patterns.

Gold corrected

Pat- Para-  Standard Crude ng = 50 no =100  no = 200
tern  meter  mean(sd) mean(sd) mean(sd) mean(sd) mean(sd)
1 Bo=0 -0.01(.09) -0.52(.09) -0.03(.37) -0.01(.30) 0.01(.24)
Br=1 102(14) 058(13) 1.16(.69) 1.12(.61)  1.07(.36)

2 Bo=0 0.00(.09) -0.30(.09) -0.05(.45) 0.01(.31) -0.01(.25)
Bi=1 10013 056(.13) 1.16(.82) 1.08(.43)  1.05(.39)

3 Bo=0 0.00(.09) -0.00(.09) -0.03(.41) -0.01(.32) -0.04(.25)
Bi=1 1.00(14) 057(.12) 1.17(.80) 1.08(.40)  1.05(.30)

4 Bo = 0.00(.09)  0.30(.09) -0.04(.42) -0.03(.32)  0.01(.24)
Br=1 100(13) 0.61(.13) 1.12(.65) 1.05(.40) 1.03(.28)

5 Bo=0 -0.01(.09) 0.51(.09) -0.06(.49) -0.02(.31) -0.06(.24)
Br=1 101(14) 066(.14) 1.13(.63) 1.05(.29)  1.02(.25)

The results of the second simulation study are shown in Table 2. Now two
covariates were involved covariate 1 (effect 51) and a geographical east-west
covariate (effect ().

TABLE 2. Simulation study 2: Parameter estimates from a logistic binary regres-
sion model where the response is measured with error controlling for covariate 1
and a geographical covariate. Each examiner has k = 0.6 against the gold stan-
dard.

Para- Gold corrected
meter Standard Crude ng = 50 ng = 100 ng = 200
mean(sd) mean(sd) mean (sd) mean(sd) mean(sd)

Bo=0 -0.005(.08) 0.974(.08) 0.054(0.56) 0.013(0.38) 0.006(.27)
Bi=1 0997(.08) 0.402(.06) 0.921(0.28) 0.959(0.22) 0.978(.19)
Bo=2 2017(.14) -0.729(.12) 1.893(1.35) 1.995(0.98)  2.002(.66)

By correcting for misclassification on the response, it is clear that the cor-
rection reduces bias in the estimates to 0, but with an increase in the
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standard errors of the estimates. The bias and standard errors of the esti-
mates from the corrected model decreases as the number of observations in
the calibration data increases. In application to the Signal Tandmobiel
data, this model model confirmed the East-West gradient in the degree of
caries experience in Flanders.

4 Conclusion

The simulation studies show that the correction terms removes the bias
introduced by the misclassification of the response by the examiner with
respect to the gold standard. However, the correction reduces the precision
of the parameter estimates. These results are equally supported by esti-
mates of the ordinal logistic applied to the Signal Tandmobiel® study. We
find that the larger the calibration sample size the larger the precision and
reduction of the bias after correction.
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1 From GLMs to HGLMs

A GLM has the following three-part structure:

(i) A response vector y with mean p and independent errors from a one-
parameter exponential family.

(ii) A set of covariates X1, Xo, ..., Xj, whose effects 3 combine linearly to

form a linear predictor,
n=>_ X

(iii) A monotonic link function 7 = g(u) connecting the linear predictor
and the mean.

The classical normal model has errors from a normal distribution and link
function the identity function, n = p. A GLM may have error distributions
including Poisson, binomial, multinomial, gamma and inverse Gaussian.
Any GLM distribution may be expressed by its variance, which has the
form

var(y) = ¢V (),

where ¢ is the dispersion parameter and V() is the variance function. The
kernel of the log-likelihood has the form

> {y0—b(0)} /¢,

where § = 6(p) is the GLM canonical parameter. If n = 6, the link is
a canonical link. GLMs have a single algorithm for fitting any model of
the class. It generalizes the least-squares of classical models to iterative
weighted least squares, using an adjusted dependent variate

z=n+(y — p)(9n/op)
in place of y, with iterative weights given by

W = (Op/om)*V ()~

335
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Goodness of fit is measured by the deviance, a log-likelihood-ratio statistic
which generalizes the residual sum of squares.

HGLMs extend GLMs in two important ways. First the mean and the dis-
persion may be modelled jointly, and secondly the linear predictor may
contain both fixed and random effects, each with its own dispersion para-
meter to be estimated. These two extensions are discussed below.

2 Joint Modelling of Mean and Dispersion

Such models can be expressed as two interlinked GLMs, one for the mean
and one for the dispersion. Given values of ¢, the dispersion parameter
(now varying over experimental units), the reciprocals are used as prior
weights for the analysis of the mean as a GLM. From the analysis of the
mean, we form the deviance components for each unit, and these become
the response for the dispersion GLM. The distribution for the dispersion
GLM is gamma, and the link is usually assumed to be the log. A linear
predictor on the log scale is postulated, and the joint fit is done by alter-
nating mean and dispersion models until convergence. For details see Lee &
Nelder (1998). An important field of application for this technique is that
of quality-improvement experiments.

3 Random Effects

Random effects are well known in the normal case, the linear predictor
X being extended to X3 + Zu, where u is a vector of random effects
from a normal distribution. Estimates are required for the fixed effects and
the variance components for y and u. Individual estimates of the random
effects u are called best unbiased linear predictors or BLUPs. In HGLMs
the response y may follow a GLM and the distribution of the random
effects may come from any conjugate distribution of a GLM. Such conjugate
distributions include the gamma, inverse gamma, beta and normal.

4 Fitting an HGLM

Two criteria are used for fitting an HGLM. For the fixed and random effects
beta and u, given the dispersion components, we maximize the hierarchical
or h-likelihood, first defined by Lee & Nelder (1996). This consists of two
parts, one derived from the conditional distribution of y|u, and one from
the distribution of the random effects. The random effect v may appear in
the linear predictor for y on some scale v(u), say, v = log(u), in which case
the second term is derived from the density of v not u. The h-likelihood is
not a Fisherian likelihood because the random effects are not observed, but
we believe it to be the natural extension of Fisher likelihood to random-
effect models. For given values of the dispersion components, we fit the
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fixed effects 0 and the random effects u simultaneously, by maximizing the
h-likelihood. To estimate the dispersion components we use a generalization
of REML, using an adjusted profile h-likelihood eliminating the fixed and
random effects. We alternate between estimation of f and u given the
dispersion components, and of the dispersion components given 3 and u.

5 The Algorithm

The fitting of a HGLM can be reduced to the fitting of interlinked GLMs,
as in the joint modelling of mean and dispersion. The model for the mean
can be reduced to an augmented GLM, in which the response vector is

augmented by quasi-data for the random effects, and the augmented design

matrix (for one random effect) has the form ( )O( ? . The model for
the dispersion can be written as a GLM with response derived from the
deviance component for the model for the mean. Again, the fitting is done

alternately until convergence. See Lee and Nelder (2001a) for details.

6 Extensions

The model class can be expanded, first to allow correlated observations
expressed by random effects in the linear predictor (Lee and Nelder,2001b),
and secondly to allow random effects in the dispersion model. The latter
gives rise to Double HGLMs, and these have important implications in
expanding the class of financial models. For a fuller list of the applications
of HGLMs see Lee (2003).

7 Software

Software for fitting HGLMs and DHGLMs is available as a set of Genstat
procedures: the procedures include those for setting up the model, fitting
the model, display of results and model checking. The reduction of the
fitting to that of interlinked GLMs implies that GLM model-checking tech-
niques can be extended to the wider class,
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Abstract: Identification of unbalanced regional supply is one approach to fi-
nancial controlling of health care systems. Hospital discharge data together with
demographic data make a simple supply indicator. Analysing such data from
Styria by a main effect Poisson model shows very bad model fit. 80% of the ob-
servations are identified as outliers and the interpretation of these results would
lead to assess the local hospital system absolute supply deficiency. Improving the
fit by modelling overdispersion through the quasi likelihood approach (QLM) and
the negative binomial model (NBM) is successful. Only of few observations remain
outliers and consequently the supply with hospital care is judged satisfying. As
the QLM and the NBM identify different sets of outliers a bootstrap approach
to variance estimation is applied. It turns out that the same observations are
identified as with the QLM.
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1 Introduction

This paper was motivated by analyses of data from the Styrian health care
system. As a consequence of growing concern about the costs of the public
health care, financial controlling based on empirical data became impor-
tant. One approach to controlling intends to optimize the allocation of
money by detecting regional over- and undersupply with medical services.
Hospital discharge frequency is used as supply indicator and the regional
distribution of the population serves as benchmark. Assuming equal hospi-
talization rate in all regions supply deficiency is indicated by large devia-
tions of the hospital discharge distribution from the (benchmark) popula-
tion distribution.

We use hospital discharge data from the six Styrian NUTS-3 (NUTS=No-
menclature des unités territoriales statistiques) regions that contain ICD-9
(ICD=International Classification of Diseases) diagnostic information, so
that 17 main disease groups can be distinguished. Thus we have a total of
6 x 17 = 102 observations Y;; (i = 1,...,17 disease groups DG;, and j =
1,...,6 regions R;). The research problem is to discover regional differences
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340 Screening for Outliers From a Log-linear Model

in hospitalization frequency for the 17 disease groups which can be stated
as testing

Hy: The rate of hospitalization due to DG; is the same for all
regions, i.e. \j1 =,...,= Aig = ;.

versus

Hy: The rate of hospitalization due to DG, differs for at least
two regions, i.e. A;; # \ix for some pair (j, k).

Let Y;; ~ P(i;) then under Hy we have
)\i = uij/nj or ‘Ll,ij = n]')\i,

and under H;
Aij = pig/ng o or g = niAij,
with n; the population in R;. Testing Hy vs. H; is an ANOVA-type of
problem for rates. Using the normal approximations to the Poisson variables
the statistics
Yo — i1 2
T, = 27( i — i) (1)

- flij

J
are y2-distributed with df = 5 under Hy. Taking i = n;/n as estimate we
obtain fi;; = (nyn;)/n, where n; = 37, Vi; and n = 3 n;. In cases with

T; > x2 Hy is rejected and at least one region has a deviant hospitalization
rate.

2 Log-linear Models

2.1 Poisson Regression

The problem described in section 1 can be represented by a GLM (McCul-
lagh & Nelder, 1989), namely the Poisson regression using the canonical
log-link. Under Hy we have

uE})) =n;\; = n;exp(5;), (2)

which can be seen as a series of 17 intercept models with offset n;, and (1) is
just the Pearson chi-square statistic X2. To test for regional differences the
Hy-models are estimated and Xf and the deviances D; should have values
smaller than the critical value x2(df). The estimation of the 17 models is
equal to the simultaneous estimation of 17 intercepts within one model.
Consequently X2 = . X2 and D = ), D;. Thus equation (2) can also
be seen as a main effect Poisson model (PM) for the hospitalization rates
with factor “Disease group”.
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2.2 Interaction, Bias and Outlier Detection

For H; we have the interaction model

Mz('jl') =njli; = njexp(Bi +vij) = Mz(-?) exp(7ij)- (3)

Model (3) is not applicable to our data as it is the saturated model with
ﬂl(-;) = Y;,. But the residuals from model (2) can be used to obtain some
information about the unknown +;;. Based on the estimates from model
(2) we obtain E(Tz(;))) = ?)(Yij - ﬂgf)) = 0 given that Hy is valid. If H;
0
ij
1 (0 1 0 0

E(rz(j)) =E(Y;; — /J"Ej)) = Mz('j) - Mz('j) = Mz('j)[eXP(%'j) — 1] #0.

This bias carries over to the standardized Pearson residuals

(0
Yij — ng)

(1= hay) V(a7

holds then the estimate fi;:’ is biased and

(4)

STij =

which are asymptotically N (0, 1) under Hy (V' (-), the variance function, h;j,
the diagonal elements of the GLM hat matrix). Therefore [sry;| > 21 _4/2
can be used as screening tool to identify large deviations from the means,
i.e. biased observations. In regression analysis observations with values of
sr;; outside of some interval (e.g. [—1.96,1.96]) are regarded as outliers.
Estimating model (2) when actually H; is correct results in biased estimates
for p;; and consequently bad model fit. Besides misspecification of the
mean (leading to bias) we have misspecification of the variance function
(leading to wrong precision) as second important reason for bad model fit.
Bias enters the statistics X? and sT3; in the numerator, while the variance
assumption affects the denominator. Thus observing bad model fit together
with many outliers may be caused by heavy bias and/or the wrong variance
model.

2.3 Modelling Dispersion

As we cannot estimate a better mean model to achieve better model fit,
we look for alternatives to the Poisson variance assumption V' (u) = p. In
general V() may depend on some additional scale or dispersion parameters
¢ or «, like for instance the QLM with V(u, ¢) = ¢u, and the NBM with
V(p,a) = p+ ap®. For ¢ > 1 and a > 0 we model overdispersion, i.e.
V() > p. A consequence of using V(-) > p is that only large deviations are
identified as outliers. We expect to find smaller sets of biased observations
for the sr;; from the QLM and the NBM. Besides that the sets may differ
markedly as ¢u > pu+ au? for 0 < u < ¢/a, and vice versa for u > ¢/a.

¢ is usually estimated by X?2/df or D/df, while a can be estimated by
maximum likelihood. For the QLM the scaled value of X?2 is just df when
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¢ = X2/df is used, and df(X2/D) when ¢ = D/df is used (similar for
D). Thus the improvement in model fit for the QLM cannot be properly
expressed in a number like for the NBM. This leaves us with the problem
to choose between the QLM and the NBM.

3 Bootstrap

In section 2 we use the asymptotic properties of the standardized Pear-
son residuals to identify outliers. The results may depend strongly on the
assumed variance structure and moreover there is no ad hoc method to
choose between the competing models QLM and NBM. As alternative for
outlier identification the nonparametric bootstrap shall be used to estimate
the distribution of the residuals. The bootstrap method based on residual
resampling for GLM (Davidson & Hinkley, 1999) requires that the residu-
als are approximately iid, which is best met by the standardized deviance
residuals
rdi; — sign(yis — fig) 2(0(yis) = W) 1* _ dlysg fug)
(1= hy)1/2 (1= hay)'/2

To obtain the bootstrap response y;; we sample from the set of centered rd;;
(ef; € {rdi; —rd;;}) and solve the equation ef; = d(yi;, fiij) by the Newton
method. Fitting the bootstrap models p;; = n; exp(BF) we estimate the
variance of the raw residuals 7;; = y;; — fl;; by

B
* 1 *(k ~x(k
Vart(rij) = g— Z(yij( )~ :u‘ij( 2, (5)
k

where (-)*(®) (k' =1,..., B) are the bootstrap replications. To identify the
outliers we compare the residuals standardized with (5) given by

Yij — fij

sbri; = —————|
Y Vart(ry) /2

with the percentiles of the empirical distribution of all standardized boot-

strap residuals given by
br* — y;} - ﬂjj
ST = Var+(ri;)1/2°

4 Application and Results

Application of the 17 intercept Poisson models from equation (2) to our
data shows that Hy has to be rejected for all disease groups at both usual
critical values X2 5(5) = 11.07 and x2 41 (5) = 15.86 (see Table 1).
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TABLE 1. Results of the Poisson models for the 17 disease groups DE;

DG, X? D, DG, X? D;
01 219.7 214.16 10 423.32  411.88
02 616.63  600.36 11 93.93 95.87
03 83.36 84.91 12 343.30  330.28

04 40.61 42.27 13 1499.12 1440.24
05 1322.94 1305.58 14 17.60 17.36
06 1748.23 1699.09 15 322.87  313.25
07  1191.09 1150.52 16  1282.92 1188.75
08 224.31 221.08 17  1366.61 1357.18
09 301.42  301.27

TABLE 2. Results for the Poisson Model, the Quasi-Likelihood Model and the
Negative Binomial Model

Number of outliers

X2 D ) & a=005 a=0.01
PM  11097.97 10774.06  — - 81 78
QLM 11097.97 10774.06 126.75 - 8 4
NBM  107.73  103.55 - 0.0232 8 3

For the PM we also have a very bad model fit: X? = 11097.97 and
D = 10774.06 with df = 85. This is paralleled by 80% of the observa-
tions identified as outliers, i.e. |sryj| > 21_o/2, and further |sry;| < 33
with mean (standard deviation) 0.79 (11.63). The interpretation of these
results is simply that the Styrian hospital system is doing extremely bad
in supplying the Styrian population with health care.

Fitting the QLM and the NBM has the expected effect. The standardized
Pearson residuals are now much smaller for both the QLM (|sr;;| < 3) and
the NBM (|sr;;] < 5). The mean (standard deviation) is now 0.07 (1.03)
for the QLM, and -0.001 (1.13) for the NBM. The number of identified
outliers is reduced drastically for the QLM and the NBM (see Table 2),
and consequently the supply of the Styrian population with health care
from hospitals can be judged as balanced, save for a few exceptions. Table
2 gives some results for the PM, QLM and NBM.

A closer look on the outliers shows that the QLM and the NBM identify
different observations. At o = 0.05 four out of twelve observations are
identified by both models, and at a = 0.01 the models only agree on one
out of six observations. This divergence is due to the different shapes of
the estimated variance functions (cf. section 2.3).
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The bootstrap method based on B = 1999 samples gives estimates of
Var*(r;;) that lead to bootstrap standardized residuals |sbr;;| < 3 with
mean (standard deviation) 0.05 (1.13). The empirical distribution of the
standardized bootstrap residuals sbrj; has mean (standard deviation) 0.00
(1.00), but it is slightly skewed and shows a peak. Using the a/2 and 1—a/2
quantiles of this distribution we identify the same outliers as the QLM. A
possible explanation for this result is given by Friedl (1997), who showed
that resampling from standardized Pearson residuals yields a bootstrap
dispersion estimate that is just the empirical variance of the Pearson resid-
uals. Moreover this estimate can be used as an estimate for the dispersion
parameter ¢ of the QLM. It appears that this also holds approximately for
the standardized deviance residuals.

For final interpretation of the results we combine the two sets of outliers by
union, giving twelve suspicious observations, and intersection, which gives
us four substantial outliers (a = 0.05). The variance functions of the QLM
and the NBM cross at 4 = 0 and u = ¢/a. The intersection is equivalent
to using the upper part of both functions, i.e. V(1) = ¢p for 0 < pp < ¢/«
and V(i) = pu + ap? for p > ¢/a, and the union takes the lower parts.

Acknowledgments: We are grateful to Herwig Friedl for helpful discus-
sions and comments on our work.
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Abstract: In environmental epidemiology, as in any other subject involving ob-
servational studies, one is interested in finding effect estimates that are (almost)
unbiased and have smallest possible variance. In environmental epidemiology, as
in other fields, one can achieve this only through a proper design. Logit models
are a precious toll in this area.
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1 Introduction

Logit models are widely used to express the probability of occurrences of
diseases as a function of environmental impacts.

Typically, exposures are measured at fixed stations. These exposures are
then taken to be representative for the whole population near this station.
As a consequence, both measurement errors and measurements biases must
be taken into consideration.

In this presentation, we consider a situation with measurement error only.
We use such a model for discussing what happens when the error in the
measurement of the impacts is not negligible. Our main result is that the
bias in the slope of the response is always negative. A result like this one
expresses a loss of sensibility to the exposures variations that results from
less precision in their measurement.

2 Model

We assume that with exposure f the probability of disease is given by
ebot+Bif
P = ehethir
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346 Bias in Environmental Impacts

Let Bl and 3; be the maximum likelihood estimators obtained from exact
fi,--., fn measures of exposure and approximate measures f1, ..., f, with

f’i:fi“i’siai:]-a"'an

the e1,..., e, being independent and identically distributed with null mean
value and variance o?2.

If we have n samples with dimensions n; , ¢ = 1,...,n, the corresponding
logits having variances v; , ¢ = 1,...,n, it may be shown through lengthy

but straightforward computations that
2
(Zmd) -
n n  f? n i
(21:1 %) (21:1 Ti) - (Zi:l q{_)

We point out that the denominator in this expression may be used to
estimate the variance component O'J% , associated to exposures differences
between the chosen stations.

The next step was to partition the variance o2 in two independent compo-
nents

E (51 - 31) =-0

2 2 2
JE - Ua + Ue
where

e 02 — is the variance component associated to the sampling errors

inside the population associated to the monitoring stations;

e 02 — is the variance component associated to measurement errors.

Through more straightforward computations it may be shown that

E (51 _Bl> = —51@205-

gy

3 Scenarios

We now apply the previous expression to study measurement design in
several scenarios.

3.1 First Scenario

The monitoring stations as well as the sub-population are chosen. For
each station there will be a corresponding region, so the station as well
as the region will be given. Of the three variance components we can only
influence o2 . Let us assume that there is a relation between costs and pre-
cision for this component, given by a decreasing function with an horizontal
asymptote.

Our aim is to determinate the point C’ of cost per station to the right of

which there is only limited decrease in o2.
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3.2 Second Scenario

The monitoring stations are given but the regions limits are not. Let us
assume that the population assigned to a station is formed by L sub-
populations. Since we have n populations we will have the same number of
decompositions. Besides this for each station there will be a sub-population,
for which it is most representative, the standard sub-population.

In this scenario we can influence (minimize) both o2 and o2 , subject to
the use of certain sub-populations, thus controlling o2 and through it the
bias.

A rule that we can follow, is to assign each sub-population to the station
for which the standard population is nearest to it. To carry out this work
we need to choose:

e the standard sub-population for each station;
e a dissimilarity measure between sub-populations;

e to build the dissimilarity matrix between sub-populations.

3.3 Third Scenario

The third scenario is a free scenario. Let us assume that we only have an
approximate idea of the number of stations to implant. We could start
from the dissimilarity matrix that we previously considered and apply a
cluster analysis to try to identify sub-populations that are gravity centers.
These could be the chosen as standard sub-populations for the monitoring
stations. It could happen that not all of the proposed stations could be
implanted. It is important to point out that in this last scenario we can
influence the three components o2 , 02 and O‘J% . Thus achieving a better
control of the bias than in the first two scenarios.

Our aim is to minimize

2 2
o, +o;

2
gy

If we assume that we are comparing scenarios for which the values of o2 +0?2
are similar, we then could think of maximizing O‘J%.

4 The Future Work

To work on Scenarios 2 and 3 we must have information to enable us to
obtain the above mentioned dissimilarity matrix.
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4.1 Required Information

In order to collect such an information we should start with a list of vari-
ables that influence exposure and characterize populations. The ideal would
be:

1. To select the variables in the population;
2. To define the sub-population;
3. To build the dissimilarity matrix;

4. To select the sub-population as candidates to be standard sub-
population;

5. To select the standard populations and to define the “limits (bound-
aries)”;

6. To implant the monitoring stations;
7. To build a sample in each region.

At the end we should, using the approximated (adjusted) values, obtain
the average incidence p.

On the other hand the chosen variables to define the population should
include residence and/or working place in order to facilitate establishing
the regions boundaries.

Let us observe that there is a certainty likeness between the method that
we are trying to develop and the “a priory tariffation method. Thus we
can start with a preliminary large list of discrete variables, and then, check
which of those are significantly related to incidence variations. The next
step should be the use of the chosen variables to define sub-populations.
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Abstract: This paper examines an overall estimate of effect based on the strat-
ified Wilcoxon test.
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1 Introduction

Parametric models offer stratified estimates of overall treatment effect on
the scale of the response. But there is no widely used method of estimating
treatment effect associated with stratified nonparametric tests such as the
stratified Wilcoxon (or van Elteren) test. There are many areas of research
where such an estimate is warranted because a stratum-by-treatment ef-
fect is not expected. Clinical trials are a common source of such data, the
stratum being investigator, hospital or country.

2 Data Analysed

Four sets of simulated data were used. Each set had 10 strata, and each
stratum had 16 observations, 8 from each of two treatment groups (A and
B), making 160 observations in all. The 10 strata each had a baseline,
which was randomly assigned by sampling from a Normal distribution. The
individual observations for each stratum were then calculated by adding to
the stratum baseline a second random sample from a standard Normal
distribution. Finally, if the treatment group was B, 0.5 was added to the
observation. Thus the true treatment difference would be expected to be
estimated as 0.5. The sets of data differed as follows:

e Set 1 had no contamination

e Set 2 had 20 percent of observations contaminated with a uniform
(-5, -5.01) distribution

e Set 3 had 10 % of observations contaminated with a high-variance
Normal distribution (mean zero, standard deviation (SD)=10)
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Strata baseline sampled from

0.5 * standard Normal Residuals from model with strata
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FIGURE 1. Distribution of a single sample (160 observations) from data set 1

See Figure 1 and Figure 2 for histograms illustrating these data. The strata
for these first three sets had baselines sampled from a Normal distribution
with mean zero and SD=0.5. Set 4 was as set 1, except that the strata
baselines were more dispersed, being sampled from a standard Normal dis-
tribution. One thousand samples of each set were created.

In addition, analyses of highly-skewed mercury concentrations in Periphy-
ton (Walpole and Myers, 1985, cited in Helsel and Hirsch, 2003) are briefly
discussed.

3 Approaches Used

This paper proposes an extension of unstratified nonparametric methods
of estimation (Lehmann, 1975)to stratified nonparametric tests such as the
van Elteren test (van Elteren, 1960). Such extensions are not widely used
or explicitly described in standard textbooks. An estimate based on the van
Elteren test adapts the technique described by e.g. Sprent and Smeeton,
(2001, pp. 1-43). This method was first suggested to the author by Kevin
Kane of the statistical software company Phastar, and its rationale clarified
in discussions with Dennis Boos and Gary Koch. In brief, the estimate of
treatment difference is calculated by incrementing the response of one of the
treatment groups until the expected value of the nonparametric statistic
under the null hypothesis is found.The estimate of treatment difference is
equal to the amount of the increment.In detail, the steps are as follows:
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Data set 2 residuals Data set 3 residuals
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FIGURE 2. Distribution of a single sample from data sets 2 and 8

1. Using the Hodges-Lehmann estimate of median treatment difference,
identify which treatment group has the lower median difference. Let
us call this treatment group A.

2. Using as a start and end point the Hodges-Lehmann lower and upper
CIs respectively, increase the value of all observations for group A by
small increments, calculating the van Elteren test statistic after each
increment.

3. At the point where the test statistic has reached its expected value
under the null hypothesis of no treatment difference, the increment
estimates the treatment difference under the van Elteren test.

The estimate of upper CI for the treatment difference is calculated similarly:

1. Note that the lower CI based on the van Elteren statistic will be
greater than or equal to the lower CI of Hodges-Lehmann. Using as
a start and end point the Hodges-Lehmann lower CI and the van El-
teren estimate of treatment difference respectively, increase the value
of all observations for group A by small increments, calculating the
van Elteren test statistic after each increment.

2. At the point where the test statistic has reached the value which
yields a two-sided significance of 5 percent,the increment estimates
the lower CI for the treatment difference under the van Elteren test.
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TABLE 1. No contamination, strata baseline sampled from 0.5 * standard Normal

Type of estimate Cover Power CI length
One-way ANOVA 0.967 0.861 0.679
ANOVA stratified  0.940  0.903 0.595
Wilcoxon 0.966  0.828 0.706
Wilcoxon stratified 0.946  0.893 0.613

The upper CI is estimated in a similar manner to the lower CI. ANOVA-
based estimates are used in this paper as comparators for the nonparametric
estimates. The paper thus presents four estimates:

e As a baseline, the mean difference and its 95 percent CI based on the
t-test (One-way ANOVA)

e Estimates from stratified ANOVA

e Nonparametric unstratified estimate based on the Wilcoxon test the
Hodges-Lehmann estimate of median difference

e Nonparametric estimate based on the stratified Wilcoxon, or van El-
teren, test

The coverage and power associated with the CI are presented below for
estimates of treatment difference over 1000 instantiations of the four sets
of data described above.

4 Main results

Table 1 acts as a baseline and summarises the results for the four methods
of estimation over 1000 simulations for data with strata differing in their
overall mean, but otherwise Normally distributed with a true treatment
difference of 0.5. Results are as expected, with coverage close to the nominal
coverage and lower power associated with the nonparametric Cls (Hodges
and Lehmann, 1962).

However, when the disparity between the strata increases so that the stra-
tum baseline is sampled from a standard Normal distribution, the unstrat-
ified Wilcoxon (Hodges-Lehmann) estimate loses power considerably (Ta-
ble 2)

Table 3 features simulations with 20 percent of the data concentrated in the
left tail of the distribution. This pattern is often found in biometric mea-
sures. While coverage is largely unaffected for all estimates, the power of
the estimates based on ANOVA is of course dramatically reduced; and the
stratified nonparametric CI has increased its advantage in power relative
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TABLE 2. No contamination, strata baseline sampled from standard Normal

Type of estimate Cover Power CI length
One-way ANOVA 0.985  0.685 0.838
ANOVA stratified  0.941  0.902 0.596
Wilcoxon 0.990 0.635 0.872
Wilcoxon stratified 0.944  0.871 0.644

TABLE 3. Contaminated with observations at left tail, strata 0.5*standard Nor-
mal

Type of estimate Cover Power CI length
One-way ANOVA 0.956  0.298 1.375
ANOVA stratified 0.944  0.337 1.307
Wilcoxon 0.962  0.509 0.992
Wilcoxon stratified 0.940  0.658 0.797

TABLE 4. With high-variance Normal contamination, strata 0.5%standard Nor-
mal

Type of estimate Cover Power CI length
One-way ANOVA 0.944 0.194 2.032
ANOVA stratified  0.925 0.210 1.951
Wilcoxon 0.957  0.655 0.851
Wilcoxon stratified 0.925  0.774 0.737

to its unstratified nonparametric equivalent.Finally, Table 4 follows McK-
ean and Vidmar (1994) in examining contamination with highly-variable
Normal data. As noted in the paper by McKean and Vidmar, the power
of the estimates based on ANOVA is particularly badly affected by the
high-variance contamination. The stratified nonparametric CI retains its
superiority in power over its unstratified nonparametric equivalent and of
course over the ANOVA-based estimates.

Analysis of the mercury data in Helsel and Hirsch (2003) shows that where
the stratum effect is not significant, the estimate based on the stratified
Wilcoxon test has no significant advantage over the traditional unstratified
equivalent, the Hodges-Lehmann estimate: the Cls are almost identical. It
should be noted that this will often be the case, and that where differences
between the strata are modest, the standard Hodges-Lehmann estimate
and CI is often an adequate estimate of treatment effect.
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5 Conclusions

In estimating a treatment effect and CI in a stratified nonparametric set-
ting, the unstratified Hodges-Lehmann estimate and CI may be adequate
with regard to coverage and power, if the strata have overall means only
moderately different from one another. As a rough guide, the means should
be consistent with a Normal distribution with a SD about half that of the
residuals from a full model (i.e. a model which includes stratum effects).
With greater dispersion between the strata, a stratified estimate such as
that presented here is preferable. When data is Normally distributed, the
ANOVA estimate is of course the best choice, but its well-known loss of
power in the face of contamination by more highly dispersed data or skewed
data is confirmed again by this paper.

Further research is desirable to compare the nonparametric estimates pro-
posed in this paper with those of robust regression (e.g. McKean and Vid-
mar, 1994).

Acknowledgments: This research was sponsored by Quintiles Ireland
Ltd.. My thanks also to David Williams of University College Dublin for
help with the formatting of this paper.
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Abstract: Markov switching autoregressive models (MSARMs) are efficient tools
to analyse nonlinear and nongaussian time series. A special MSARM with a har-
monic component is here proposed in the bayesian framework to analyse periodic
time series. We perform a complete Gibbs sampling algorithm for model choice,
for constraint identification and for the estimation of the unknown parameters
and the latent data. We illustrate our methodology with two examples about the
dynamics of air pollutants.
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1 Introduction

Air quality control includes the study of data sets recorded by air pollu-
tion testing stations. We are interested in the analysis of the dynamics of
the hourly mean concentrations of carbon monoxide (CO) and of the daily
mean concentrations of sulphur dioxide (SO2). The main characteristics of
the series that must be modelled are: 7) different unobserved levels of pol-
lutant mean concentrations, depending on the weather conditions (higher
level of pollution in the colder days and lower in the warmer ones), i)
serially correlated data, i) daily (CO) or yearly (SO2) periodicities, iv)
missing observations. By these characteristics, Markov switching autore-
gressive models (MSARMSs) (Hamilton (1994), ch. 22) can be efficient tools
to analyse these environmental time series. A special MSARM with a har-
monic component is here proposed in the bayesian framework, giving rise
to Harmonic MSARMs (HMSARMs).

2 Harmonic Markov Switching Autoregressive
Models

MSARMs of order (m;p), henceforth MSAR(m;p), are discrete-time sto-
chastic processes {Y%; X;}, such that {X;} is an unobservable discrete-time
Markov chain with a finite number of states, m, while {Y;}, given {X,}, is
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an observed autoregressive process of order p with the conditional distri-
bution of Y; depending on {X;} only through the contemporary X;. Let
{X:} be a discrete, first-order, homogeneous, ergodic Markov chain on a
finite state-space Sx with cardinality m (Sx ={1,...,m}). ' = [y, ;] is
the (m x m) transition matrix, where v, ; = P(Xy = j | X¢—1 = 1), for any
i,j € Sx, a7 = (x1,...,27)" is the sequence of the states of the Markov
chain and, for any ¢t = 1,...,T, x; assumes values in Sx. Hence, given
the order-p dependence and the contemporary dependence conditions, the
equation describing HMSARMSs is

Yiw)) = Hay + P10 Yi-1(201) -+ Pp(a) Yeop(ai_p) + 1+ Et(zy), (1)

where Y;(;) denotes the generic variable Y; when X; =i, for any 1 <t <T
and for any i € Sx; the autoregressive coefficients ¢ (;), forany 7 = 1,...,p
and for any ¢ € Sx, depend on the current state ¢ of the Markov chain; 7
is a harmonic component of periodicity 2s,

*

S

e =Y (g cos (mjt/s) + o sin (mjt/s), (2)

j=1

where s* is the number of significant harmonics (s* < s) ; Ey(;) denotes
the gaussian random variable F; when X; = i, with zero mean and preci-
sion \; (Et(i) ~ N (0; )\i)), for any i € Sx, with the discrete process {E;},
given { X}, satisfying the conditional independence and the contemporary
dependence conditions. Notice that the harmonic component does not de-
pend on the hidden Markov chain for identifiability reasons: if it depended,
to have an identified model, we would assume the same hidden state all
along the period 2s. The labels of the states and the sub-models, given a
state, are interchangeable; the model (1) is unidentifiable in data fitting
and therefore we need the following identifiability constraint: A; < A;, for
any 4,7 € Sx such that ¢ < j. In the following section we shall see how
and why we choose this special constraint. At this point it is important
only to notice the constraint is chosen ex post after simulations in such a
way to respect the geometry and the shape of the unconstrained posterior
distribution.

The parameters of the model, the latent data and the missing observations
are estimated by simulation, performing Gibbs sampling, placing conju-
gate priors; the sequence of hidden states is estimated through the for-
ward filtering-backward sampling algorithm by Carter and Kohn (1994) and
Frithwirth-Schnatter (1994). Before performing parameter estimation we
need to choose the best model and to select its identifiability constraints.
MSAR model choice is performed through Bayes factor, computing the
marginal likelihoods by the Chib-Neal method (Chib (1995), Neal (1999)).
The selection of the identifiability constraints is done exploiting the mix-
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FIGURE 1.

ing properties of the random permutation sampling algorithm (Friiwirth-
Schnatter (2001)). In any iteration of the Gibbs sampler the entries of the
vector A must be in increasing order to satisfy the identifiability constraint.
If X is not ordered, instead of rejecting the vector and going on sampling
till we have an ordered one, we introduce the constrained permutation sam-
pling algorithm (Fritwirth-Schnatter (2001)): we apply a permutation to or-
der the precisions and consequently we apply the same permutation to the
generated sequence of states and to the switching-parameters previously
generated.

3 Applications to Air Pollution

Two applications of HMSARMs to real data will be studied in the following
and two time series, the first about the daily mean concentrations of sul-
phur dioxide (SO2) and the second about the hourly mean concentrations
of carbon monoxide (CO), will be analysed in detail. In each application we
shall compare many competing models which differ for the cardinality of
the state-space of the hidden Markov chain and for the order of the autore-
gressive process. We shall go on three consecutive steps: i) model selection,
it) constraint identification, 4ii) parameter estimation.

3.1 Application to Daily Mean Concentrations of SO2

The first periodic time series we consider is about the daily mean concentra-
tions of SO2, in micrograms per cubic meter, recorded by the air pollution
testing station placed in Via Goisis, Bergamo (Italy) from the 13th of Sep-
tember, 1996, to the 25th of November, 1999 (1169 observations). In the
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series of SO2 a yearly periodicity is evident (2s = 365) and the number s*
of the harmonics is one.

Model selection, performed by means of Bayes factors in which the marginal
likelihoods, i.e. the normalizing constants of the posterior densities, are
computed according to Chib (1995), corrected by the relabeling of the
hidden states (Neal (1999)), that the HMSAR(3;1) is the best among all
the competing models.

Now we have to carefully identify the constraint which must respect the
geometry and the shape of the unconstrained posterior distribution. Identi-
fiability constraint is chosen by eye, looking at the graphs of the output of
the unconstrained Gibbs sampling performed associated with random per-
mutation sampling (Frithwirth-Schnatter (2001)): we plot couples of out-
puts of the estimates of the parameters obtained via unconstrained Gibbs
sampling with random permutations of the hidden states; after that we
check if there are groups corresponding to the different states and if these
groups suggest special ordering in the labeling.

Random permutation sampling is an easy adjustment we introduce in the
Gibbs sampler: at any iteration all the steps of Gibbs sampling run un-
constrained; then we randomly generate one of m! ways of labelling the
states and consequently update the sequence of the hidden states and any
switching-parameter according to the selected permutation of the states.
Random permutation sampling allows us to explore the whole support
of the posterior distribution, improving the mixing property of the sam-
pler because the chain is free to move through the different subspaces,
and encourages the moves from the current subspace to one of the other
(m! — 1). Graphically analysing the outputs of the unconstrained HM-
SAR(3;1) model, we choose the constraint on the precisions: A1 < Az < A3
(Figures 1a and 1b). Now we can run constrained permutation Gibbs sam-
pling for the HMSAR(3;1) model to estimate its parameters.

We obtain that SO2 yearly dynamics, described by the n;’s, respects that
of the climatic conditions: higher levels of SO2 in the colder periods of the
year and lower levels in the warmer ones (Figure 1f). Moreover we can
see the dynamics of the fitted values (Figure 1d) respects the dynamics
of the actual data, the natural logarithms of the observations (Figure 1c).
Finally we are interested in the dynamics of the hidden states, representing
the three different levels of pollution occured during the analysed period,
which we can observe in Figure le, where we have the sequence of the
posterior modes of any generated state xy, for any t =1,...,T.

3.2 Application to Hourly Mean Concentrations of CO

The second periodic time series we consider is about the hourly mean con-
centrations of CO, in milligrams per cubic meter, recorded by the air pol-
lution testing station placed in Via San Giorgio, Bergamo (Italy) from the
20th of October, 1998, 1 a.m., to the 8th of December, 1998, 12 p.m. (1200
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observations). In the series of CO a daily periodicity is evident (2s = 24)
and the number s* of the harmonics is two. In the model choice phase we
notice that the HMSAR(2;1) is the best among all the competing models.
Then graphically analysing the outputs of theunconstrained HMSAR(2;1),
we choose the constraint on the precisions again: A\ < Ao (Figures 2a and
2b). Finally, by the parameter estimation side, the CO daily dynamics,
1:’s, respects the rush hours, in fact we have the peaks at eight a.m. and
five p.m. (Figure 2f). The fitting performance of the model is evaluated
through the plots of actual, the natural logarithms of the observations, and
fitted values (Figures 2¢ and 2d): we have the fitted series well describes the
observed phenomenon. By the Markov chain side, the estimated sequence
of hidden states is plotted in Figure 2e.

4 Conclusions

The previously described empirical studies about air pollution show that
Markov switching autoregressive models with a harmonic component well
analyse periodic time series whose dynamics nonlinearly depend on latent
variables. Model choice and inference have been performed through Gibbs
sampling, considering the label switching problem, which has been effi-
ciently tackled by permutation sampling.

The models we considered can be extended in many ways (i.e. time-varying
transition matrices, multivariate pollutants and multisites recording analy-
sis) to apply them more extensively to air quality control; these extensions
are the subject of future researches.
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Abstract: This work deals with the calculation of local influence curvatures
and generalized leverage in univariate elliptical nonlinear regression models. This
class of models includes all symmetric continuous distributions, such as normal,
Student-t, generalized Student-t, exponential power and logistic, among others.
We derive the total local influence of the ith observation C; and we decompose
the generalized leverage matrix into two terms, one that may be interpreted as
a contribution of the position parameter estimates on the leverage and the other
as a kind of correction due to the estimation of the dispersion parameter. This
correction vanishes for the normal case. We also establish a connection between
generalized leverage and local influence. An illustrative example is given.

Keywords: Elliptical distributions; Leverage; Likelihood displacement; Local
influence; Residuals; Robust models.

1 Elliptical Nonlinear Regression Models

Let Y;,i =1,...,n, be independent random variables with density function

of the form .

! Vo
where ¢ > 0 is the scale parameter, g : IR — [0, 00] is such that [~ g(u?)du
< oo. We shall denote Y; ~ El(u;, ¢). The function g(.) is called density

generator (see, for example, Fang, Kotz and Ng, 1990). The univariate
elliptical nonlinear regression model is defined by

9{(yi — 1a)?/ 9}, vi € R, (1)

Y = ui(B) + €,

where 11;(8) = u(B;%;) is a nonlinear function of B8 = (31,...,3,)T and
€; ~ Fl(0,¢). An iterative process to get the maximum likelihood estimates
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ﬁ and <ZA) may be developed by using, for example, the scoring Fisher method.
This joint iterative process is given by

I@(erl) — ﬂ(m) + (4dg)_1{ng)Tng)}_lD(ﬁm)TD(v(m)){y _ u(ﬂ(m))(} )
2

and 1
¢(m+1) _ EQV(I@("’H‘I)) (m = 0, ]_’ 2, .. .), (3)

where Qv(8) = {y — n(8)}"D(v){y — n(B)}, Ds = 0u(B)/0B, dy =
E{WZ(U?)U?} with U ~ El,(0,1), Wy(u) = ¢'(u)/g(u) with g(u) =
0g(u)/0u and D(v) = diag{vi,...,vn} with v; = —2W,(u;) and u; =
(yi — pi)?/¢, i = 1,...,n. We should start the iterative process (2)-(3)
with initial values 8 and ¢(©.

2 Local Influence

Let L(6) denote the log-likelihood function from the postulated model
where 0 = (ﬁT, #)T and let w be a n x 1 vector of perturbations restricted
to some open subset € C IR™. The perturbations are made on the likeli-
hood function, such that it takes the form L(€|w). Denoting the vector of
no perturbation by wy, it is assumed that L(0|wo) = L(0). The idea of
local influence (Cook, 1986) is concerning with characterizing the behav-
iour of the likelihood displacement LD(w) = 2{L(8) —L(8,,)} around wy. It
may be showed that the normal curvature at the direction £ takes the form
Cyp(0) = 2167 AT(L)~' At| where —L is the observed Fisher information
matrix for the postulated model (w = wyp) and A is the (p+ 1) x ¢ matrix
with elements A;; = 92L(8|w)/d0;0w;, evaluated at @ = 6 and w = wy,
1=1,...,p+1and j=1,...,n. As perturbation scheme we shall consider
the heteroscedastic model

fyr (ikor) = \/%g{wxyi )6}, (4)

with w; denoting the weight corresponding to the ith case, i = 1,...,n.
When w; = 1, the perturbed model (4) reduces to the postulated model
(1). Indeed, we are perturbing the scale parameter by changing it to
¢/w; for the ith observation. We obtain AT = [—%D(B)Dﬁ, —#D(B)é],
that is an n x (p + 1) matrix, where D(b) = diag{bi,...,b,} with
bi = {Wy(wi) + uiWy(ui)}e; and e; = y; — pi(B), i = 1,...,n. Then,
the total local influence of the ith observation (Lesaffre and Verbeke, 1998)
yields C; = 267 AT(L)"' A¢;|, where £; is an n x 1 vector of zeros with
one at the ith position. We can express —L in a closed-form expression.

Attention should be given to those observations with C; > 2C.
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3 Generalized Leverage

Let y = u(B) be the predicted response vector. The main idea behind the
concept of leverage (see, for instance, Emerson, Hoaglin and Kempthorne,
1984; St. Laurent and Cook, 1992; Wei, Hu and Fung, 1998) is that of
evaluating the influence of y; on its own predicted value. This influence may
be well represented by the derivative 97;/dy; that equals h;; in the normal
linear case, where h;; is the ith principal diagonal element of the projection
matrix H = X(X7X) !XT and X is the model matrix. Extensions to more
general regression models have been given, for instance, by St. Laurent and
Cook (1992) and Wei et al.(1998). Using equation (2.6) of Wei et al. (1998)
the (n x n) matrix (9y/0dy) of generalized leverage in univariate elliptical
nonlinear regression models may be expressed as

GL(0) = GLg(0) + GL4(0),

where GLg(é) may be interpreted as a contribution of 3 on the leverage
while GL4(0) is a kind of correction due ¢. In particular, for the nor-

mal case, the generalized leverage matrix GL(0) reduces to the Jacobian
leverage matrix

. 1
j=D, {DgDﬁ—[eT][DBﬁ]} D7 (5)
St. Laurent and Cook (1992) compare (5) with the tangent plane leverage
matrix H = Dﬁ(DgDﬁ)_ng’ that is the orthogonal projection matrix
onto the subspace spanned by the columns of the matrix D ;. If we use
the perturbation scheme y;,, = y; + w; and we assume ¢ fixed then C; =
‘%‘GLM, where a; = —2{Wy(u;) + 2u; W (u;)}.

4 Application

In order to illustrate an application we shall consider the data set described
in Ratkowsky (1983, Table 6.1) on the weight of the dried eye lens, Y (mg)
of the European rabbit Oryctolagus cuniculus versus the age of the animal,
X (days), a sample of 71 observations. This animal is largely distributed
in wild populations in Australia. A three-parameter model that presented
both intrinsic and parameter-effects curvatures non-significant under nor-
mal error with constant variance for logY’, shall also be considered here
under other elliptical errors. An interesting aspect of this data set that
supports the use of error distributions with heavier tails than the ones of
the normal distribution is the suspicion of two outliers under least-squares
estimation. Then, to reanalyze the data, we propose the following model:

Y;exp(a s >eé",
i+ 7y
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FIGURE 1. Envelopes and index plots of GLi; and C; for the normal (top),
Student-t with 10 df (middle) and logistic-1I (bottom), fitted on the rabbit data.

where ¢; ~ El(0,¢) are mutually independent errors. A Student-t model
with 10 degrees of freedom and a logistic-II model were also fitted to the
data. The maximum likelihood estimates do not differ much among the
three fitted models, but the approximate standard errors of the Student-t
and logistic-IT models are smaller than the ones of the normal model. Figure
1 presents some diagnostic graphics. Even though observations 16 and 17
appear as possible outliers in all the fitted models the generated envelopes
do not present any unusual features. Observations 1, 2 and 3 appear as
high leverage points in the three models. The Student-t model stands out
less observations in the index plot of C; than the logistic-II and normal
models. We can notice from these graphics that younger animals tend to
be more influential on the parameter estimates and on their own fitted
values. The dotted lines in the graphics of GL;; represent the index plot
of hy; (tangent plane leverage) which are negligible, as expected, for the
normal case, but differ for the outstanding observations in the Student-t
and logistic-II models. Elimination of the observations 16 and 17 produces
larger changes in the estimates of the normal model than in the estimates of
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the Student-t and logistic-1I models. However, elimination of the influential
and high leverage points does not change much the parameter estimates
but produces considerable changes in the approximate standard errors.

Acknowledgments: The first author received financial support from
CNPq and FAPESP, Brazil, the second author was supported by CAPES,
Brazil and the third author by FONDECY'T, Chile.

References

Cook, R.D. (1986). Assessment of local influence (with discussion). Journal
of the Royal Statistical Society, Series B, 48, 133-169.

Emerson, J.D., Hoaglin, D.C., and Kempthorne, P. J. (1984). Leverage in
least squares additive-plus-multiplicative fits for two-way tables.
Journal of the American Statistical Association, 79, 329-335.

Fang, K.T., Kotz, S., and Ng, K.W. (1990). Symmetric Multivariate and
Related Distributions. London: Chapman & Hall.

Lesaffre, E. and Verbeke, G. (1998). Local influence in linear mixed mod-
els. Biometrics, 38, 963-974.

Ratkowsky, D.A. (1983). Nonlinear Regression Modeling. New York: Mar-
cel Dekker.

St. Laurent, R.T. and Cook, R.D. (1992). Leverage and superleverage in
nonlinear regression. Journal of the American Statistical Association,
87, 985-990.

Wei, B.C., Hu, Y.Q., and Fung, W.K. (1998). Generalized leverage and its
applications. Scandinavian Journal of Statistics, 25, 25-37.



366 Local Influence and Leverage in Elliptical Nonlinear Regression Models



Self-consistent Partitioning of Functional
Data for Profiling Placebo Responders

Eva Petkova!, Thaddeus Tarpey?, and Todd Ogden!

1" Columbia University, Department of Biostatistics, 1051 Riverside Dr. Unit 48,
New York, NY 10025, USA

2 Wright State University, Department of Mathematics and Statistics, Dayton,
Ohio 45435, USA

Abstract: Identification of placebo responders among subjects treated with ac-
tive drug has significant clinical and research implications. In clinical practice
when a patient treated with medication improves, this improvement may be at-
tributed to the chemical component of the drug itself (“true drug effect”), a
“placebo effect”, or some combination of these. Determining the proper subse-
quent treatment and maintenance of the patient may be aided greatly by un-
derstanding the type of a patient’s response. This work presents a framework
for studying placebo response in diverse areas of medicine. In order to identify
placebo responders among drug treated patients, a profile of the clinical status
over time (outcome profile) is estimated for each subject. Self-consistent parti-
tioning techniques are used to group subjects based on the amount of curvature
in the profile as well as the overall trend in the profile. The resulting partitions
determine representative profiles for subjects in the drug group which can sub-
sequently be used to classify patients. The method is applied to data from a
clinical trial for treatment of depression involving placebo and the active drug
phenelzine.

Keywords: Clustering; Principal points; Self-consistent points; Specific drug
response.

1 Introduction and Background

Identifying placebo responders among drug-treated patients is an impor-
tant problem for practicing clinicians and is at the heart of numerous long
standing issues in drug research, Kahn and Brown, 2001. In psychiatry,
ill people who are treated and improve are called responders. Responders
treated with active drug may have improved due to a true drug effect or
they may have responded to non-specific aspects of the treatment, called
placebo effect. For the purposes of this paper placebo effect is defined as the
totality of effects that cannot be attributed to the active chemical compo-
nent of the drug, such as the effect of taking a pill and interacting with and
receiving attention from clinicians and nurses. True drug effect is defined
to represent the effect of the active chemical compound in the drug that is

367
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not contained in the placebo pill. Clinical decisions will be affected if pa-
tients on drugs can be identified as achieving a placebo effect or achieving
a true drug response. For example, in standard clinical practice, subjects
identified as placebo responders may not need a continued drug treatment.
In addition, such patients might require more frequent observation by the
treating clinician since they are at higher risk for relapse than patients who
experience a true drug response (Stewart et al, 1998).

In antidepressant studies, response rates among placebo-treated subjects
are substantial and can range from 25% to 40%, Kahn and Brown, 2001.
Clearly, among responders in the active treatment group there will be
placebo responders as well as true drug responders. Quitkin et al (1997)
describe certain patterns in the trajectory over time of the severity of de-
pressive symptoms of patients treated with active drug and conclude that
they are likely to correspond to placebo effects because they occur no more
often on drug than on placebo, while others might represent true drug re-
sponses.

An established view in psychiatry gives rise to a classification of subjects
treated with active drug into five non-overlapping categories presented be-
low Quitkin et al., 1997. Subjects treated with placebo can only fall only
into one of the first three categories. (A.) Non-responders: subjects who do
not improve throughout the trial. (B.) Non-responders with initial placebo
effect: subjects who temporarily improve in the beginning of the treatment
due to a non-specific effect, but deteriorate by the end of the study. (C.)
Placebo responders: subjects who respond due to the non-specific effects
of the treatment. (D) True drug responders: subjects who have a specific
effect, i.e., subjects who respond to the active chemical component of the
drug and not to any of the non-specific components of the treatment. (E.)
Mixture effect responders: subjects whose final outcome is a combination
of specific and non-specific effects; such are subjects who have an initial
improvement due to non-specific effects and then experience a true drug
effect.

The primary goal of this paper is to determine a way of identifying the
placebo responders in the drug-treated group of patients.

2 Data Description

Data from a clinical trial for the treatment of depression are analyzed.
Subjects were randomized to either the antidepressant phenelzine or to
a placebo. The outcome measure for each subject was an integer score
between 0 and 23 on the Hamilton Depression (Ham-D) scale, assessed at
baseline (week 0) and then once a week for six weeks. Higher scores on the
Ham-D indicate greater severity of depression.
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FIGURE 1. A scatterplot of the estimated average-slope coefficients and concavity
coefficients for the phenelzine (X ) and placebo (©) groups.

3 Functional Profile Modeling

The depression severity over time for each subject is modeled using a func-
tional data analysis approach Ramsay and Silverman, 1997. The Ham-D
response was modeled as a quadratic function of time plus a random er-
ror. Orthonormal basis functions are used to represent the functional data.
Thus, the model for the ith individual is

yi(t) = Boif1(t) + Brifi(t) + Baifa(t) + €i(t)

where the functions fy, f1, f2 are constant, linear and quadratic respectively
defined so that they are orthonormal over the range 0 < ¢ < 6 weeks.
Figure 1 shows a scatterplot of the 81 and (2 parameters for the active
treatment group (x) and placebo group (®).

4 Clustering Functional Data

The average-slope and concavity coefficients are used to classify individ-
uals in order to determine representative profiles for categories A - E in
the Introduction. The classification is based on identification of clusters
in the bivariate distribution of (81, (B2). Several clustering approaches are
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Phenelzine Cross Pattern

Concavity
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Average Slope

FIGURE 2. The left frame shows the k = 5 cluster means from the constrained
cross pattern with center point labeled by A, B, C, D, and E corresponding to the
five outcome profile categories. These five cluster means are plotted as parabolas
for the phenelzine group. The five curves shown here are the five representative
curves for the phenelzine group.

considered, among them the distribution-free k-means algorithm and ML
assuming normality for the joint distribution of 5, and (2. The k-means al-
gorithm which is designed to find distinct subgroups performs inefficiently,
furthermore it typically produces numerous solutions depending on initial
starting values which makes the interpretation of any single solution as the
set of representative profiles problematic, Tarpey, 1998. The ML estimators
are generally impractical to compute.

The approach taken is to classify drug treated subjects using methodology
based on principal points, Flury, 1990. and self-consistent points, Flury,
1993, which is similar in spirit to learning vector quantization and reference
point logistic classification. The set of principal points is the optimal k-
point representation of a theoretical distribution in terms of mean squared
error (MSE). Formally, a set of k points &, ..., &, are principal points for
a random vector X if

i —¢ A< i —y.l?
B min X = &%) < B(_min X — ;)

for every set of k points y;,...,y,. The optimal one-point representa-
tion of a distribution (in terms of mean squared error) is the mean which
corresponds to k = 1 principal point. Thus, principal points are simply
a generalization of the mean from one to several points which optimally
represent the distribution.

Symmetric multivariate distributions often have many different sets of self-
consistent points. Tarpey, Tarpey, 1998, showed that the principal points
(as well as other sets of self-consistent points) form symmetric patterns for
the multivariate normal and other symmetric multivariate distributions.
With the covariance configuration present in the data, a nearly optimal (in
terms of MSE) cluster point pattern for the bivariate normal distribution is
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TABLE 1. Estimated classification counts and percentages for the phenelzine and
placebo groups

Number Number
Frame Description of outcome in phenelzine in placebo
group group
A Non-Responders 10 (16.9%) 30 (63.8%)
B Non-Responders
with Initial Placebo Effect 13 (22.0%) 6 (12.8%)
C Placebo Responders 16 (27.1%) 8 (17.0%)
D True Drug Responders 10 (16.9%) 1(2.1%)
E Mixture Effect Responders 10 (16.9%) 2 (4.3%)

the cross pattern with a center point, Tarpey, 1998. An efficient alternative
to maximum likelihood is to find semiparametric estimates of self-consistent
points constrained to form symmetric pattern susing grid search.

5 Results

The cross pattern (with center point) appears to perform best in terms of
PMSE compared to other symmetric patterns and the solutions from the
k-means algorithm. Figure 2 shows the constrained cross pattern cluster
means plotted as parabolas in function space. A summary of the repre-
sentative profiles are provided in Table 1 along with the corresponding
counts (and percentages in parentheses) of subjects that fall in each of the
categories.
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1 On the Generalized Hermite Distribution

The Poisson distribution is arguably the most widely used distribution in
modeling count data. There are a variety of reasons for this, including
principles (like the law of rare events) that suggest how and why it arises
so frequently in applications as well as certain properties which facilitate
its use. One such property is its closure under addition, whereby sums of
independent Poissons are again Poisson-distributed. Another is the fact
that the sample mean is the maximum likelihood estimator of the mean of
a Poisson-distributed population.

To model departures from Poisson distribution that produce situations like
overdispersion or zero inflation it is reasonable to consider discrete distri-
butions with more than one parameter. The following result characterizes,
under very general conditions, all two-parameter count distributions so that
they are closed under addition and their maximum likelihood estimator of
the population mean is the sample mean (Puig, 2003):

Theorem 1: Given a count variate X that can be parameterized by its
mean 4 and variance o2, with a pgf continuous in y and o2, closed under
convolutions so that the maximum likelihood estimator of p is the sample
mean. Then the distribution of X is the same as n1Y; + nyYs, where Y;
are two independent Poisson variates with means (ung —o2)/(n1(n2 —n1))
and (02 — pn1)/(n2(ng — n1)) respectively, where n; and no are positive
integers, n; < na.

373
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From the practical point of view, not all distributions characterized by
this theorem are useful. If n; > 1 then some positive integers can never
occur. For instance, if n; = 2 and ne = 5, then the values 1 and 3 have a
probability equal to 0. For this reason we only consider the situation where
n1 = 1 and ny = n and it corresponds to a family of distributions known
as Generalized Hermite distribution (Gupta and Jain, 1974). When n = 2
this is known as Hermite distribution, which was introduced by Kemp and
Kemp (1965, 1966).

By using this family of distributions we have analyzed the daily death
registers for men and women aged 95 years and over in the Comunidad
Autnoma de Madrid during 1995 (source from the Centre d’Estudis De-
mogrfics). Some properties of these data sets justify to use a two parameter
count distribution closed under addition (see Puig, 2003).

2 Zero Inflation and Overdispersion

Definition: Let X denote a non-negative integer random variable (count
variable) such that its mean is p and its proportion of zeroes is pg. The
zero inflation index of X is, zi(X) = 1 + log(po)/p-

Notice that zi(X)=0 if X is Poisson distributed and zi(X) > 0 if X is 'zero
inflated’, that is, its proportion of zeroes is greater than the proportion of
zeroes of a Poisson variate having the same mean.

Many of the random variables used to modelize count data are zero inflated
and overdispersed. For instance, it happens for any mixture of Poisson dis-
tributions. Moreover, for two parameter count models that can be para-
meterized by their mean p and dispersion index d = V(X)/pu, often their
zero inflation index is a function that only depends of d. Table 1 shows the
log-pgf (log-probability generating function) and these functional relations
for some of the most frequently employed count distributions.

Notice that all these distributions are closed under addition, if the parame-
ter d is fixed for all the independent variates that are summed. Moreover,
their maximum likelihood estimator of p is also the sample mean.

The following result clarifies the importance of the relation between zero
inflation and dispersion indexes:

Theorem 2: Let X be a count variate that can be parametrized by its mean
w and dispersion index d, with a pgf continuous in ¢ and twice differentiable
with continuity in d. Suppose that X is closed under convolutions when d
is fixed and the maximum likelihood estimator of p is the sample mean.
Then zi(X) = f(d), for some appropriate real valued function f(.), and
this function characterizes X.

The proof is based on the paper of Sprott (1983).
This theorem can be applied in exploratory data analysis in order to choose
and appropriate count data model, when the researcher analyzes several



Puig and Valero 375

TABLE 1. Relation between zero-inflation and dispersion indexes for some
discrete distributions parameterized by p and d (Neg.Bin.=Negative Binomial,
P.I.G.=Poisson-Inverse Gaussian).

Name log-pgf ZI-index
Neg. Bin. —5log(l — (d—1)(t - 1)) 1+ %
Neyman A ﬁ(e(dfl)(tfl) -1) el’jj{172
Polya-Aeppli % 1- 2%
Hermite p((d—=1D)2—=1)/2+ (2 —d)(t—1)) a1
PLG. a0 VI 2 DE-1) T

TABLE 2. Siz frequency distributions of automobile insurance claims.

No. of claims

Data set 0 1 2 3 4 5 6 7
1 103704 14075 1766 255 45 6 2
2 370412 46545 3935 317 28 3
3 7840 1317 239 42 14 4 4 1
4 3719 232 38 7 3 1
5 96978 9240 704 43 9
6 20592 2651 297 41 7 0 1

samples coming from similar experiments and the observed proportion of
zeroes is high. This is the situation for the examples that we have studied.
For instance, the counts of microarthropods in several samples of forest
soil, or the counts of chromosomic abnormalities in 5000 cells when they are
bombed with different doses of radiation (source 'Departament de Biologia
Animal, de Biologia Vegetal i d’Ecologia, UAB’).

Theorem 2 suggests a simple way that can help us to decide which count
distribution can be used to fit the overall data sets. The method is to draw
scatter-plots with the estimated values of zi(X) and d, and compare the
observed profiles with the theoretical profiles of some count distributions
like those showed in Table 1.

Theorem 2 also lets to construct new two parameter count distributions
for a given relation zi(X) = f(d). The following example illustrates these
procedures.

2.1 An Example: Automobile Claim Data Sets.

Gossiaux and Lemaire (1981) analyzed six data sets giving the number of
automobile insurance claims per policy over a fixed period of time. These
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FIGURE 1. Rescaled zi index versus d for some count distributions.

data sets are shown in Table 2.

Poisson distribution is not adequate to fit these data sets because there are
overdispersion. The Negative Binomial distribution improves the fits but G.
E. Willmot (1987) remarks that the Poisson-Inverse Gaussian distribution
works better.

Figure 1 shows the plots of the re-scaled zero-inflation index zi with respect
to disperson index d for several of the count data distributions mentioned
above. The sample values corresponding to the six data sets are also plotted.
The plots show that the choice of the Poisson-Inverse Gaussian distribution
is more adequate than the choice of the Hermite, Neyman A, Polya-Aeppli
or Negative Binomial. However we can consider a new distribution with a

log-pgf of the form p(1 — 3) 17(17(d752;t711))/(17’3))6, with g =2/3.

Notice in Figure 1 how the performance of this new distribution is better
than those obtained by using the Poisson-Inverse Gaussian.

The results of this graphical exploratory analysis coincide with the results of
a goodness of fit chi-squared based analysis. Table 3 shows the chi-squared
goodness of fit tests statistics with their corresponding p-values for the
B = 2/3, Poisson-Inverse Gaussian and Negative Binomial distribution.
Observe that the S = 2/3 distribution provides p-values higher than
Poisson-Inverse Gaussian, for 4 of the data sets and for the overall. It
is clear that the Negative Binomial distribution provides poor fits.
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TABLE 3. Chi-squared goodness of fit test statistics for the six data sets. The
values in brackets are the p-values.

Data set
Distrib. 1 2 3 4 5 6 Overall
8=2/3 3.675 0.455 2.816 2.178 5.635 0.226  14.983
(.299) (.929) (.421) (.536) (.131) (.973) (.663)
PIG. 0.601 3.393 5.256 0.594 6.505 0.760 17.109
(.896) (.335) (.154) (.898) (.089) (.859) (.516)
Neg. Bin. 14.104 9916 18.524 1.408 9.272 3.887 57.111
(.003) (.019) (.000) (.704) (.026) (.274) (.000)
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1 Introduction

The relation among several autoregressions can be modeled with the vector
autoregression

Ti=c+Prxi_1 + Poxy_o+ ...+ Prari_p + e (1)
of order k, VAR(k), where x4, x;_1, . . ., ¢1—j are n-dimensional vectors with
the corresponding coefficient vectors ®1, ®s, ..., Py, ¢ is the constant and

e is the error vector, which is assumed IID. If the covariance matrix, H, of
et is not diagonal, the set of linear equations (1) corresponds to a system
of seemingly unrelated regressions (Zellner, 1962) and in H are hidden the
relations among the components of x;. To highlight such relations we can
represent the canonical VAR(k) in (1) in its structural form (SVAR) (Sims,
1986):

Opxt =d+0O124_1 +Oo0xi_o+ ... +Orwi_1 + us (2)

where ©; = ©g®; fori=0,...,k, d = Ogc and u; = Oge; with covariance
matrix OgHO{, = D, which is diagonal.

If there are no zeros in the coefficient vectors, the SVAR is saturated but
in many cases some lagged variables on the RHS in (2) do not play any
role in explaining the current variables, x;. In this case the value of the
corresponding coefficient is zero and hence the SVAR is sparse.

In this paper we will identify sparse structures for vector autoregression by
using graphical modeling and the final directed acyclic graph (DAG) will
point at possible causal interpretations.

An examination of the covariance matrix of the variables involved, both
current and lagged, can assist in identifying the sparse structure by the

379
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FIGURE 1. Moralization of a directed acyclic graph.

computation of the partial correlations using the inverse variance lemma
(Whittaker, 1990, pp. 142-143). The significance of the partial correlations
of model (2) can be tested using the appropriate sampling properties (Reale
and Tunnicliffe Wilson, 2001 and 2002). In this way we obtain a conditional
independence graph (CIG). The model (2) may be represented by a DAG
in which the components of x;, 21, ..., £;—, form the nodes, and causal
dependence is indicated by arrows linking nodes.

Although the DAG and the CIG represent a different definition of the joint
probability, there is a correspondence between these two graphs which is
embodied by the moralization rule: because of this result we can obtain
the CIG from the DAG by transforming the arrows into lines and linking
unlinked parents. As a matter of example consider the graph in Figure 1:
A and B are the parents of C. The moralization of the DAG on the left is
obtained by transforming the existing arrows into edges and by adding and
edge which links the parents. We define this kind of edges as moral edges.
While the CIG represents the associations among the variables either in
terms of conditional dependence or simply in terms of partial correlation, if
the joint distribution is not Gaussian, the DAG has a natural interpretation
in terms of causality. As it is not the aim of this paper to get involved in
the philosophical debate around the definition of causality, we simply refer
to a recent book by Pearl (2002).

The DAG is very attractive because of its causal interpretation but all
we can observe in practice is the the CIG obtained by the sample partial
correlation. So actually we need to perform the inverse operation of the
moralization, we call it demoralization. Unfortunately while the transfor-
mation of a DAG into a CIG is unique, there are several DAG’s which
can give the same CIG. As an example consider the CIG on the right end
side in figure 1: it could result from the moralization of all the DAG’s in
Figure 2. So we need to identify the moral links and remove them and to
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FIGURE 2. Possible directed acyclic graph.

do that we need to use all the knowledge we have about the relationships
among the random variables in the system.

In the time series context the nature of the model is that all arrows end in
nodes representing the contemporaneous variables on the left hand side of
(2). Some arrows will start from the past, and some from other contempo-
raneous variables.

The coefficients are estimated by single equation ordinary least squares
(OLS) regression. This is fully efficient under our working assumption,
that the vector series is Gaussian. Our methods are also applicable, and
the properties of the estimates given by the regression are reliable, under
wider conditions, such as e; being I.1.D., presented for example in Anderson
(1971).

2 The Inflation Transmission

As a matter of example we apply our methodology to the inflation trans-
mission between Italy (a), Germany (b), France (c¢) and the US (d) in the
period January 1988 - December 2001.

We first identified a VAR of order 16 using the corrected Akaike information
criterion and then used the inverse variance lemma to compute the partial
correlation matrix for the variables a(t), b(¢), c(¢),d(t),...,a(t — 16),b(t —
16), c(t — 16),d(t — 16). We then test the significance of the partial corre-
lation. As anticipated before we have a problem as we are testing several
partial correlation simultaneously with a significant probability of making
type I or type II errors. We use the strategy of testing using different levels
of probability so we get a better feeling of the different significance.

In our specific case considered two levels of probability: 99% (bold lines)
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FIGURE 4. Possible DAGSs for current variables.

and 95% (thin lines). The corresponding conditional independence graph
is presented in Figure 3.

We then consider the possible DAG’s for the current variables (see Figure 4)
and apply subset regression in order to cancel moral links and derive the
complete DAG’s.

We eventually present the main alternative models and compare them using
appropriate likelihood based methods similar to the AIC.
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Abstract: The power of a backwards elimination model selection procedure is
investigated for graphical log-linear models, with all variables binary. Asymptotic
normal approximations are presented. Power calculations are illustrated using
data on university admissions.
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1 Introduction

We investigate the power of a backwards elimination model selection pro-
cedure for graphical log-linear models (GLL) with two or three binary vari-
ables. We illustrate how to estimate power of single edge exclusion tests
using asymptotic normal approximations. In Section 2 we review edge ex-
clusion tests. In Section 3 we present normal approximations to the distri-
butions of the likelihood ratio test statistic for single edge exclusion, under
the alternative hypothesis that the saturated model holds. Results are used
to approximate the power of the model selection procedure. Conclusions
from a simulation study, to assess the quality of such approximations, are
given. In Section 4 we illustrate power calculations using data on university
admissions.

2 Edge Exclusion in Graphical Log-Linear Models

Graphical log-linear models are a subclass of hierarchical log-linear models,
specified by setting a set of two-factor interaction terms \;; (and hence their
higher-order relatives) to zero. The parameters of the GLL model are the
remaining terms not set to zero. Such models can be interpreted solely
in terms of conditional independence. Testing the null hypothesis that A;;
and all higher-order interaction terms including it are zero is equivalent to
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testing for conditional independence between the two corresponding factors
X, and X, given the remaining ones. For details see Whittaker (1990).

Let Xi,...,X, be binary variables, here coded 0 and 1, and let mq(zq)
denote the marginal probability of X; = x; : ¢ € a. The total sample size
equals ng. Cell probabilities are assumed strictly positive, i.e., no structural
zeros are allowed. Odds ratios are a commonly used measure of association
in a contingency table. Let 1;; denote the marginal odds ratio between X;
and X, (with ¢ and j from 1 to p and i # j) and ;5.5 denote the conditional
odds ratios, given a third binary variable X;. A hat indicates a maximum
likelihood estimator (m.l.e.).

Backwards elimination is a commonly used method for selecting a GLL
model. The strategy is to start with the saturated model and test all the
pairwise conditional independence statements, using test statistics for sin-
gle edge exclusion. The likelihood ratio test (LRT) is the most commonly
used test; alternatives include the Wald and the efficient score tests. Under
the null hypothesis, each test statistic is asymptotically chi-squared dis-
tributed. In the two variables case signed square-root versions of the test
statistics can also be used. Under the null, these are asymptotically stan-
dard normal distributed. The test statistics for single edge exclusion from
a saturated GLL model are functions of many parameters (representing all
higher order interaction terms), the number of parameters depending on
the number of variables being considered. Hence, in general, the p variables
case is complicated. For binary variables, Salgueiro (2002) presented closed
form expressions for the test statistics, for p = 2 and 3, as a function of cell
probabilities. Below only the non-signed version of the LRT statistics are
considered.

In the two binary variables case Hy : \j2 = 0 < 912 = 1 and the LRT
statistic for the exclusion of edge (1,2) from the saturated GLL model is

7 T12(x1, 2)
Liz = 2ny 7r12(x1, x2) log {f] . (1)
3«‘173:226{0,1} {71(z1) Fra(z2)}

With three binary variables, the LRT statistic for excluding edge (4, j) from
the saturated GLL model (i # j, from 1 to 3), with Ho : Ajj = A\ijk =0 <

Yijk=0 = Yij =1 = 1, is

L = 2n ik (T, x5, xr) log —
i 0 Z iJ ( RESE ) ﬂik(xi7xk)7rjk($j7xk)

zi,25,2,€{0,1}

{mjk(fﬂm%fﬂk)ﬁ’“(x’“) } (2)

3 Power of Single Edge Exclusion Tests

The test statistics for single edge exclusion from the saturated GLL model
presented in Section 2 can be written as a function of the A-terms of the



Salgueiro et al 387

log-linear expansion. Let 6 = vec(\) be the vector of parameters of interest.
Its m.l.e., based on ny observations, is 6 = vec(j\) and has an asymptotic
normal distribution with mean 6 and variance given by the inverse of the
information matrix.

Salgueiro(2002) used the delta method to derive asymptotic normal approx-
imations to the distributions of the test statistics for single edge exclusion
from the saturated GLL model, under the alternative that the saturated
model holds. As a result, L;; is asymptotically normal distributed. For
p = 2 and 3, respectively, the mean AE[L;;] is given by (1) and (2), with
estimators replaced by parameters, and the variance var(L;;) by

1
var(L = 4n mi2(x1,x log? M — — (AE|[L 2,
(L12) 0 . z;O " 12(w1, w2)log (m(ml) ma(x2) ng (AE[Lr])

var(Ly;) = 4ng Z i (@i, ) log? (Wijk($i7$j7$k)ﬂk($k))

wiayane 0,1} ﬂ'ik(xi:xk) ij(xjymk)

1
ng

(AE[Ly;))*.

For p = 3,
cov(Lij, Lir) = — = (AE[Li;]) (AE[Lik]) + 4 ng

Z |:7Tijk($i7$j7xk)log (Wijk(wiywmk)m(%)) log (Wijk(%%ﬁk)ﬁj(%))]

ik (i, T )ik (T4, Th) mij (i, 25)Trg (Tk, T5)

Simulation results show the proposed approximations hold for large sample
sizes and odds ratio values not close to independence.

The asymptotic normal approximations presented above can be used to
estimate the power of a backwards elimination model selection procedure
for selecting the saturated GLL model. In this context we define power of
a model selection procedure as the probability of selecting the true model
given the specified true model parameters. In the cross-tabulation of three
binary variables there are eight cell probabilities that add up to one. Hence,
the parameter space is seven dimensional. In the two binary variables case
the parameter space has dimension three. Let £ denote the vector of the
chosen parameters, either cell probabilities or combinations of conditional
odds ratios and marginal probabilities that uniquely define the contingency
table under analysis, depending on the information available. The power of
a size a LRT for excluding edge (1,2) from the saturated GLL model with
two binary variables can be estimated as

X%;lfa - AE[LIQ]

var(L12)

PlLiy>xl_o | =P |Z>

where Z ~ N (0,1) and X%;ka is the upper a quantile of a chi-squared
distribution on one degree of freedom.
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In the three binary variables case there are three LRT statistics (L12, L13
and Log) for single edge exclusion from the saturated GLL model. The
power of selecting the saturated model is the probability that each of these
test statistics is greater than Xg;l_a, given the values of the chosen para-
meters in £. Power can be approximated with a three-dimensional integral:

P [min(L12, L13, L23) > X%;pa €] é/ ¢3 (i, X) dL12 dL13 dLos,
D

where D = {x3.;_,,00}* and ¢3(u, X) is a trivariate normal density with
mean vector p and variance matrix ¥, whose elements are given by the
formulae for means, variances and covariances, presented above.
Simulation results were also used to estimate power and to assess the quality
of the normal approximations proposed. The main conclusions are that
the probability of selecting the saturated model is very sensitive to the
total sample size, to the values of the (conditional) odds ratios and to
the balance of the contingency tables. The normal approximations to the
power of the non signed LRT statistic perform well for large sample sizes
and (conditional) odds ratio values not close to one.

4 An Example: University Admissions

Data on graduate admissions to the University of California at Berkeley
in 1973, presented by Agresti (2002, page 63), are used to illustrate power
calculations. In particular, the associations between admission (A: y or
n), gender (G: m or f) and department (D: 3 or 4) is investigated. For
these data, ’K&GA = 1.02 and, conditioning on D, ’(;GA.D=3 = 1.13 and
VYea.p_a = 0.92. For ng = 1710, the LRT statistic for Hy : GILA|D is
1.05, with a p-value of 0.59, and a backwards elimination model selection
procedure chooses model GD, A (a = 0.05). Hence, there is no evidence of
gender discrimination in the admission process for departments 3 and 4.
To investigate the power associated with this LRT and this model selection
procedure, values of 1&@ A.p=3 and 1&@ A. D=4 more extreme than the observed
are considered. The five remaining parameters in £ are selected to be the
marginal probability of D = 3, mp(3), the probabilities of G = m given
D =d, ng.p(m,d), and the probabilities of A =y given D = d, m4.p(y, d).
These five parameters are set close to their observed values: mp(3) = 0.54,
7wg.p(m,3) = 0.35, m7g.p(m,4) = 0.53 and 74.p(y,3) = Ta.p(y,4) = 0.35.
For the LRT of Hy : GALA|D, the power is greater than 0.62 (0.88) if one
(both) @GA.ng and @GA.D:4 is (are) outside (0.67,1.50). Hence, a sample
of 1710 has enough power to detect a substantively interesting (conditional)
association between G and A. For the power of selecting the saturated
model the picture is less clear, as can be seen from Table 1. If one of the
conditional odds ratios is less than 0.67 and the other is greater than 1.50
then the power is greater than 0.87. However, if they are both less than
0.67 or both greater than 1.50 then the power can be much lower. This is
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TABLE 1. Power of selecting the saturated model for various values of @GA.ng
(in rows) and Ppaa.p=4 (in columns); ng = 1710.

0.25 033 050 0.67 090 110 150 200 3.00 4.00
025 045 049 082 096 099 099 099 099 1.00 1.00
0.33 050 026 049 081 096 099 099 099 099 1.00
0.50 0.83 0.50 0.03 0.16 064 08 098 099 099 0.99
0.67 096 0.82 0.16 0.00 010 045 087 098 0.99 0.99
0.90 099 096 065 0.10 0.00 0.00 047 086 0.99 0.99
1.10 099 099 086 046 0.00 0.00 0.11 0.66 0.97 0.99
1.50 099 099 098 0.88 0.48 0.12 0.00 0.17 0.82 0.96
2.00 099 099 099 098 087 068 0.18 0.03 0.50 0.85
3.00 1.00 0.99 099 099 099 097 083 052 029 0.54
4.00 1.00 1.00 099 099 099 099 097 086 056 0.51

because for such values of zﬁg 4.p and the remaining values of £ set close to
their observed values, the induced conditional association between A and
D is small and hence the corresponding edge is not required in the model.
The results in Table 1 highlight the need for care when specifying the values
in £ to ensure that power calculations relevant to the hypotheses of interest
are being performed.

5 Conclusions

Presented in this paper are methods for estimating the power of single edge
exclusion tests and a backwards elimination model selection procedure for a
GLL model with two or three binary variables. The methodology presented
in this paper can be used for GLL models with four or more binary vari-
ables. However, there is currently no straightforward way of generalising
the formulae presented, due to the difficulty of handling the parameterisa-
tion. In contrast, in the graphical Gaussian framework generalisations are
straightforward, as shown by Salgueiro, Smith and McDonald (2003).
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Abstract: Web personalization has become an important part of e-commerce.
In this paper a solution to the problem of identification of dense clusters in the
analysis of Web Access Logs is presented by considering a modification of an
algorithm known from social network analysis. The procedure is illustrated by
analyzing a portal for children.
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1 Introduction

The general availability of an ever increasing amount of data coming from
the World Wide Web (WWW) is a reality now. Companies which provide
their products through the Internet require tools to study and profile their
customers in terms of browsing behaviour and personal information. Their
aim is gathering useful information and building up business intelligence
for the improvement of their web sites and systems (see e.g. Mobasher et.
al. (2000), Srivastava et. al. (2000)).

Web Mining is the extraction of interesting and potentially useful patterns
and implicit information from artefacts or activity related to the WWW.
There are roughly three knowledge discovery domains that pertain to Web
Mining: Web Content Mining, Web Structure Mining and Web Usage Min-
ing. The first is the process of extracting knowledge from the content of
documents or their descriptions. The second is the process of inferring
knowledge from the web organisation and from links between references
and referents in the web. The last, also known as Web Log Mining, is the
process of extracting interesting patterns in web access logs.

Let us consider a finite set of units (the I.P. addresses) on which one re-
lational variable has been measured (having visited at least m pages in
common); this forms a network N (set of units and relation(s) defined over
it) (see Wasserman et al (1994)).

391
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In order to analyze such a network one might consider the results developed
in two classical social network theories: the small-world theory (Kochenet
et al (1989)) and the peer influence theory (Friedkin (1998)). The first gives
evidence that there is a high degree of local clustering in the networks; so
an approach for studying the structure of large networks would involve the
identification of local clusters and the analysis of the relations within and
between clusters. The second theory indicates that, based on an endogenous
influence process, close units tend to converge on similar attitudes and
thus clusters in a small-world network should be similar along multiple
dimensions.

In this paper we present a solution to the problem of identification of dense
clusters in the analysis of web access logs, by considering a modification
of an algorithm known from social network analysis (see Moody (2001)).
The advantage of this approach is a reduced and more flexible structure
on which different techniques such as deterministic or stochastic block-
modelling , that is a structure which allows us to describe and to interpret
a dataset through a block structure. In that way a simplified representation
of the existing ties and relations can be obtained (see Schoier (2002)).
Moreover a distinctive structure for the degree of similarity within and
between clusters is yielded.

2 On the Individualization of Dense Clusters

We exemplify our approach on the log files of the Italian web site
www.girotondo.com, a portal for children. There are seven different
sessions named Bacheca, Corso, Favolando, Giochi, Links, News, Per-
come, comprising 362 jhtml pages. The period of observation is from the
29/11/2000 to the 18/01/2001. The original file contained 300000 records.
Records of log files containing information about any object (with .gif,
.jpeg., etc. extension) that is not its internet address are eliminated. In
this way we obtain a file indicating the internet address of each visited
page. We then proceed with a re-codification of the web pages by trans-
forming their URLSs into numbers for easier handling (results in 117 pages).
After pre-processing we end up with a file of 10000 records.

The data considered consist of a finite set V of units or vertices (the L.P.
addresses) on which one relational variable R (having visited at least m =
35 pages in common) is measured. This forms a network N (set of units
and relation(s) defined over it).

The network may be represented as a finite graph G(V,R) where V repre-
sents the set of vertices and R the set of edges composed of pairs of vertices,
an actor 4 is adjacent to actor j if (v;,v;) € R? . The set of all nodes adja-
cent to node 7 is the unit’s neighbourhood. A path in the network is defined
as an alternating sequence of distinct nodes and edges which begin and end
with nodes and in which each edge is incident with its preceding and fol-
lowing nodes. Vertex ¢ can reach vertex j if there is a path in the graph
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starting with ¢ and ending with j. The length of the path from 7 to j is
given by the number of edges in the path. A network is connected if there
is a path of connections between all the pairs of vertices. When the ties
are concentrated within subgraphs (that is a graph of which graph vertices
and graph edges form subsets of the graph vertices and graph edges of the
given graph G) the network is clustered. The level of clustering relates to
the fact how uniformly the ties are distributed throughout the network.

A large network requires to individualize local clusters first and then to
analyze the internal structures of the clusters or the relations among these
clusters. This is exactly what we do in this paper.

Considering our Web data we have a matrix X (10000 x 117) which repre-
sents one 2-mode network (users x pages). We refer to Table 1.

A 1-mode network (users x users) can be obtained via the free program
UCINET (Borgatti et al, 1999). The result can be seen in Table 2. The
thus obtained matrix has been transformed into a dichotomous matrix of
elements 1 denoting cases where the number of visited pages in common
exceeds the number 35, and 0 otherwise. This refers to Table 3.

At this point the network is reduced to a set of two position variables col-
lected in the matrix Y (10000 x 2) using a modified version of the recursive
neighbourhood mean algorithm (RNM) proposed by Moody (2001) written
in SAS language, the modification consists in the calculation of the mean
which is weighting (see step 3). It can be described as follows:

The algorithm of the modified version of RNM is

1. Assign to each I.P. address in the network an uniform random number
between 0 and 1 on each of two variables Y

2. Repeat n times

3. Reset each I.P. address value in Y by weighting according to the
number of connections (i.e. the number of shared pages viewed by
two users)

This procedure requires in the input, the list of adjacencies, that is the
couples of vertices among which exists a relation. See Table 4 At this point
the RNM algorithm has been applied. The output of the RNM algorithm
is the Y matrix, displayed in Table 5.

Finally the matrix Y is used as input for the cluster analysis. On the two
positional variables which formed the Y matrix Ward’s minimum variance
cluster analysis is carried out. In such a way we obtain a clear clustering
that reveals a structure of three clusters (see Moody, 2001, p.268) for the
choice of the number of clusters) among the units belonging to the net-
work. These clusters can be used in a faster cluster analysis programs (e.g.
Wasserman and Faust, 1994) where techniques like blockmodelling may be
applied.
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TABLE 1. Log files matrix.

I.P. address PAG.1 PAG. 2

138.222.202.11 1 0
151.15.169.130 1 0
151.2.15.154 0 0

TABLE 2. Matriz with the common pages.

I.P. address 151.20.111.0 151.20.143.184

151.20.111.0 - 37
151.20.143.184 37 -
151.20.9.10 37 37

TABLE 3. Adjacency matriz.

I.P. address 151.20.111.0 151.20.143.184

151.20.111.0 - 1
151.20.143.184 1 -
151.20.9.10 1 1

The first cluster, the most numerous one, is formed by the I.P. addresses
which have a high frequency of relations, the second one by the I.P. ad-
dresses which are not so highly related, and finally the last one representing
very few relations. In order to visualize the network the program PAJEK
(Batagelj and Mrvar, 2002) has been applied.

3 Conclusions

In this paper we have presented a solution to the problem of identification
of dense clusters in the analysis of web access logs, by considering a modi-
fication of an algorithm known from social network analysis. Following the
cluster analysis eventually block-modelling techniques can be applied. In
doing so we have obtained an useful tool to study and profile customers in
terms of their browsing behaviour and personal information. This allows
us to built up useful business intelligence for the improvement of web sites
and the development of systems when data sets are large or even huge.
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TABLE 4. Input of the RNM procedure.

vertices vertices

1 3
1 4
1 5)

TABLE 5. Output of the RNM procedure.

L.P. address values of the Y matrix
151.20.111.0 0.48816 0.42557
151.20.143.184  0.48815 0.42557
151.20.9.10 0.48815 0.42557
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and optimization of found regularities system are discussed.
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1 Introduction

Suppose that we study dependence of some variable { on regressor vari-
ables X1, ..., X, and our goal is to receive full and valid description of this
dependence by related empirical data set. Let vector of regressor variables
belongs to some subregion M, of the multidimensional space R™. The vari-
ous types of dependent variable are admissible. So ( may be binary variable
that is indicator of some class of objects, ( may be vector of continuous
variables and at last ¢ may be survival curve. We consider that dependent
variable satisfies two conditions. The first one is existence of procedure cal-
culating estimates of ( mean by related data sets. The estimate of { by
data set S will be referred to as ¢ (5’ ). For example ¢ (5’ ) is the arithmetic
mean by all values from S in simple case when ¢ is number or f (S' ) may be
Kaplan-Mayer estimate in case when ( is survival curve. Let{A belongs to
some set M¢ . The second condition is existence of distance function p that
is defined at Cartesian product M¢ @ M and has following properties:

a)p({',¢7) =0, b)p(', (") = p((,¢), )p({,¢) = 0V, ¢ € M.

2 Multistage Dichotomies

Suppose that we use the empirical data set So = {s1 = ((1,X1), ., Sm =
(Cm,Xm)} where x; € M, and (; is the part of object s; that is used
to calculate the estimate of (. For example in case of survival analysis

397



398 Multistage Partitioning

¢j = (aj,t;) where t; is the time of the last observation and «; indicates
if object exists at the time moment ¢;. We search the optimal description
of dependence as the set Q of subregions from M, that has the follow-
ing property. Let ¢ € Q then it has such neighbor subregion ¢’ that the
difference [M(C | ¢) — M(C | ¢')| is large enough to be discovered by Sp.
To construct the optimal set Q we suggest to use multistage partitioning
technique. At the first stage the set of optimal dichotomic partitions of M,
is constructed by different independent variables and pairs of variables us-
ing families of partitions of different complexity levels. Then the statistical
validity of the found dichotomies is evaluated and the first stage output
set consisting of I; dichotomies is formed: Q; = {(Q1, Q%), ..., (Quy, Q7))
where @; U Q5. At the second step optimal dichotomic partitions of sub-
regions {Q1,Qf, ..., Q1,, Qf }are constructed by correspondent subsets of
So : {Qi1n So, QN So, .., Qi N So, Qi N 5’0} The construction is finished

at the k" step when output set of statistically valid dichotomies is empty.

3 Partitions Families

The partition family is defined as the set of partitions with the limited
number of elements that are constructed by the same algorithm. The unidi-
mensional and two-dimensional families are considered. The unidimensional
families includes partitions of the allowable intervals of single variables.
The simplest Family I includes all partitions with two elements (subre-
gions) that are divided by one boundary point. The more complex Family
IT includes all partitions with no more than three elements that are divided
by two boundary points. The two-dimensional families include partitions
of two-dimensional allowable areas of pairs of variables. The simplest two-
dimensional Family III includes all partitions with no more than four ele-
ments that are divided by one boundary point at each axis. At last the most
complex Family IV includes no more than nine elements that are divided by
no more than two boundary points at each axis. The use of partitions fam-
ilies with several levels of complexity has the following explanation. Some
more complicated regularities cannot be discovered with the help of simple
partitions. On the other hand the use of complex partitions families when
regularities are actually simple leads to distortions of boundary points and
to decrease of statistical validity due to overfitting effects. The use of more
complicated models from families II-IV leads to arising of great variety
of statistically valid regularities that actually are induced by more simple
ones. We suggest to eliminate superfluous regularities by eliminating from
output set models that are reduced to several more simple dichotomies and
at least one of these dichotomies has the same or greater level of statistical
validity.
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4 Optimal Dichotomic Partitions

An optimal dichotomic partition may be constructed by single variable
using unidimensional partitions families or by pair of variables using
2-dimensional partitions families. Suppose that some partition R con-
T
sists of subregions ¢i,...,q, where |J ¢. = M,. The partition induces
i=1
the partition of data set on subsets 5’1,...,5), where subset S;includes
all objects from S, with the vector of independent variables belong-
ing to g; . The value of partition quality functional for is calculated as
F(So, R) = max;eq1,...»11p[C(Si), (So)|}, where m; =| S; |. Suppose that
the maximal value of partition quality functional is achieved on partition
Ro ={q,...,q} and index i equal ig. Then the optimal dichotomic parti-
tion of subregion M, is formed as pair of subregions {q) , M, \ ¢} } .

5 Validation

The main problem in discussed partitioning technique is statistical valida-
tion of discovered regularities. The simple solution exists when the initial
data set is large enough to form besides training set Sy also the control
set S,. You can find the optimal partition by Sy and to estimate statistical
validity using S, with the help of standard statistical tests. But we cannot
use the same data set for the search of optimal partitions and for the es-
timation of statistical validity. So in case of relatively small size of initial
data set we suggest to use the technique based on permutations to test
the null hypothesis Hy about independence of { on variables Xi, ..., X,,.
The probability that the data set may casually arise when Hy is true with
the quality functional meaning at optimal partition exceeding such optimal
functional meaning for true data set may be used as the measure of statis-
tical validity (p-value) of regularity discovered by . Let f = {f1,..., fm} is
permutation of numbers from the set {1,...,m}. The artificial training set
may be constructed from Sy as Sy = {s1 = (C,,X1) -5m = (CfpryXm)}
In case when Hj is true and objects to data sets are selected from the
same distribution and independently the probability of Sy coincides with
the probability of S . So to estimate the p-value it is sufficient to calculate
the ratio of permutations that allow receiving optimal quality functional
value exceeding optimal value at Sy to the full number of permutations.

6 Realization

The main drawback of suggested approach is too great amount of calcu-
lating that is necessary to find all optimal partitions and to estimate their
statistical validity especially when permutation test is used. Experiments
have shown that the variant of discussed approach based on interactive
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mode may be successfully implemented even at common PC with the Pen-
tium type single processor. Such realization of the approach includes the
search of all optimal dichotomies using partitions families I-III. The user
selects the most interesting dichotomies from the found set and estimates
their statistical validity with the help of permutation test or some other
technique if such possibility exists. Significantly more complete version of
the approach is realized at the parallel system. The use of parallel com-
puting allows to find all dichotomies using partitions families I-IV together
with evaluation of their statistical validity.As it was noted previously in
section Partitions families the use of complicated models leads to aris-
ing to too great number of revealed regularities. The following approach
to eliminating of superfluous regularities was suggested. The significance
levels of complicated models from families II-IV are compared with signifi-
cance of more simple regularities that are found for the same variables. We
consider that regularity is reduced to more simple one and exclude it from
the output list if its significance level is worse than significance of at least
one simple regularity.

7 Experiments

The developed approach was successfully used in several tasks of med-
ical data analysis (Senko et al, 2001). However the correct evaluation of
its effectiveness is possible in case when true probability distributions
are known. So the Monte-Carlo simulation was used to test the perfor-
mance of optimal partitioning technique. We consider the scenario when
dependent variable ¢ belongs to the set {0,1} with equal probabilities of
0 and 1. Regressor variables X1, ..., X,, are independent and are distrib-
uted uniformly at cut [0,1], when ¢ = 1. In case when ¢ = 0 some of
regressor variables are distributed uniformly inside subregions of multi-
dimensional cube [0,1]™ that can be described by dichotomic partitions
from models I-III. The 10 artificial data sets with m = 100 observations
n = 10 regressor variables were received subsequently with the help of the
same random numbers generator.Variables X; — Xg were mutually inde-
pendent. Besides variables X7 — X5 were distributed uniformly at cut[0,1]
for both values of (. So ¢ did not depend on variables from this group.
Probability distributions of variables Xg and X7 were described by uni-
dimensional models with one boundary point corresponding to family I:
P(Xs € [0,0.5] | ¢ = 0) = 0.95, P(Xg € (0.5,1.0] | ¢ = 0) = 0.05,
P(Xs € [0,0.3] | ¢ = 0) = 0.7, P(Xg € (0.3,1.0] | ¢ = 0) = 0.3.
Probability distribution of variables Xg were described by unidimensional
model with two boundary points: P(Xg € [0.3,0.7] | ¢ = 0) = 0.75,
P(Xs < 03V Xs > 07| ¢ = 0) = 0.25. Joint distribution of vari-
ables X9 and X719 was described by 2-dimensional model with one bound-
ary points for each variable: P(Xg < 0.4&X;0 < 0.7 | ¢ = 0) = 0.6,
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P(Xo > 04V X190 > 0.7 ] ¢ = 0) = 0.4. The statistical validity of re-
vealed regularities was evaluated with the help of permutation test that is
described in section Validation. Only regularities with validity estimated
at the significance level p < 0.01 were considered. The unidimensional one
boundary regularity related to variable X was revealed by selection of opti-
mal model from family I for all 10 generated data sets. The same regularity
related to variable X7 was revealed for 8 data sets only. The unidimensional
regularity with two boundary point related to variable Xg was revealed by
selection of optimal model from family II for 6 generated data sets.Only
two regularities from 10 were included to output list of 2-dimensional regu-
larities related to variable X9 and X19. These regularities were revealed by
selection of optimal model from family III. The cause of the poor results
in case of 2-dimensional regularities may be the relatively low difference
(0.6/0.4) of ¢ conditional means in subregions of regressor variables space.
The only 3 regularities related to variables from group X; — X5 were se-
lected. The two of them were unidimensional with two boundary points
and one was 2-dimensional with one boundary at each variable. The exper-
iments demonstrated that approach allows to reveal regularities but large
scale investigations are necessary to evaluate the sets of data analysis tasks
where it is effective.
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Abstract: The issue of surrogate endpoints in randomized clinical trials arises
whenever the time needed to observe the primary endpoint is very long or if the
primary endpoint is very expensive to observe. In theses cases, one may assess the
treatment effect on a surrogate endpoint instead on the primary endpoint and
reduce the duration or price of the trial. In this paper we use hierarchical Bayesian
models to evaluate a potential surrogate endpoint in multiple randomized clinical
trials. The methods are illustrated using data from three randomized clinical
trials.
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In randomized clinical trials, the main interest is to assess the treatment
(Z) effect on the primary endpoint (T'). However, in some cases, the time
needed to observe the endpoint of interest can be long (for example, if the
primary endpoint is time to event) or very expensive. In these cases, one
might benefit from using a surrogate endpoint(.S), that would allow to de-
termine the treatment effect quicker or in a less expensive way.

In his landmark paper, Prentice (1989) proposed a formal definition of a
surrogate endpoint and suggested operational criteria for its validation in
the case of a single trial and single surrogate. According to the definition, a
surrogate endpoint is a variable for which a test of the null hypothesis of no
treatment effect is also a valid test of the corresponding null hypothesis for
the true endpoint. In view of some limitations of Prentice’s criteria, Freed-
man, Graubard, and Schatzkin (1992) proposed to use the proportion of
treatment effect explained by the surrogate endpoint as a measure of the va-
lidity of a potential surrogate. Several authors have pointed towards draw-
backs of the measure. For instance, De Gruttola et al. (1997) and Buyse
and Molenberghs (1998) have shown that the proportion of treatment ef-
fect explained by the surrogate is not truly a proportion, since it is not
restricted to the [0, 1] interval. As an alternative, Buyse and Molenberghs
(1998) proposed to replace the proportion of treatment effect explained by
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the surrogate by two measures closely related to it: the relative effect and
the adjusted association. The first one, defined at the population level, is
the ratio of the overall treatment effect on the true endpoint over that on
the surrogate endpoint. The second one is the individual-level association
between both endpoints, after accounting for the effect of treatment.

In this paper we focus on the meta-analytic approach, that is, the situation
when a potential surrogate is evaluated using data from multiple trials. We
further assume that the distribution of the true and surrogate endpoint
come from the exponential family and that true treatment effects on the
endpoints are given by

HES|Z=1); —g{E(S]Z=0)} = o, (1)
HET|Z=1)} —g{ET|Z=0)} =5,

where g() denotes an appropriate link function. Within the meta-analytic
approach the first goal is to establish the association between # and «
to asses the quality of the surrogate at the trial level. To this aim, the
precision of the prediction of the treatment effect on the true endpoint
form the effect on the surrogate, should be assessed. This can be achieved
by formulating a model for the joint distribution of treatment effects [«, 3],
or a model of the conditional distribution [$|a]. Note that a joint model
[cr, ] imposes a conditional model for [F|a] but one can specify a model
for [B|a] without specifying the joint model. The second goal is to assess
the quality of individual level surrogacy, i.e., the precision of the prediction
of the true endpoint from the surrogate for an individual patient. This can
be evaluated considering the association between the two endpoints in the
joint distribution o ! S and T given Z, [T, S, |Z].

The evaluation of a surrogate endpoint within the meta-analytic setting
has been discussed, e.g., by Daniels and Hughes (1997) and Buyse et al
(2000). Both papers considered a multiple trial setting with normally
distributed true and surrogate endpoints and proposed a two-stage
model for the evaluation of the potential surrogate. Daniels and Hughes
(1997) assumed that only summary data from the trials were available.
They used a hierarchical Bayesian model for the estimated treatment
effects [d,ﬁ], in which the joint distribution of the estimated effects
was specified at the first stage and the conditional distribution of [3|a]
was specified in the second stage. Buyse et al (2000) assumed the
availability of individual-patient data and formulated a two-stage model,
with the joint distribution [T, S|Z] specified at the first stage and the
joint distribution of the treatment effects [5,a] specified at the second
s! tage. The advantage of the model proposed by Daniels and Hughes
(1997) is that one does not need to specify the joint distribution of T
and S. However, the price for this advantage is that the quality of the
individual level surrogacy cannot be assessed, what is possible in the
approach developed by Buyse et al (2000). In this paper we consider the
Bayesian approach under the assumption that individual data are available.
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We consider the following linear predictors for 7" and S

{ E(Si;|Zij) = nsi + i Zsj, @)
E(Tj|Zi;) = pri + BiZi;.

Here a; and f3; are trial-specific treatment effects, pg, and pr; are trial-
specific intercepts and S;; and T;; are the surrogate and the true endpoints,
respectively, for subject j (j = 1,2,...,n;) in trial ¢ (i =14,2,...,N). We
further assume that the two endpoints are normally distributed. Thus,
at the first stage of the hierarchical model we specify the following joint
distribution of T;; and S;;:

Sij s +ms; + (@ + a;) Zij
~N 7,2, 3
<Tz~ ) << pr + mpi + (B4 bi) Ziy (3)
where ¥ is given by
- ( Oss Osr ) ) (4)
JST UTT

At the second stage of the model the priors for the ‘fixed’ effects are spec-
ified:

Hns ~ N(Oa ois)a

wr ~ N(Ov eiT)a

a ~ N(0,72), (5)
B ~N(0,73).

For the precision parameters in (5) (flat) hyperprior models were specified
using Gamma distributions, e.g., 9;52 ~ gamma(0.001,0.001), etc. Similar
to the model proposed by Daniels and Hughes (1997) we need to specify a
prior distribution to model the association between the treatment effects
of the two endpoints. Note that, while Daniels and Hughes (1997) based
their model on [G|a], Buyse et al. (2000) used the joint distribution of the
random effects [mg;, mr;, a;, b;] in order to evaluate trial level surrogacy.
In the current model we follow the latter approach and specify the prior
model for the joint distribution of the random effects to be

ms; 0 dss dST dSa dsb

mr; 0 _ dST dTT dTa dTb

a; N 0 R dSa dTa daa dab (6)
b; 0 d d d d

N
o

As the hyperprior distribution for the covariance matrices in (3)
and (6), a Wishart distribution is assumed:

D' ~ Wishart(Rp) and X'~ Wishart(Ry). (7)
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In order to assess trial-level surrogacy, Buyse et al. (2000) proposed to use
the coefficient of determination deifned as:

T -1
( dSb ) ( dSS dSU. ) ( dSb )
d d d d
R2 ab Sa aa ab ) (8)

trial(f) — d

bb

Similarly, to measure individual-level surrogacy Buyse et al. (2000) pro-
posed to use the coefficient of determination given by

2
o
R? L, = —22—. 9
indiv 05O ( )
Indeed, Rf”. a(f) = 1 and andiv = 1 indicate perfect surrogacy at trial

and individual level, respectively.

To avoid computational problems, Buyse et al (2000) proposed a reduced
model in which the linear predictors of .S and T" do not include trial-specific
intercepts. In the hierarchical model, the likelihood at the first stage of the
model can be specified by omitting the trial specific random intercepts from
(3). This leads to specify that

Sij ps + (o +a;)Zi;

<Ti‘>NN<< pr + (B + bi) Zij )’E)’ (10)
At the second stage of the model, the prior distribution the random effects,
(ai,b;), was assumed to be bivariate normal with mean 0 and covariance
matrix D. Note that the covariance matrix D is the 2 x 2 right bottom
sub matrix in (6) and is assumed to follow a Wishart distribution, D=1 ~
Wishart(Rp). Other prior and hyperprior models remain the same as in
the full model. For the reduced model the coefficient of determination (8),
measuring the trial-level surrogacy, reduces to Rfm.al(r) = dfb /d,.d,,.
For illustration, we consider data from four randomized multicenter trials
in advanced ovarian cancer, previously analyzed by Buyse et al (2000). The
data were collected for a purpose of a meta-analysis considering the com-
parison of cyclosphosphamide plus cisplatin with cyclosphosphamide plus
adriamycin plus cisplatin (Ovarian Cancer Meta-Analysis Project, 1991).
The true endpoint 7T;; is defined as Log(survival time in years) and the sur-
rogate endpoint S;; is taken as Log(progression-free survival time in years).
We used center as the unit of analysis given that the number of trials is
insufficient to applied meta-analytic methods. A total of 50 centers were
available for the analysis, with the number of patients varying 2 to 274 per
center.
We fitted the hierarchical Bayesian models (3)—(7) and (10) using MCMC
simulation with 9000 iteration following a burn-in period of 1000 iterations.
Table 1 presents the maximum likelihood estimates for both Rf”. al(f) and
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TABLE 1. Rf”.al(f) and R, 4. The full fixed effects model corresponds to the
model in Eq. (2), while the reduced fized effects model corresponds to the model
in Eq. (2) without trial-specific intercepts. The results for the fized effects model
were obtained by Buyse et al (2000). R}, = R?’rial(f) and R}, = R?’rial(r) for
the full and the reduced model, respectively.

MODEL Trial level Individual level
R?M’al Rzzndiv

Full (Fixed) 0.940 (0.017) _0.86 (0.0006)
Full(Bayesian) 0.938 (0.038)  0.885 (0.0006)
Reduced (Fixed)  0.928 (0.020)  0.888 (0.0006)
Reduced (Bayesian) 0.925 (0.048)  0.885 (0.0006)

andw obtained from the fixed effects model and reported in Buyse et
al (2000), as well as the posterior means obtained from the corresponding
Bayesian model. The point estimates are comparable, while the standard
errors of Rfr jal(f) Are greater for the hierarchical Bayesian model. This re-
sults in credible intervals for the posterior means which are wider than the
confidence intervals for the ML estimates.

The results presented in this work suggest that the use of the hierarchi-
cal Bayesian modelling for the meta-analytic approach to the validation of

surrogate endpoints is completely feasible.
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Abstract:

Customer analysis is the study of customers and their behaviors. Nowadays, data
mining is a frequently adopted technique to conduct customer analysis, so that the
companies can discover valuable information among their customer data, such as
the segmentation of the customers. Clustering is one of data mining techniques
which supports the customer segmentation. It partitions the observations into
disjoint groups such that the profiles of objects in the same groups are relatively
homogenous, whereas the profiles of objects in different groups are relatively
heterogeneous.

This paper presents New Condorcet Criterion, a non-hierarchical clustering tech-
nique. This technique is particularly work well for a data set that consists of
categorical data. We apply the method to analyze the customer behaviors of
XploRe statistical software.

Keywords: Customer analysis; Data mining; Clustering technique.

1 Introduction

The sensational developments in the field of information technology in the
last ten years have eased a lot of complications that were related to the
collection of bulky data. It has created the necessity for automated infor-
mation discovery from data, which has lead to a growth of the promising
field called data mining (Fayyad et al, 1996).

Data mining tries to discover patterns and relationships hidden in the data
using suitable statistical models and techniques (Chen, Han and Yu, 1996).
Therefore, data mining may yield profitable results for almost every organi-
zation that collects data on its customers, markets, products or processes.
Clustering is considered as one of data mining tools. According to the
research held by KDD Nuggets (http://www.kdnuggets.com), clustering
is the most frequent method applied in data mining. Clustering is aimed
to discover a group and to identify interesting distributions and patterns
within the data.

409
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This paper presents New Condorcet Criterion, a non-hierarchical clustering
method. This method is particularly work well for a data set that consists
of categorical data. We apply the method to analyze the customer be-
haviors of XploRe statistical software. Based on the characteristics of the
cluster members, we outline how the result of this analysis may be used for
marketing strategy of XploRe.

The rest of the paper is organized as follows. The next section reviews the
methodology of Condorcet Criterion. The third section presents the data
and mining technology. In the fourth part, the result and discussions are
presented. Final section contains some concluding remarks.

2 Condorcet Criterion

The clustering algorithm used in this paper is based on the New Condorcet
Criterion (NCC) of Michaud (1997). It is inspired by Condorcet (1743-
1794)’s work on finding a desirable way to aggregate votes (rankings) in an
election (Michaud, 87).

The NCC is defined for categorical attributes. The distance between at-
tribute values as 1 if two elements have different values and 0 otherwise.
The distance between two elements can be viewed as a modified hamming
distance, that is, the number of attributes for which the two elements ¢ and
j is the number of ”judges” who ”disagree” about whether elements i and
Jj should be in the same class (and m — d;; is the number of agreements).
The NCC combines intraclass agreement as well as interclass disagreement
such that ”good” partitions, i.e. those with small intraclass distances and
large interclass distances, get higher values of the criterion function (Grab-
meier and Rudolph, 2002).

3 The Data and Mining Technology

The aim of our analysis is to identify a number of clusters of users who
have downloaded the statistical software XploRe by performing a cluster
analysis of its download profiles, which could function as the base for the
development of the marketing strategy.

The collected raw data of XploRe user consists of 2593 profiles of individuals
who have downloaded the statistical software XploRe from October 11, 2001
to March 13, 2003. A free trial version of XploRe can be downloaded from
the homepage at http://www.xplore-stat.de.

Before the downloading, users are asked to participate an online survey.
The online questionnaire composes mainly two parts. All questions (except
for email address) are answered by selecting items from possible responses.
We have made some improvements in the survey comparing the previ-
ous practice, which was conducted by Sofyan and Werwatz (2001). The
new variables concerning the benefit sought by the users and features of
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their research were added to the questionnaire. In addition, the values of
some some variables were also reformed. We choose IBM’s Intelligent Miner
(http://www.software.ibm.com/data/ iminer) for our analysis because
it employs condorcet criterion which is particularly well-suited for categor-
ical data sets.

4 Results and Discusions

The prior analysis (Sofyan and Werwatz, 2001) has indicated that the op-
timal partition of the data is not necessary to be the one, which is with
highest statistical goodness value but has no meaningful characteristics
for marketing. Bearing the segmentation requirements in mind, the chosen
partition should have relative high goodness value of statistics and, at the
same time, could deliver a handful groups that can be handled and targeted
by the marketer. The targeted groups should be within the reach of and
sensitive to the marketing instruments. Therefore, one must carefully con-
sider about the clustering segments, whether the partition could be used
to develop the marketing strategy for the target market.

The final segmentation had five variables and four clusters. The five vari-
ables are work field, where work, resource of first learn, XploRe version
and OS platform. With these five variables, the four cluster segmentation
achieves relative high of NCC value (0.6002) and good interpretation of
the data comparing the other segmentation. As mentioned before, the final
chosen segmentation should not only achieve the high statistic value, but
also could deliver a rational description of the data. Therefore, we dropped
the results that have lower NCC values and the results which are with high
NCC value but difficult to tape meaningful characteristics for the customer
groups.

Figure 1 shows the visual result of the clustering. The character of cluster
Cluster 1 is dominant by the value ”internet” of variable first learn. There-
fore, the segment of Cluster 1 called as Internet surfer. This group of
users are more like to look for information through internet. They down-
load the local version of XploRe, use windows as platform. They work in
widespread field. The working places of them are similar distributed as
whole sample, mainly in university and home.

Cluster 2 and Cluster 3 are determined by two dominant variables, first
learn and where work. Users from Cluster 2 work mainly at ”university
(88%)” and the main information resource is ”friends (39%)”. Users from
Cluster 3 work mainly at "home (67%)” and they first get learn XploRe
through ”some unidentified resources (44%)”. Thus, Cluster 2 is Acad-
emia, who work at university and Cluster 3 is Home worker, who work
at home. Academia and Home workers also mainly download local ver-
sion of XploRe and use windows as platform. But the Academia work
mainly in the field of econometrics, while the Home workers work in
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FIGURE 1. Visualization of the optimal partition.

widely spread fields with finance and actuarial science in a relative high
percentage 17.

XploRe users from Cluster 4 are Linux user, who are indicated by the
variable 7 platform”. 86% of them use Linux as platform. Linux user prefer
to download the local version of XploRe as well. They work in widely spread
fields and places, get information from different resources, among which
”Internet” has a relative dominant position (56%).

5 Conclusion

In this paper, we have presented the results of a cluster analysis of 2593
profiles of individuals who have downloaded the statistical software XploRe.
Each profile consisted of a set of variables that are the responses to a
mandatory online questionnaire preceeding the actual downloading process.
Using New Condorcet Method particularly suited for our categorical data,
we arrived at a partition consisting of four clusters: Internet surfer,
Academia, Linux user and Home worker. All the groups except Linux
users work with windows systems and engage in economic study of finance
or econometrics. Internet surfers are characterized by their dominant
usage of Internet as the information resources. Academia are researchers
from university with more academic background. They heavily depend on
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personal communication channels. Home workers is a mix group. They
work mainly at home, get information from various resources, among which
Publications/Journal has a relative important position. The Linux users
are sophisticated computer users who work under Linux, have natural sci-
ence background and make relative heavy use of the internet.

Acknowledgments: Special Thanks to Prof. Dr. Wolfgang Hardle of In-
stitut fiir Statistik und Okonometrie for his useful comments suggestions.
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Abstract: We consider a Plackett-Dale model to study familial transmittance
of longevity. We focus the analysis on associations between mother, father and
first child, and therefore we work with family clusters of equal size. We propose a
series of tests to perform inferences on the model parameters. The methodology
is applied to a demographic database of a Flemish village (18"-20"" century).
The main substantial conclusion is that familial transmission happens mainly via
the mother. We explore the impact of such other factors as censoring, gender
effect, age at death, etc. This paper complements the results of Matthijs et al
(2002) and suggests further analyses to better understand the precise mechanisms
behind these associations.

Keywords: Plackett-Dale model; Multivariate survival model; Pseudo-likelihood
inference; Familial clustering; Correlation.

1 Introduction

The main topic of this work is to propose a number of inferential tools to
test the parameters of a multivariate marginal survival model. We explain
how the methodology works and we apply it to the study of associations
between longevity of family members in a small Flemish village. Each family
is treated as a cluster and we will use a multivariate Dale model for survival
data combined with pseudo-likelihood ideas. The main substantial topic to
be addressed are differences in the influences of fathers and mothers on the
female offspring’s longevity.

Moerzeke is a small village in the center of Flanders, the Dutch speaking
part of Belgium, within the province of East Flanders. It is a geographical
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isolate as it is almost completely surrounded by the river Scheldt.

The information in the Moerzeke database is drawn from church and civil
registers. In Belgium, these sources are of good quality and appropriate for
populations studies. The database contains all individuals who were born,
married or died in Moerzeke.

2 Statistical Model

Pseudo-likelihood ideas are used to estimate the parameters and a num-
ber of inferential tools are proposed. We consider the survival times 7} of
mother, father, and first child (j = 1,2,3) of 457 families with complete
information on dates of death and we observe a vector of covariates Z.
Marginal Weibull distributions for each survival time are assumed. Let us
consider the individual information of family ¢ expressed in vector format
as (Ti1, Tio, Tiz, A1, D2, A3, 21, - - -, Ziny ) 50 that Wiy = (T, Ay, Z;) are
the values for a particular cluster ¢ and survival time j within cluster. The
A;; variable indicates whether the lifetimes is observed or not.

The pseudo-likelihood function to estimate the parameters of this model
is constructed along the lines of Le Cessie et al (1994) and Renard et
al (2002) by considering all three possible pairs of outcomes on an in-
dividual (W1, W) (W1, Wsy) and (Wa,, W3,). Those pairs produce
fr.r, (Wi, W) with r < £, 7 =1,2,3 and ¢ = 1,2,3, where fr, 7, is the
density function of the Plackett-Dale distribution (Dale 1986 and Mardia
1970). In this case the dependency can be defined using a global cross-
ratio at (t,,t;) given by 6.¢(t,,ts). The Plackett distribution is obtained
for constant cross-ratio 0,¢(t,,t¢) = 0 (Plackett 1965, Mardia 1970).

We can define then

In p/(®) :Z Z In fr,1,(Wis, Wi, ®), (1)

i=1 (s,t)eS

where S is the set of all possible pairs of outcomes of interest and ® the
vector of parameters. N

The pseudo-likelihood estimator @ is defined as the maximiser of (1). Con-
sistency has been shown by Arnold and Strauss (1991), le Cessie and van
Houwelingen (1994), and Geys, Molenberghs, and Ryan (1999). The para-
meters of this model and their standard errors can be estimated by means of
the maximum likelihood method and the asymptotic normality results pro-
vide an easy way to consistently estimate the asymptotic covariance matrix.
Precisely, @ converges in probability to the true parameter value ®¢, and
VN(® — ®) converges in distribution to N, (0, J(®o) ' K(®o)J(8) ")
with J(®) and K (P®) appropriate defined.

This asymptotic normality result provides an easy way to consistently es-
timate the asymptotic covariance matrix. A further advantage of the PL
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approach is the close connection of pseudo-likelihood with likelihood, en-
abling one to construct pseudo-likelihood ratio and pseudo-score test sta-
tistics that have easy-to-compute expressions and intuitively appealing dis-
tributions (Aerts et al 2002).

3 Test Statistics

To test the parameters of the model several tools can be used as Wald,
score or likelihood ratio tests. However, while point estimation and asymp-
totic normality have already been established, we need to construct the
pseudo-likelihood counterparts to classical inferential tools such as ratio
test statistics and score test statistics. Particularly, to perform a test for
the association parameters of the model, we need to extend the Wald, score
and likelihood ratio test statistics to the pseudo-likelihood framework. It is
important to note that the strategies proposed are not restricted to those
parameters and it can be applied to any other model parameter.
Association parameters 6;; equaling one indicate independence between T;
and Tj. This can be translated in terms of hypotheses such as

Hy:0,,=1 0r¢ € R>o r,l=1,2,3.

More generally, let us assume we are interested in an hypothesis of the
type Hp : ¢ = ¢y where ¢ denotes a g-dimensional subvector of the p-
dimensional vector of regression parameters ® and write ® = (o', 5')’.
To construct the Wald test we use the asymptotic normality properties of
the pseudo-likelihood estimators. We use the following result

W* = N(@ — ¢0) S50 (2 — v0) ~ Xz
In this expression, ¥, denotes the ¢ x ¢ submatrix of ¥ = J 'K J. The
matrices J and K were mentioned before. The matrix ¥ can be estimated
by using the pseudo-likelihood estimate ®. Thus, the Wald statistic is very
easy to obtain and the more convienient one in cases where model fitting
is very time consuming.
The pseudo-score Statistics is constructed by fitting the null model and it
has the advantage over the Wald test that is invariant to reparameterisa-
tion.
We give another proposal for testing Hy based on likelihood ratio ideas:

G** = 2[pl(®) — pl(0, B(120))]

and is termed pseudo-likelihood ratio test statistic. Note that, when apply-
ing the pseudo-likelihood ratio test, the model needs to be fitted twice, for
the full and the reduced models, potentially making the procedure more
time consuming. It is well known from the pseudo-likelihood theory that
the Wald test is the one with lowest power. However, from a practical
point of view it is the more convenient one. All test statistics have been
implemented using the SAS IML procedure.
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4 Analysis of the Data and Concluding Remarks

The methodology we propose is used to analyse the Moerzeke data, making
it the first application of this particular model to data of a genetic type. To
proceed we first fit a multivariate Plackett-Dale model and then inferences
are made by using the tests proposed.

We restrict the analysis to a subgroup of families having at least one child.
From earlier studies we know that for this group, familial transmittance
of longevity to daughters is relatively large (Matthijs et al, 2002). In this
study, we address whether this association is mainly maternally or pater-
nally transmitted.

We fit the model using the year-of-birth of each family member and the
gender of the child as covariates.

The estimated association parameter between mother and child is 1.349
indicating a positive association between those. However, for father-child
the value seems to be lower (0.983).

Inferences are made by using the tests defined above. The null hypothesis
of no association was tested in each case via the Wald, score and pseudo-
likelihood tests and the results show similar conclusions irrespective of the
test applied, while the Wald statistics gives the largest p-value. We observe
that the null hypotheses of no association between father’s and mother’s
longevities on the one hand and father’s and child’s longevities on the other
hand (12 = 1 and 623 = 1) but the situation is different for mother and
child. Indeed, we reject 613 = 1.

We explore this topic by applying the model to different subsets. We also
performed the test for the association parameters for each gender and we
can see for sons there are not any significant differences, while for daughters
there seems to be a stronger association in case of mothers and daughters
than for the rest of the association parameters (13).

We proposed three different alternatives to perform inferences for the model
parameters: Wald, pseudo-likelihood ratio and score type tests. We illus-
trated how these test can be performed. Even if the Wald test is the one
with less power, in this context we noticed that it is easily implemented
from a computational point of view. Even though the pseudo-likelihood
and pseudo-score tests are the most powerful, as was observed with other
types of data (Geys et al, 1999), here it demands to fit different models.
Given the complexity of these models it can be hard to obtain the building
blocks needed to calculate these statistics.

The main substantial conclusion is that significant associations were de-
tected between mother and child. In a second step the associations were
modelled within the group of daughters and sons separately and we ob-
served significant associations between mother and daughter, but not be-
tween mother and sons.

This finding confirms the role of the mother in the transmission of longevity.
However, as these findings were present for both mothers and daughters
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above the age of fifty as for mothers and daughters reaching at least the
age of 10, this finding does not support the view that familial associations
in adult mortality are only visible at later ages.
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Abstract: In time series analysis of air pollution effects on health, several para-
metric and non-parametric methods to adjust for confounding factors such as
trend, seasonality and weather have been proposed. However, an optimal strategy
for choosing smoothers and their degree of smoothness does not yet exist. In this
paper we evaluate the performance of various smoothers (parametric and non-
parametric) with different criteria to choose the degree of smoothness in terms
of bias and efficiency in a simulation study. Results showed that non-parametric
methods can lead to seriously biased air-pollution effect estimates. Among the
parametric methods, Penalized Splines with relatively large number of knots gave
minimally biased results. Given that P-splines avoid the backfitting algorithm in-
volved in GAM while being as flexible as the non-parametric smoothing methods
it may be a reasonable choice.

Keywords: Air-pollution; GAM; P-splines; Time-series

1 Introduction

Epidemiological time series conducted in cities around the world have re-
ported significant, adverse health effects of air pollution, even at historically
low levels of air pollution (Katsouyanni et al 2001; Samet et al 2000). Crit-
ics of these studies have raised questions as to the validity of the data,
methods of analysis and the rational for particular choices in model speci-
fication (Kinney et al 1995; Samet et al 1995). In recent years Generalized
Additive Models (GAM; Hastie and Tibshirani, 1990) with non-parametric
adjustment for confounding factors have been used to estimate the short-
term effects of air pollution on health (Schwartz 1996; Katsouyanni et al
2001). Estimation in GAM is based on a combination of the local scoring
algorithm and the backfitting algorithm (Hastie and Tibshirani, 1990) and
therefore, unlike Generalized Linear Models (GLM), which have an exact
solution, requires iterative approximations. Recently it has been reported
that default convergence criteria in statistical packages such as S-plus can
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result in biased fitted linear parameters, but this can at least partly over-
come by using more stringent convergence criteria (Dominici et al 2002).
In another study though it was found that in the presence of concurvity,
the nonparametric analogue of multicollinearity, GAMs result in seriously
underestimated variances of the fitted model parameters (Ramsay et al
2002). Due to the above-mentioned problems in fitting GAM models, GLM
with parametric smoothers (i.e. natural splines) for time and weather vari-
ables have been alternatively proposed. However, an optimal strategy for
choosing smoothers and their degree of smoothness does not yet exist. The
aim of this work is to evaluate the performance of various smoothers (para-
metric and non-parametric) with different criteria for choosing the degree
of smoothness in terms of bias and efficiency in a simulation study that
imitates multi-center studies.

2 Methods

A two stage hierarchical modeling approach was adopted. In the first stage
data from each city were analyzed separately while in the second stage
evidence across cities was combined using meta-regression techniques. For
the first stage of the analysis Poisson regression models were fitted. The
general form of the model was:

q 6
In(uf) = W[E (V)] = a0 + > f{(X{;) +BP;+ Y BiDow;

j=1 i=1

where Y denotes the observed count of the relevant health outcome (mor-
tality in our case) at city ¢ on day t, 3¢ the effect estimate for the pollutant
(PMjg in this case), X§; the non-pollution predictor variables (i.e., time,
mean daily temperature and mean daily relative humidity), [ smooth
functions of these variables and Dow; indicator variables for the day of the
week and g is the expected count of the relevant health outcome. To con-
trol for non-linear relationships we used the methods: 1) locally weighted
non-parametric smoothing (LOESS); 2) smoothing splines (SP); 3) natural
splines (NS); 4) penalized - splines (PS; Marx and Eilers 1998; Aerts et
al 2002). Each smoother has a parameter that determines the degree of
smoothness. For LOESS this is called span while for SP and NS the degree
of smoothing is specified through the degrees of freedom. The first two
methods are non-parametric smoothers and therefore the backfitting al-
gorithm is needed. The backfitting algorithm cycles through the variables
X¢; and estimates f; by smoothing the partial residuals. Except for PS
models all the others were fitted in S-plus using either the gam of the glm
function for non-parametric and parametric smooth functions respectively.
PS models were fitted in R. For the PS models the methodology described
by Marx and Eilers (1998) was applied. For the X;; variable the B-Spline
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smoother can be specified as f; = Bjo; , where Bj is the B-Spline matrix

(with n; knots) and «; the unknown vector of coefficients associated with

the B-Spline bases. The P-Spline can be considered as a sum of x B-Splines,
K

that is f; = > Bjgag; where bjry = Bjr(X;i) is the value of the B-Spline
k=1

Kk at X;;. Marx and Eilers (1998) proposed a smoothness requirement of the
B-Spline parameters ay;. A drawback of the method is that one also needs
to optimize the number and position of knots. Marx and Eilers (1998) rec-
ommended to use a large number of equally spaced knots (between 10 and
30) but prevent over fitting by attaching a difference penalty on adjacent
B-Spline coefficients a;. Model parameters are estimated by maximizing
the penalized log likelihood. For LOESS, the span was specified according
to the following criteria: a) Minimization of the absolute value of the Sum
of the partial autocorrelation function (PACF) over 60 days; b) Minimiza-
tion of Akaike’s information criteria (AIC); ¢) Minimization of Bayesian
information criteria (BIC). For SP the df were prefixed (7/year for time, 6
for temperature and 3 for humidity). The choice of the number of df was
based on the results from the NMMAPS study (a multi-city study in the
USA; Samet et al 2000). For the NS method, all the three criteria used in
the LOESS method plus prespecified df as in the SP method were used.
For the PS method the smoothing parameters were determined by a) the
generalized cross-validation (GCV) method; b) the GCV after prespecify-
ing the number of knots to be between 10 to 30 for trend and c¢) equating
the needed df to those used in the NMMAPS project.

In the second stage city-specific air pollution effect estimates produced
from the first stage of the analysis (3¢) were pooled using inverse variance
weighting. Both fixed and random overall estimates were obtained (Berkey
et al 1995).

3 Simulation Study

To assess the effect of the various methods to control for confounding effects
on city-specific relative rate estimates in time-series studies of air pollution
and health we conducted a simulation study. Data were generated under
the following assumptions: a) Fifteen cities were contributing daily data
for 5 years on daily number of deaths (Y,?), PMS,, mean daily temperature
(T°) and relative humidity (H€). b) Three different patterns regarding long-
term and seasonal trends in mortality series as well as weather conditions
were considered. For each pattern 5 cities contributed data. A parametric
model was used to generate data in each city (c)

Y; ~ Poisson(jz)
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q ) .
log(ue) = ap + (b +b°) PM{y + > (a1;cos 222t + ag;sin 224t ) + (1)
i=1
6
+a3(T — To)2 + as (T — T.)2 + as H+ ag H + Y b; Dow;
j=1

That is, a sinusoidal curve of order 2,3 and 4 (i.e. ¢ =2 or q = 3, or q = 4)
for the three different patterns was used to control for long-term trends, a
double quadratic function for temperature (with different change points for
the three different patterns) and a quadratic function for humidity. ¢) Model
parameters were generated from the multivariate normal distribution:

b B
a; ~ N (67 5 Vv
b Bi

Note that 5 (the overall PM;, effect) is constant and equal to 0.000617
(Katsouyanni et al 2001). An error (b°) has been added to [ in each city
to reflect the between cities variability (72), that is b¢ ~ (N(0,72). d)
Model parameters were based on real data from the APHEA-2 (A Euro-
pean collaborative study; Katsouyanni et al 2001). In particular, for the
three different patterns data from 3 cities (London, Cracow and Madrid)
representative of the different geographical areas across Europe (North,
Central and South Europe, respectively) were used. True values of the
model parameters were determined by fitting model (1) in these 3 cities.
The original data on temperature humidity and PM;q from these cities (to
incorporate original structures in the data) were used as the covariates in
the simulated data.

4 Results

The PM1g pooled estimate was sensitive to the method used to adjust for
confounding factors such as trend, seasonality and weather. Depending on
the method, the bias ranged from -27% to 17%. Within each method, the
different criteria to choose the appropriate df led to different degree of bias
in the pooled PMjg estimate. In addition, non-parametric methods (i.e.,
LOESS and SP) tended to underestimate the SE of the PMjq effect. For
the P-spline method, using GCV to determine the smoothness parame-
ters led to underfitting (i.e., relative small dfs) and therefore to seriously
biased pooled PMj, estimate (bias -16%). However, improving model fit
by increasing the dfs (i.e., prespecifying either the total dfs or the num-
ber of knots) resulted in substantial bias reduction (bias —3% and —7%
respectively).

5 Conclusions
In time series analysis of air pollution effects on health, some degree of
concurvity is expected. In such cases, GAM models could lead to biased
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results. Among the parametric methods to adjust for confounding factors,
P-spline (with relatively large number of knots, for example around 30)
avoids the backfitting algorithm involved in GAM, and thus all the associ-
ated weaknesses, while being as flexible as the non-parametric smoothing
methods.
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Abstract: In this work we use MCMC methods to estimate random coefficient
models. The following two issues which we believe are of considerable practical
concern are addressed. Firstly, the convergence behaviour depends on the para-
meterization. An inappropriate parameterization may have a serious impact on
the mixing properties especially for higher dimensional data. Secondly, a mayor
cause for poor convergence of MCMC chains stems from the attempt to estimate
over-fitted models. We present an efficient algorithm that makes it possible to
start with a rather general model structure and to let the data tell us which
special structure to choose.

Keywords: Covariance matrix; Variable selection; Random coefficient model,
Heterogeneity Model; MCMC Methods.

1 The Random Coefficient Model

In the centered parameterization we define the random coefficient model in
the following way:

yi = Zifli + €1, €~ N(0,021), (1)
Bi =B +u;, ui~N(0,Q). (2)
For subjects i = 1,..., N the vector y; contains T; observations and Z; is

the T; x d-dimensional design matrix for the d individual effects ;. The
vectors u; capture unobserved heterogeneity as deviations of the individual
effects 3; from the common mean 3% and are distributed normally with
common covariance matrix ¢). The model (1), (2) is centered both in the
mean and in the covariance structure.

We may rewrite that model in the non-centered parameterization as:

yi = Zi3% + Z,C% + &i, e~ N(0,021), (3)
giNN(OaI)a (4)
427
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where the Cholesky decomposition of the covariance matrix Q = CC’ is
used, C lower triangular. The Cholesky decomposition is a representation
of the correlated deviations wu; from (2) in terms of uncorrelated standard
normal ones, u; = Zin:l CimZim = C1.Z;, where Z;, ~ N(0,1) are inde-
pendent for all m = 1,...,d, and dim(u;) = dim(Z;). In the non-centered
parameterization the mean 3¢ and the covariance Q moved to the obser-
vation equation (3).

The influence of the parameterization of the mean on the convergence be-
haviour was analyzed by Gelfand, Sahu and Carlin (1995) for normal linear
models.

Non-centering of the mean and the covariance is investigated in Meng and
Van Dyck (1998) and Frithwirth-Schnatter (2002).

2 Parsimonious Estimation of Unobserved
Heterogeneity

Statistical inference for the covariances of a random coefficient model is
usually based on the estimation of a full rank matrix @ from (2) (see e.g.
Verbeke and Lesaffre, 1996, Frithwirth-Schnatter, Tiichler and Otter, 2003).
Within MCMC sampling the covariance matrix () may be simulated by a
Gibbs sampler from the conditional inverted Wishart distribution given
estimates of fi,...,0n. Note that by choosing a full rank matrix @, we
allow unobserved heterogeneity to be present for all effects of the design
Z;.

In contrast to that, we may follow the principle of adaptive parsimony
with respect to (). Parsimony is achieved by restricting certain elements
appearing in the matrix of the Cholesky factors C to be 0. We let the
data tell us which elements this should be. We treat the problem of finding
those elements of C' that are non-zero as a variable selection problem. We
introduce for each element Cj,,, m = 1,...,d, |l = m,...,d, an indicator
Yim Which takes the value 1, if Cj,, # 0, and 0 otherwise:

Clm = 0) iff Vim = 07
Cim 7é 0, iff Yim = 1.

Note that Cj,, for all 1 <1 < m is 0 by definition. v = {v,}, as well as
the omitted variables 2V = (Z;,..., Zy) are estimated along with all other
parameters in a Bayesian framework using MCMC methods.

The problem of finding the form of the covariance matrix is closely related
to variable selection problems and therefore to the issue of estimating ob-
served heterogeneity. For these problems we can think of C' as parameter
matrix and Z; would be deterministic in equation (4). We think that it is
of considerable practical concern that variable selection problems may eas-
ily be treated within a Bayesian framework by obvious extensions of the
methods of this paper.
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3 Bayesian Estimation According to the Principle of
Adaptive Parsimony

We estimate all parameters from their joint posterior distribution using
a Markov chain Monte Carlo algorithm. In the first step (I) we generate
the indicators i, one at a time from 7 [\ im, ZN o2,y by applying the
efficient sampling scheme of Smith and Kohn (2002). 7;,,, denotes the se-
quence y where 7y, is excluded and y are the data. Once a new draw of -y is
available, all those elements of C that are restricted to zero are defined. In
step (II) we generate all unrestricted elements of C' jointly with 8¢ condi-
tionally on 7, Z;, 02 and y from a multivariate normal distribution. In step
(III) the individual parameters Zi,...,Zn are conditionally independent
and normally distributed. Step (IV) amounts to sampling o2 from inverted
gamma distributions.

4 Example

We simulated data for N = 200 subjects from model (1), (2) with 3¢ =
(153 —0.8)", 02 = 10 and a sparse covariance matrix

225 0 3
Q:< 0 0 0 ) (5)
3 0 525

We estimated these data with three different algorithms. To compare the
convergence properties of the various methods we give the sample paths
and the autocorrelation plots for the first component of the mean and the
first diagonal element of the covariance matrix, denoted betal and ql in
the plots, respectively.

Full conditional Gibbs sampling, centered parameterization: The first
method is a full conditional Gibbs sampling algorithm based on the centered
parameterization (1), (2). The covariance matrix is estimated from inverted
Wishart. In Figure 1 we see that the algorithm is rather inefficient in terms
of autocorrelations.

Full conditional Gibbs sampling, non-centered parameterization, model (3),
(4), no variable selection: In comparison to the sample paths and autocor-
relation plots of Figure 1 those for the non-centered parameterization in
Figure 2 are much better at least for the mean structure. This is inline with
the results in Gelfand et al (1995) where it is stated that the non-centered
parameterization is to be preferred for data with little heterogeneity in
the random effects in comparison to the variability captured by the model
erTor.

Parsimonious estimation of the covariances: As we can see in Figure 3
parsimonious estimation of the covariance matrix improves the convergence
behaviour of the sampler substantially. The algorithm finds the correct
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FIGURE 1. Full conditional Gibbs sampling, centered parameterization

SN il e,

} be‘EI - - - ) achetal -

o Mo A«,/\/\VMWAW

B e E A

FIGURE 2. Full conditional Gibbs sampling, non-centered parameterization

structure of the covariances very well. The following mean indicator may
be interpreted as probability of an element of @) to be significant:

1 000 1
prob(Q #0) = 0.00 0.01 0.00 |.
1 000 1

The second effect is no random effect but a fixed effect. This feature may
not be detected by the first two algorithms which sample a wrong full rank
covariance matrix (). This overparameterization has also a negative effect
on the convergence behaviour of the other (significant) elements of Q.
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FIGURE 3. Parsimonious estimation of the covariance matriz, non-centered pa-
rameterization
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Abstract: It is very difficult in Third World countries to obtain reliable statistics
about the numbers of people who die because they have HIV/AIDS. This paper
attempts to use conditional distributions to find out the numbers of people who
die from the opportunistic diseases associated with HIV/AIDS and for whom it
should have been noted that HIV/AIDS was a pre-existing condition.
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1 Introduction

In many countries, particularly in the Third World, it is very difficult to
obtain reliable data on HIV/AIDS because most death certificates note only
the opportunistic disease e.g.TB, meningitis, pneumonia which actually
caused the patient to die, while making no or infrequent mention of the
pre-existing condition of HIV/AIDS. One frequently sees competing risks
models based on the proportional hazards model. Here it will be shown
that, since HIV/AIDS data fits an accelerated failure time model better
than a proportional hazards model, a parametric survival function will be
used with logistic regression to perform the function of a mixed model in
modeling HIV/AIDS data.

2 Conditional Accelerated Failure Time Models as
Functions of Cause Specific Hazard Rate Functions,
a;(t)(i = 1,2).

Suppose we consider a 2-cause competing risks model with cause specific
hazard rate functions «;(t) (i = 1,2) where «;(t) = pi(t)/S(¥), pi(t) be-
ing the pdf of a(t) and S(t) being the survivor function. According to
Hougaard (2000), a competing risks model allows only one possible tran-
sition into each state. This would mean that a competing risks model is
not a multi-state model. This introduces an interesting concept in the case
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of HIV/AIDS. Before any treatment has occurred we have a multi-state
model and therefore a competing risks model but once treatment by anti-
retroviral drugs has taken place we can no longer have a competing risks
model as can be seen from the chart below. This chart imitates a poster at
IBS by Heiner (2002).

The overall hazard rate function will then be

alt) = ar(t) +as(t)

and given that death has already occurred, the conditional probability that
it was due to cause (i) is given by

a = 40
a(t)
In modelling the hazard rate associated with cause (i) (i = 1,2), each

person is treated as censored at the occurrence of death from any cause
other than cause (i). Accelerated failure time models can be formulated
in terms of the hazard rate function (Bagdonavicius and Nikulin, 2002).
It is generally accepted that how the overall hazard rate function divides
itself amongst its constituent parts can be seen by analyzing the condi-
tional probabilities of each of the hazard rates but is in itself not of prime
importance. What is of greatest importance is the cause of death. We can

therefore write
t
S(t) = eXp{—/ a(u)du}
0

To analyze the conditional probabilities of each of the hazard rate a hazard
model for the overall hazard rate is specified and analyzed along with a
logistic regression of the conditional probability of the cause of death of
interest (Ghilagaber, 1998).

It can be shown that from this it follows that

S(t2) = exp{—/ota(u)du}exp{ﬁz}

and so for each cause specific hazard function we have

S(t/a;(t)) = exp ( /Ot ai(u)du) (i=1,2)

and the probability P(t/a;(t,z) = pi(t, z)
where a logistic regression model for (¢, z) is:

ﬂl(t,z)

logit[mi(t, )] = gn{m

} = Bolt) + = 1)

There are thus proportional hazards over death from opportunistic diseases
but not over the covariates.



Tyler 435

TABLE 1. Number of male deaths

HIV/AIDS TB Pneu- Karposi’s Gastric Meningitis Other

monia  Sarcoma  diseases

17 2 0 0 0 0 0
13 9 3 0 0 1 0
23 0 0 3 14 20 66

TABLE 2. Number of female deaths

HIV/AIDS TB Pneu- Karposi’s Gastric Meningitis Other
monia  Sarcoma  diseases

40 6 0 0 4 1 1
o1 8 4 0 0 2 0
76 0 0 1 10 22 1

3 Data Analysis

Data collected at three local hospitals yielded the following causes of death.
Patients had been tested for HIV/AIDS and the other diseases can therefore
be classified as opportunistic diseases.

We see from the tables that while 220 people were registered as having died
of HIV/AIDS during a given period of time, if the numbers of people who
were known to have HIV/AIDS as well as the opportunistic diseases from
which they died then the actual number of people who died as a result of
having HIV/AIDS during the given period of time was in fact 398.

4 Summary

We have shown that death from opportunistic diseases known to be asso-
ciated with HIV/AIDS is closely related to the pre-existing condition of
HIV/AIDS. See equation (1). This means that the number of deaths from
these diseases should be taken into account when compiling the statistics of
death from HIV/AIDS. It is hoped that it would then be possible to obtain
a more realistic idea of how many people have died as a result of HIV/AIDS,
particularly in the Third World countries. It can be shown that the Weibull
is the only initial distribution for which with constant explanatory variables
the accelerated life models and the proportional hazards models coincide
(Cox and Oakes, 1984).
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Abstract: This work discusses and evaluates penalized quasi-likelihood estima-
tion techniques for the situation where random effects are correlated, as is typical
in mapping studies.
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1 Introduction

Full maximum likelihood analysis in generalized linear mixed models usu-
ally involves iterative numerical quadrature. Breslow and Clayton (1993),
however, have popularized the use of penalized quasi-likelihood (PQL)
methods developed by Stiratelli et al (1984) and Schall (1991) for infer-
ence in these models. PQL analysis relies on a series of approximations to
the mixed model. Its main advantage is that its implementation is very
straightforward and computationally simple. Estimation proceeds using a
so-called working vector and the restricted maximum likelihood (REML)
equations under the normal theory linear model. Lin (1994) has shown,
through a study of the theoretical properties of PQL estimators, that they
are reliable for the analysis of independent counts. For the analysis of pro-
portions with low denominators, Breslow and Lin (1995) note that PQL
estimators show substantial bias.

In this paper we aim to assess the suitability of PQL inference for random
effects models where the random effects are correlated. The setting we use
for our illustration and study is that of mapping studies. Mapping rates
is essentially a problem of describing the spatial and sometimes spatio-
temporal distribution of rates over a region. Such distributions display the
geographic variation in mortality or disease incidence and are important
for epidemiological and health-policy purposes. The models in common use
for assessing spatial variation are mixed Poisson models, which incorporate
random region-specific effects. These region-effects may represent environ-
mental factors, and often exhibit spatial correlation.

In this work a correlated mixed Poisson model and penalized quasi-
likelihood estimation for this model will be described. The model includes

437



438 PQL Evaluation

an interaction between random regions and fixed age effects (Dean, Ugarte
and Militino, 2001). An analysis of mortality data from British Columbia
(B.C.), Canada, over the five-year period 1985-1989 will be presented. We
will also evaluate the behaviour of PQL estimators for small samples us-
ing the basic scenario as encountered in the analysis of the B.C. mortality
data, but also encompassing different levels of spatial correlation and re-
duced population sizes. Our results show that the PQL estimators have
fair small-sample properties. When mortality counts are small, however,
our simulations show a greater deterioration in the performance of the
PQL estimators of the variance components than that for the parameters
in the mean.

2 Description of the Model

Suppose the area under study is divided into I contiguous regions labelled
t =1,...,I. In British Columbia, these are termed local health areas, and
I =79. Let C;; be the number of stratum-specific (e.g. sex, disease) deaths
in the i-th region for the j-th age group j = 1,...,J. Conditional on the
random region effects, the number of deaths in each area is assumed to
be Poisson distributed with mean j;; = e;;7;5, where r;; are the unknown
relative risks of mortality from the disease, treated as random effects, and
e;; are the ‘expected’ number of deaths. That is, given the random effects

Tij,
Cij'mj ~ POiSSOD(eijTij) (1)

where e;; = n;jm;, ny; being the corresponding population count in the
time period considered and m; being a fixed age effect representing the
mean mortality rate for the j-th age-group. We decompose the region by
age-group log-relative risks as the sum of two independent components:

10g7"ij = u; + Wi - (2)

The term u; models both intrinsic Gaussian autoregression (Besag, 1974),
representing local spatially structured variation, and the unstructured het-
erogeneity of the relative risks which is usually associated with covariates
not included in the model. Here u ~ N(0,D,,),D, = c2(AQ~ + (1 —\)Ly),
where Q is determined by the neighborhood structure of the regions and I,
is an identity matrix; A determines the relative weights between the spatial
and the unstructured variation. When A = 1, there is no unstructured het-
erogeneity, and the random effect u; can be interpreted conditionally given
u_;, the set of random region-effects excluding the ith:

uilu_; ~ N(as,;05/8:), (3)
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Us; is the mean of the random effects corresponding to the regions in the
‘neighborhood’ of the ith and §; is the number of regions forming this
neighborhood. Neighborhoods may be defined in various ways, depending
on the context of the analysis, but one common definition is simply the set
of regions which share common boundaries with the ith region, and this
definition is adopted in our analyses described later. In this case Q has ith
diagonal element equal to the number of neighbors of the ith region and the
off-diagonal elements of each row equal —1 if the corresponding regions are
neighbors and 0 otherwise. The more general formulation for user-specified
weights 1);; linking regions ¢ and j is

Yo iguy o2
| W—q ™ N Z ) = )
ke < 2% X wz‘j)

that is, the conditional mean of u; is a weighted mean of the other region-
effects. The conditional distribution (3) is appropriate for the 0/1 adjacency
weights used here. When A\ = 0, there is no spatial correlation in the data
and u; ~ N(0,02) independently. Because the specification is in terms
of conditional distributions, Q is a singular matrix (Besag, 1974; Besag
and Kooperberg, 1995). In generalized linear modeling, the typical solution
would be to reduce the problem to that of estimating a reduced set of
random effects with full rank variance matrix. This can be equivalently
handled using the Moore-Penrose generalized inverse, Q~ (Harville, 1997,
chp. 20), which is the approach used in our applications.

The term w;; in (2) represents an age-region interaction term, w;; ~
N(0,02), independent of u;, i =1,...,1.

PQL estimation is an approximate inference technique for generalized linear
mixed models which uses weighted least squares algorithms for estimation
of parameters in the mean along with likelihood equations from an approx-
imating normal model for estimating variance components. In terms of a
generalized linear mixed model, (1) and (2) can be expressed more gener-
ally as E(C|b) = u® = g~ !(offset + Xa + Zb), where C is the vector of
responses, in our situation, mortality counts Cj;; o is the vector of fixed
effects, here a = (logm;,j = 1,...,J) ; X is the corresponding design
matrix here of dimension IJ x J; the offset for the mapping scenario is
the known vector of the logarithm of the population counts n;;; b is the
vector of random effects, here b = (u?,w)T, Zb = Zju + Zow, Z; and
Z5 being corresponding design matrices having dimensions IJ x I and I1J
square respectively, with Z; being an identity matrix. The function g=1(.)
is the inverse of the so-called link function, so g(u®) is the linear predictor
7. For the log-linear specification used here, n = log (u®), so g~! is the
exponential function, and 7;; = logp;; = logn,; + logm,; + u; + w;; (see
(2.1) and (2.2)).

The integrated quasi-likelihood function is
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B 1 1 _
ID| 1/2/eXp —§Zdij(yijnu?j)_§bTD "o db

4,9

with

nw
Yy—u

d(y, p) = *2/ o du

Yy

and var (b) = D,

D, 0
b= ( 0 o021, ) ’

where I, is an identity matrix of dimension I.J. Breslow and Clayton (1993)
exploited ideas on Laplace methods for integral approximations. By taking
a quadratic expansion of the term in the exponent about its maximizing
value before integration, the penalized quasi-likelihood is obtained. This
leads to a Laplace approximation to the integrated quasi-likelihood.

To correspond closely with the normal mixed effects model so that an
iterative weighted least squares algorithm may be applied to estimate the
fixed effects, Breslow and Clayton (1993) define a working response vector
Y to have components Y;; = n;; —offset + (Cy; — ps5) g’ (14i5), where ¢’ is the
derivative of g; here ¢'(pi;) = 1/pi;. The associated normal theory model
is then

Y = Xa+ Zb+e, (4)

where € ~ N(0, W), W = diag{var(C;;|b)[¢' (1:;)]*} ~*. The estimate of
a is obtained as & = (XTV1X)"1XTV~1Y  with estimated asymptotic
variance (XTV’lX)fl7 V=W='4+2ZDZT. In our mapping context, V =
W=+ Z1D,Z¥ + 021, and W = diag (pij). Note that this estimated
asymptotic variance does not account for the additional variability which
results in the typical scenario where variance components are estimated,
hence standard errors of the m;’s may be underestimated. Random effects
are estimated as empirical Bayes estimates of their posterior mean given
the data: b = DZTV =LY — Xa).

For estimation of the variance components, the restricted maximum likeli-
hood (REML) equations are employed (Harville, 1977),

(Y - X@)Tv—lc%vv—l(y — X&)

1%
—tr(PaQT)]—O, r=1,2,3 (5

N =
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where P = V_1/2(I — H)V-Y2 H being a projection matrix typically
called the hat matrix, H = V-12X(XTV~-1X)"1 XTV~1/2, The asymp-
totic variance of § is Z~!, where 7 has components

T, = (1/2)tr [P0V /09,)P(DV /36,)], r,s =1,2,3.

3 Results

Penalized quasi-likelihood is a very straightforward technique to implement
for GLMMs. Our simulation results (not shown here. See Dean, Ugarte and
Militino, 2003) indicate that PQL estimators have little bias for the cor-
related model considered, except when means are very low yielding sparse
data with an abundance of zero counts. These results suggest that PQL
may be reliably used for exploratory studies, such as routine map produc-
tion at health agencies. Other approaches, e.g., Markov Chain Monte Carlo
methods, are available for etiological studies and other detailed analyses.

Acknowledgments: The research of Ugarte and Militino has been sup-
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(project Res. 1878/2001). Dean’s research was supported by the Natural
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Abstract: We discuss properties of the score statistics for testing the null hy-
pothesis of homogeneity in a Weibull mixing model in which the group effect
is modeled as a random variable and some of the covariates are measured with
error. The statistics proposed are based on the corrected score approach and they
require estimation only under the conventional Weibull model with measurement
errors and does not require that the distribution of the random effect be specified.
The results in this paper extend results in Gimenez et al. (2000) for the case of
independent Weibull models. A simulation study is provided.
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failure time model.

1 Weibull Measurement Error Models with a
Random Effect

Consider a sample divided into k groups and let T;; be the event time to
the individual j in the group 4, with j = 1,...,n;, and i = 1,...,k. The
log-linear Weibull model with a random effect, models logT;; as

logTy; = Ui + Blzij + Buij + ocij, (1)

where the €;;s are independent and identically distributed (i.i.d.) random
errors with standard extreme value density function f(e) = exp(e — e€),
e € . We consider z;; a covariate vector correctly observed and z;; an
unobserved variable which is measured with error. We assume an additive
functional measurement error model relating the observed (surrogate) w;
and the unobserved x;;, which is expressed as w;; = x;; + 175, where 77ng
represent unobserved i.i.d. errors with distribution N (0, ¢). The random
effect for group 7 is represented as

Ui = a+ 0"V,
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where the V/s are i.i.d. random variables with, E[V;] = E[V}] =0, E[V?] =
1, and E[V;™] < oo, m > 3, and otherwise unspecified distribution function
F. We assume that U, 75, €;; are all independent.

2 DMarginal Likelihood

Consider that survival times are subject to right censoring and that censor-
ing is random, uninformative and independent of U;. Set §;; = 1 to indicate
a failure time and d;; = 0 to indicate a censoring time. Let Y;; be the ob-
served log survival time for subject j in group i. Denote by A = (y7,0)T,
the vector of parameters, with 4T = (a,,@l,ﬂm, o). The hypothesis of ho-
mogeneity is Hy : # = 0. The likelihood with respect to the conditional
distribution of (Y;;,d;;) given V; is

Lij(Mu(vi), i) = (1/0)° expldijs(wij, vi) — exp(s(wig, vi)],  (2)

where u(v;) = a — 0Y/%v; and s(wij, v;) = (yij — w(vi) — BLzij — Buwij) /o
Note that for v; = 0, L;;(Au(0),z;;) = L;j(vy,2:;) depends only of ~.
Let V; = (Yi1,Yi2,...,Yin,)T and Y = (¥{',...,Y}]), and assume other
vectors denoted similarly. The marginal log-likelihood corresponding to the
observed sample is given by

k n;
I\, x) = Zlog/HLij()\|u(vi),xij)dF(vi). (3)

The solution proposed in Bolfarine and Valenga (2002), follows by making
a Taylor series expansion of the integrand in (3) around v; = 0, which leads
to

o0 (m) m 9
I\ x)=lo(y,x Jerog %xl +Z (7, z:) (V )0

(m) O™ Li(7y, x;)
D™ (3,2,) = (W /L., (@)
where Li(y,2;) = [[;L; Lij(v,z5) and lo(y) = Soi 1 log Li(y, z;), with
L;j(v,xi5) = Lij(Mu(0),z;;) given in (2). Denote s(z;;) = s(z;;,0) =
(yij — a — Blzij — Buwi;)/o. The quantity h;(v,z;) = DEQ)(%%'), can be
written as

1
72

i) = = 4 | (bt —0) | =Y sl )
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3 Naive Tests of Homogeneity

Let S(A\;x) = Ol(A,x)/OA be the score function and I(\;x) = % be
the observed information matrix. Note that S and I can not be computed
when the true z;; is measured with error since it is not observed. One
alternative is to replace the unobserved x;; by the observed w;;, and ignore
the measurement error. Such procedures are termed “naive” procedures.
Let Ag = (90, 0) be the naive estimate under Hy (solution of S(A\, w) = 0,
under Hy : § = 0). According to Valenga (2003), two naive score statistics

to test the homogeneity hypothesis can be defined:

1 k ~ 1 k -
52 i1 hi(Fo, ws 52 i1 hi(Fo, ws
ZO — 2 Z’L:l (,YO w )’ and ZH — 2 Z’L—l (,YO w )’ (6)

VO(S\O,W) VH(Xo,W)

where h; is given in (5), with z;; replaced by wi; and Vo(ho,w) =

- - - -1 -
Too( Mo, W) —Igy (Ao, W) (IW()\O, W)) L,9(Xo, W), considering that Ipg, Iy,
I,9 and I, are elements of I, which is partitioned according to A = (7, 0).
Vit (Mo, W) = 5 00 (B0, wi) — h(Fo, w))?, with b = 3 h /.
However, as is well known (Gimenez and Bolfarine, 2000), the naive score
function S(\, w) is biased and leads to inconsistent inference.

4 The Corrected Score Statistic

The corrected score approach for consistent inference in measurement er-
ror model was considered in Nakamura (1990) and Gimenez and Bolfarine
(1997). The corrected score function S*(\; w) = S*(\; w,Y) is defined as a
function whose conditional expectation E [S*(A;w,Y)|x,Y)] with respect
to w given (x,Y), coincides with S(\; x). Under the normality assumption
for the measurement error, properties of the normal moments generating
function can be used to obtain the corrected score vector for the Weibull
model (1). For this model, we can obtain a corrected log-likelihood function
I* so that S*(\;w) = 9l*(\, w)/dA, which is given by

A w) = 18(% )

% w;)0 (v, w)0 % BE(V;™)
+ Z log |1 + Z " ;

m=3

where 15 (y, w Z Z {0ij {s(wyj) —logo} —exp(s(wij) — f)},

=1 j=1
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FIGURE 1. Simulated levels of corrected (Zc) and naive (Zo, Zi, Znaive) tests
of homogeneity for increasing values of variance of the measurement error (1,000
replications). Without Censoring.

2
1 Uz 2

h;‘(’y, wi) _ ; Z (es(wij)*f _ 51’]’) _ Zes(wij)*f —F, }, (7)

Jj=1 J=1

with F; = Y777 [exp(2s(wi;) — 2f) — exp(2s(wiz) — 4f)], s(wij) = (yij —
a — Blz;; — Bywij)/o and f = (32¢)/20°. D:(m)(’y,wi) is such that,
E[D:(m) (v, wi)|Y, x;] = ng) (v,x;), given in (4). Then, we can compute,
under the null hypothesis, the corrected information matrix I*(Ag, w) =
—(8S*(A\; W) /OX)|x=x,, Where Ao = (X,0). A proposed corrected score sta-
tistic for testing Hy : § = 0, based on results given in Gimenez et al. (2000),
is given by

1 k * (2%
9 = hi , Wi
ZC _ 2 Zz_l (’Y )’ (8)

Ve (5‘87 W)

where 5\6 = (4*,0), is the correct estimate under the null hypothesis (solu-
tion of S*(A\;w) = 0, under Hp : = 0) and h} is given in (7). Considering
the matrices partitioned according to A = (y7,0), V¢ is defined as

Ve ()‘Oa W) = [Vo* ()‘Oa W)]2 G;G ()‘Oa W)?

where  V(Ao,w) = Ijy(Ao, W) — Igv(xo,w) {I%()\o,w)}fl L2 p(Ao, W),
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FIGURE 2. Simulated levels of corrected (Zc) and naive (Zo, Zi, Znaive) tests
of homogeneity for increasing values of variance of the measurement error (1,000
replications). 50% Censored.

with Igy, Ij., I7, and I3, being elements of I*. Gg, is an element corre-
sponding to 6, of the matrix G* (Ao, w) = I* =1 (Ao, W)™ (Ao, W) I* (Ao, W),
with — T*(Xo, W) = 0, ST (Ao, wi)SiT (Ao, Wi).

We consider that to a large number of groups the distribution of Z<, under
Hy, can be approximate to a standard normal distribution, and we can use
the statistic to performing a unilateral test which reject the null hypothesis
to large positive values of this statistic.

We can use the sandwich structure of the variance qf Z¢ to define anqther
naive statistic, Z,qive = %Zle hi (30, wi)/(Vnaive()\o,w))l/Q, where A\ =
(30, 0) is the naive estimate under Hy, h;(50,w;) is given in (5), with x;;
replaced by w;; and V,440e is obtained similarly to Vi, but using the usual
observed information matrix and the sandwich estimator instead of the
corrected functions.

5 Simulation

A simulation study was conducted to compare the performance of the pro-
posed test based on the corrected score Z¢, with the naive tests Zp and Zg
given in (6) and Z,qive. We use a sample with k = 100 and n; = 5 and test
the homogeneity hypothesis. We carried out size simulations based on 1,000
replications, considering increasing values for the variance of measurement
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error (¢), for a nominal size of 5%. We consider uncensored samples and
samples with 50% of censoring. The response was generated for z;; scalar,
assuming that o = 0.5, 5, = 0.8, B, = 1, and o = 0.75. The random
variables V; were generated as i.i.d. N(0,1). The results are reported in
Figures 1 and 2. It is clear that the naive tests get simulated sizes very far
from the nominal levels with the increasing of ¢, while the corrected test
Z¢ has simulated sizes close to the nominal level. Although censoring has
the effect of reduce the level of the test for the naive tests, in general the
use of the corrected test Z¢ leads to improvement in the level of the test.
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Abstract: We consider causal inference for randomised clinical trials which as-
sign patients to an experimental treatment or control and observe repeated event
times as outcomes. The structural accelerated failure time models (Robins and
Tsiatis, 1991) allow to analyze causal effects of observed exposures on a single
non-informatively censored survival time. They parametrize an exposure-specific
transformation of the observed outcome into a potential exposure-free outcome.
Estimation relies on equality of exposure-free distributions between treatment
arms and requires parameter-dependent recensoring of events.

As an alternative, Loeys and Goetghebeur (2002) proposed structural Cox PH
models for the analysis of possibly selective, time-constant exposures. They trans-
form observed hazard rates rather than observed times into potential exposure-
free hazard rates via a function of observed exposure. They thus avoid recensoring.
To handle repeated survival times we extend both structural methods following
the marginal modelling principle. We discuss model-specific constraints and com-
pare advantages. We apply both approaches to analyze recurrent lesions in an
HIV-prevention trial.

Keywords: Accelerated failure time models; Causal inference; Proportional haz-
ards model.

1 Introduction

We consider randomised clinical trials which assign patients to an experi-
mental treatment or control and observe repeated events as outcomes. Once
a significant intent-to-treat effect is found one aims to quantify a causal
dose-response relationship for the experimental treatment. This must ac-
count for treatment actually received when varying levels of exposure to the
prescribed dosing regimen are seen. An observed association between dose
and response does not just reflect a causal effect when different exposure
levels correspond with different risks even in the absence of a treatment
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effect. To answer the causal question: “what if experimental exposures had
been withheld?” potential outcomes are introduced and assumptions for
identifiability are imposed on the latent variables.

Structural Accelerated Failure Time(SAFT) models (Robins and Tsiatis,
1991) parametrize the transformation of observed times into potential expo-
sure-free times in function of observed exposure. Estimation equations im-
pose equally distributed exposure-free survival times between randomized
arms. To avoid informative censoring on the backtransformed scale, a re-
censoring scheme is typically devised which can dramatically reduce the
number of events in the backtransformed dataset and thus reduces the
information available for causal inference.

As an alternative to structural AFT models, structural Cox PH models were
recently proposed by Loeys and Goetghebeur (2002) to analyze the effect of
possibly selective but time-averaged exposures in randomised clinical trials.
Rather than transforming survival times directly, they transform observed
hazard rates into potential exposure-free hazard rates via a function of
observed exposure. In doing so they avoid the need for recensoring.

To analyze events occurring repeatedly over time, we extend both the SAFT
model and the structural PH model. Specifically, we adapt the marginal
methodology of Wei, Lin and Weissfeld (1989) and use robust variance esti-
mators to correct for the possible correlations within women. We compare
advantages and constraints of both methods and apply them to analyze
data from an HIV prevention trial which we describe next.

2 A Causal Question in the COL-1492 Trial

In the randomised, placebo-controlled COL-1492 trial for the prevention of
HIV (Van Damme et al, 2002), female sex workers from different centres in
Africa and Asia were triple blindly randomised to either an experimental
vaginal gel, COL-1492, or a placebo gel, Replens. On both arms of the
trial, women were asked to use the assigned gel before every vaginal act
and the male condom for every sexual act. At monthly scheduled clinic
visits they were tested for HIV, sexually transmitted infections and lesions.
The primary intent-to-treat analysis revealed a significantly negative effect
of the assigned experimental treatment on HIV-incidence.

The hypothesis was raised that high gel exposure might cause lesions which
ultimately give the virus easier access. At every clinic visit women reported
on their sexual acts of various types and the preventive measures that had
actually been taken. Here we set out to estimate the causal effect of the
daily number of vaginal acts with experimental gel on the incidence of
lesions, a recurrent event.

The largest centre Durban had the highest retention rate in the study
(93% after 6 months), saw a borderline significant HIV-effect (Hazard Ratio
= 1.6, p=0.06) and the largest number of observed lesions. We therefore
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concentrate our efforts on estimating the causal effect of gel exposure on
lesions in that centre.

3 A Structural AFT Approach for Recurrent Lesions

Let R; =1(0),i =1,---,n, denote whether the it" person was assigned to
the treatment (control) arm. Consider further the times to K successive
events (observed lesions) T1;, . . ., Tk;, which may be noninformatively cen-
sored by C; (end of study participation). Let Ej; be the daily number of
vaginal acts with the experimental gel between events k — 1 and k (where
event 0 means admission into the trial). Hence Ey; = 0, Vk for a woman on
the control arm. We propose a SAFT-model that backtransforms observed
failure times T}; to potential exposure-free failure times 7} which would
have been observed on the Replens arm. Specifically we assume that for
some value [y of G:

k
Tri(B) < Z(Tll — Ty_1y)e PE )
=1

where Tp; = 0 and 2 means equality in distribution. At the true value [y,
Tki(ﬁo) = T&J_LRZ holds.

To transform censoring times we define a new censoring variable Cy;(8) =
min(C;, Cie P™k), where my = max? , {F1,..., Ex;}. Now testing for
Hy : fp = 8 amounts to testing for independence between Ty, (5) and R;
based on noninformatively right-censored pseudo-data min(T%;(5), Cki(3))
with censoring indicators I(Tx;(5) < Cri(5)). We use the robust score test
from a working Cox PH model with a common effect of treatment for the
distinct event times Tj;(5) but possibly different baseline risks. The es-
timated causal effect BO is then the value of 8 which minimizes this test
statistic. A (1 —a)100% confidence interval becomes the set of values of 3
which are not rejected by this robust score test at the « significance level.
When analyzing T1;, time to first event, in the COL-1492 trial we obtain
e~ P = 1.68 with 95% CI [1.00, 3.13]. As illustrated in Figure 1, the mar-
ginal SAFT-model which includes all K = 6 possible failure times, leads to
an estimated effect e =% of 1.93 with 95% CI [1.06, 3.13]. Thus for women
observed with one treated act per day, the k" lesion time is estimated to
be 1.93 times longer under the potential Replens regimen.

The recensoring scheme explained above reduces an original 62 observed
events to just 35 in the pseudo data set at the estimated causal effect;
while only 25(54) at the lower (upper) 95% confidence limit remain. More
sophisticated and economical recensoring schemes could however be de-
vised. This wins in importance as more structural parameters enter the
model. To avoid recensoring we explore a structural PH model for the re-
current events, which transforms estimated intensity functions rather than
survival times themselves.
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Time to the first event
— Times to all events

95% CI LL: -1.14

chi-squared (1 d.f.)

-2.0 -15 -1.0 -0.5 0.0 0.5 1.0

hypothesized structural parameter

FIGURE 1. Value of the robust score test statistic as a stepfunction of B with the
estimated causal effect Bo and its 95% confidence limits.

4 A Structural PH Approach for Recurrent Lesions

Per woman we consider now a time-averaged measure of exposure, E;, over
the observation period. In addition we define U¥ the potential exposure to
the experimental gel which is experienced when person ¢ is assigned to it.
On the experimental arm UF = E; but in the control arm it is unobserved.
By design UF is equally distributed between randomised arms.

The structural PH model then transforms the compliance-specific hazard
rate of the k'"-failure in the experimental arm, \x(t|{UF = u, R; = 1) to
its counterpart in the placebo arm A\ (t|{UF = u, R; = 0) via a function of
observed exposure and the causal effect g:

Me(tUE =u, Ry = 0) = \(H{UF = u, Ry = 1)e Vo (2)

Because UF is latent in the control arm the hazard rate on the left hand
side is not directly estimable .

To estimate g, we will compare estimated hazards between randomised
arms. At the true value, the corresponding survival distributions must be
equal when model (2) holds. More specifically, we estimate the failure-
specific survival distribution in the control arm: Sk(¢|R; = 0) by the
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Kaplan-Meier method. For a given 1, we compute the exposure-free
failure-specific survival distributions in the treatment arm, following:
S (ﬂ"b) = 23:1 RiSk(thi:LUiE)ewp{iniE}

kaoltly) = D
When model (2) holds together with the randomisation assumption, it im-
plies that

Sk(t|Ri =0)= Sk,1—>0(t|w0);Vk'

A stratified ‘class K’ test (Gill, 1980) with an empirically estimated variance
is devised to compare those estimated distribution functions between arms.
The value of ¥ which minimizes this test statistic yields again the estimated
causal effect.

Conclusion

We find that both the structural AFT and structural PH approaches are
adaptable to the marginal analysis of recurrent event times. In their current
implementation, the former has the advantage of being able to handle time-
varying exposures while the latter avoids efficiency loss due to recensoring.
To guide the practical choice between them one must currently consider
model fit, impact of recensoring and the variation of exposure rates over
time.
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Abstract: L-splines use a linear differential operator to define an underlying form
for a model, then fit a smooth curve subject to a penalty defined by the linear
differential operator and a smoothing parameter. This paper describes briefly
the use of L-splines within the mixed model framework, with application to the
estimation of pasture growth rates in a complex long-term rotation experiment.
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1 Introduction

This paper describes the use of mixed model L-splines to analyse a long-
term rotation experiment in order to predict pasture growth rates. Mod-
elling of a pair of smooth curves for each rotation is required to estimate
pasture growth rate. As the curves do not correspond to a parametric form,
smoothing splines provide a convenient method of fitting curves.

Cubic splines were introduced into the mixed model setting by Wang
(1998), Brumback and Rice (1998) and Verbyla et. al., (1999), who noted
the mathematical equivalence between the penalised sum of squares used
to fit a cubic spline and the mixed model equations for a specific mixed
model. The smoothing parameter can then be estimated as part of the
model fitting process, usually by REML. In this context, the cubic spline
can be built into a general treatment structure and fitted at different levels
of the structure. In addition, random terms can easily be added to account
for other sources of variation in the data.

In the mixed model context, the cubic spline is partitioned into a fixed
linear component plus random terms, with zero expectation, representing
smooth deviations about the linear trend. The penalty is expressed in terms
of the accumulated second derivative of the fitted curve. However, in the
rotation experiment the underlying trend is not linear, but a seasonal cycle
with some linear trend. In this case the cubic spline model seems unnatural,
as it is clear that the deviation about the linear trend is non-zero. In this
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case it seems more natural to use L-splines, which use an underlying form
defined by a linear differential operator and penalise departures from this
underlying form. L-splines based on trigonometric functions can be fit as
linear mixed models. In this paper, we use an L-spline with underlying form
based on linear trend plus simple periodic cycles to model the data from
the rotation experiment.

2 Rotation Experiment

The data analysed in this paper come from a large rotation experiment de-
signed to investigate the influence of lime application and different rotations
on pasture growth rate. Further details of the experimental approach and
design can be found in Li et. al., (2001). The experimental design consisted
of 2 blocks of 40 plots, with eight treatments, using a 23 factorial structure
with underlying factors for perennial versus annual pastures, continuous
pastures versus pasture with crop rotations, and limed versus unlimed.
During any season, each block contained 2, 3 or 6 replicate plots in pasture
for each treatment. For grazing, a three-plot rotation system of replicate
plots was used for all treatments except for the annual pasture/crop rota-
tion treatment where a two-plot rotation system was used. The length of
spell was therefore effectively nested within the rotations. Measurements of
available pasture were taken from plots when a grazing period ended (after
grazing) and at the end of the spell just before the next grazing period
(before grazing). Five years data were available.

The aim of the analysis was to assess differences in the rate of production
of dry matter for the eight treatments, measured as the rate of dry matter
production during the spell between grazing. We used an indirect approach
to estimating relative growth rates via modelling the log of the dry matter
measurements as two paired series of measurements: after grazing and be-
fore grazing. The shape of these separate curves could be modelled closely
in time using splines. For a constant grazing cycle with spell length s and
stocking rate, the relative growth rate at any time can then be estimated
from the lagged difference between the two curves, using the spell time as
the lag. Disturbances in the grazing cycle were adjusted for empirically by
using lack of fit terms that account for variation in measurements around
the underlying smooth curves. In addition, we directly model correlation
over time due to repeated measurements from each plot.

3 L-splines

In the simplest case, we have data y (n x 1), measured with error, and
explanatory variable x with n unique values {1, 22 ...x,}. We specify an
underlying form of curve that is appropriate to the data, described by a
set of core functions u = {u;;j = 1...m} which are annihilated by a linear
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differential operator L, i.e. Lu = 0. An L-spline penalises departures from
the favoured form defined by Lu = 0. For a single spline term, we fit a
model of the form

y=g+e

where g = g(x) for a function ¢(¢). The L-spline is the function g(¢) that
minimises the penalised sum of squares

(v—8)(y—g) + A / (Lg(s)ds (1)

where ) is a parameter that controls the amount of smoothing. Ramsay
and Silverman (1997, section 15.2) prove that, for any basis {u;} such that
Lu; = 0 for j = 1...m, the function g minimising the penalised sum of
squares (for given \) has the form

g(t) = Z dju;(t) + Z cika(zi,t)

where ks is a reproducing kernel function. Recipes for constructing a set of
basis functions for an L-spline with initial value constraints are given by
Heckman & Ramsay (2000). Properties of the reproducing kernel function
can be used to show that the penalised sum of squares (1) can be written
as

(y = Ud — Ke)T(y — Ud — Ke) + AcTKe (2)

where the matrices U and K have elements [Ul];; = wuj(x;) for ¢ =
1...n,5 = 1...m, [K]ij = ka(xj,x;) for i,j = 1...n, d is a vector of
length m and c is a vector of length n.

4 L-spline Mixed Models

Minimisation of the penalised sum of squares (2) requires solution of the

equations A
U'vu UK d) [ Uy
K'U KK+ )\K ¢ /) | Ky

This system of mixed model equations contains implicit constraints U’¢ =
0. We can absorb these constraints into the equations by reparameterising
the penalised sum of squares in terms of ¢ (size n — m) where ¢ = Cé
for any n x n —m matrix C of full column rank such that U'C = 0. The
resulting amended equations correspond to the mixed model equations for
a linear mixed model of the form

y=Ud+KCé+e

with Ud representing fixed terms in the model, KC4 representing a random
model term, and a residual vector e with var(e) = oI, var(§) = c2H~! and
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A = 0?%/02, where H = C'KC. As for cubic spline mixed models (Verbyla
et. al., 1999, Wang 1998, Brumback and Rice, 1998), the spline can then
be estimated by fitting this mixed model with the smoothing parameter
estimated as a variance parameter using REML. For data sets with many
distinct covariate values, the L-spline mixed model defined above can be
difficult to fit, as it may require a large amount of workspace and processing
time. Both these factors can be reduced by using a reduced number of knots,

r say, defined at distinct covariate values t = (¢1, to...t,)".

5 Analysis of Rotation Experiment

The L-spline with core functions {1, ¢, sin(wt), cos(wt)} was used in mod-
elling the log dry matter data. The basic treatment structure of the exper-
iment at any one time can be written as rotation/graztrt where rotation
is a factor describing the 8 different rotations and graztrt describes the
status of each plot with respect to its position in the grazing pattern (af-
ter/before). This leads to the following full model (using Genstat/ ASREML
operators)

fized ~ (constant + lin(t) + cos(wt) + sin(wt)) * (graztrt/rotation)
random ~ plot + lspl(t) + fac(t) + rotation.lspl(t) + rotation. fac(t)
+graztrt.rotation.lspl(t) + graztrt.rotation. fac(t)
residual ~ plot.power(t) (3)

where ¢ is the number of days since 1 April 1992 and w = 27/365.25 is used
to give a periodic cycle with period 1 year (on average). The continuous
variables lin(t), cos(wt) and sin(wt) have the obvious definition. The spline
function Ispl(t) represents L-spline basis functions using 12 equally-spaced
knot points per year. The term fac(t) represents a factor version of the time
variable t and fits a separate effect for each distinct value of ¢ present in the
data. Lack of fit terms (ie. terms including fac(t)) are used to account for
variation in the grazing pattern. The residual term fits a common power
model within plots to account for correlation in measurements across time
within plots. The analysis was done using GenStat and ASREML.

The estimated daily relative rate of pasture growth at time ¢ can then be
calculated as

S B(t+s) — A(?)
fl 5y = =2
where s is the spell time and B(t), A(t) represent the log dry matter data at
time t before/after grazing respectively. Integration across time can be used
to estimate pasture accumulation. As these quantities are all linear func-
tions of model parameters, it is straight-forward to obtain their predicted
values with standard errors.
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6 Discussion

We have illustrated the use of L-spline mixed models in the analysis of com-
plex experimental data where the underlying form has a periodic pattern.
This work adds to the growing list of types of smoothing splines that can be
fitted within mixed models. Other examples include the P-splines of Eilers
and Marx (1996) and the related penalised splines of Parise et al (2001).
Further work is required to determine the relative merits of different spline
types in the mixed model context.

Acknowledgments: Several authors (SW, GL, BC) would like to ac-
knowledge the funding of the Grains Research and Development Corpo-
ration of Australia.
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Abstract: Electronic instrumentation provides many examples of ‘fat’ data
(n<p) and one succesful method, PLS, for its analysis is somewhat neglected by
statisticians. We show how tracking the independence graphs of the sequence of
transformations of the PLS algorithm leads to a clear description of the indepen-
dence structure of the derived components and to formulating a bilinear factor
model for generating the observed data.
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1 Introduction

PLS originates from some papers of Wold in the 60’s and 70’s, and, while
there is no universal agreement on the best description of the PLS proce-
dure, if the variance matrix of the explanatory variables X is singular, it
is acknowledged that PLS performs well when ordinary least squares fails.
PLS has many adherents, especially from chemometrics and food science;
it is a technique that works well in practise, especially for the analysis of
data incorporating spectrometer readings. Martens and Naes (1989) give
an extensive practical exposition. An excellent recent theoretical review of
the statistical basis for PLS is given by Helland (2001).

The statistical community is somewhat more sceptical. Stone and Brooks
(1990) suggests that the methodology, in particular the choice of optimisa-
tion criterion, is arbitrary. Later Butler and Denham (2000) point out some
rather non-intuitive shrinkage properties of the PLS procedure. However in
applications, it is empirically competitive with other similar statistical pro-
cedures such as ridge regression and principal components regression, for
instance see Frank and Friedman (1993).

In Section 2 we summarise the linear least squares prediction framework
needed to build independence graphs for the PLS procedure which itself is
described in Section 3. The paper ends with a few concluding remarks.

2 Linear Least Squares Prediction

We follow Whittaker (1990) but also see Christensen (1991). Suppose
that X(p x 1) and Y(g¢ x 1) are random vectors with some joint distri-
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bution, and with expectations E(X) and EY. The covariance cov(X,Y) is
a bilinear operator, and for the purposes of this paper we suppose that
X1Y < cov(X,Y) = 0 identifying independence with zero covari-
ance. The LLSP is E(Y|X)= E(Y) + cov(Y, X)var(X)![X — E(X)]. The
alternative shorthand notations for the LLSP, Y and ?(X ) prove useful.
Note that ¥ = BX where B = cov(Y, X )var(X)~! is the matrix of predic-
tion coefficients. The LLSP satisfies the important orthogonality condition
cov(Y — E(Y]X),X) = 0 or, equivalently, Y — E(Y|X)1 X. The partial
variance is defined as variance of the residual var(Y|X) = var[Y — E(Y|X)],
and the partial covariance by cov(Y, Z|X) = cov[Y —E(Y|X), Z —E(Z|X)].
The adjective ‘partial’ has the same meaning as in partial correlation,
rather than as in PLS. The criterion for conditional independence, Lau-
ritzen (1996) or Whittaker (1990), is defined here by X 1Y|Z <=
cov(X,Y|Z) = 0, and defines the missing edges in the independence graphs.
The transformation: (X,Y)~(X,Y —Y), of the joint vector (X,Y) to X
and residual of Y from the LLSP has associated graphs

O—®
QY—?

~»

The graph on the right displays the fact that X 1Y — 5?, and that the link
from X to Y is deterministic. Thick arrows are used to display deterministic
(logical or functional) relationships.

The decomposition

Y=Y+Y_-Y=BX4+Y_-Y

is a deterministic identity.
A generative statistical model can be built from this LLSP identity by
supposing the random vector E exists exogenously, F1 X, B fixed, and
Y = BX + E, with graph

If var(E) = var(Y'|X) and B is identical to the above prediction coefficients

then samples of (X,Y) taken from the original distribution of (X,Y) or
taken from (X, E) cannot be distinguished by inspection of second order
statistical properties.
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3 The PLS Population Algorithm

The PLS procedure is usually described by an algorithm, for instance,
Martens and Naes (1989) pl19. We follow this but express the procedure
entirely in terms of prediction of random vectors suppressing any reference
to samples of size n, that is, in population terms, Helland (2001).

We suppose Y is scalar, ¢ = 1, though this is easily generalised. The algo-
rithm is

Initialise by setting E(X;) =0 and var(X;) =1fori=1,...,p.
Repeat the two steps: 1 Compute the direction

c=arg lmax cov(d' X,Y).
ala’a=1
2 Adjust for T = ¢’ X by replacing X and Y by their residuals X —
E(X|T)and Y — E(Y|T).

Stop the procedure at step k if cov(X,Y|T1,...,Tk+1) = 0, result-
ing in components (71,...,7T)) from which the final predictor
E(Y|T,..., ) may be formed.

There are some obvious remarks to make about the procedure. It reduces
the effective dimension of the explanatory model from p to k components.
Any computation of var(X)~! is avoided, and, the canonical correlation
constraint a’var(X)a = 1 is replaced by a’a = 1. These components are
inherently informative about Y because of the way the loadings coefficients
c are chosen, and so likely to be predictive. The components are mutually
independent, 1L (Ty,T5,...,T)) so that E(Y'|T1, T2, ..., k) may be formed
as a sum. There is a downside, the initial scaling is arbitrary as is the
optimised criterion maxg|q/q—1 cov(a’X,Y’). More importantly, there is no
explicit statistical model, and thereby no default statistical inference.

The independence graphs that map this sequence of PLS transformations
begin with the display of the graph for (X,Y") and, by extracting ¢; from
(X,Y), introduce T7 and the residuals (X1, Y1) after adjusting for Ty

)’(\1
}’)1
Xy =X — X!
yi=Y - 7!
~»>
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Note that the component is independent of the residuals, Ty 1L (X7, Y7),
after adjusting for the the first component.
Extracting ¢ from the distribution of (X7,Y7) creates Ts.

o1 —~2 —2
X X1 Xo=X1 — X
o1 ~2 ~2
Y Y1 Yo=Y — Y1

The procedure would stop at k 2 if XollYs or equivalently if
cov(Xs,Ys) = cov(X,Y|T1,T2) = 0, and there would be no edge between
X5 and Y5 in this graph.

A generative model is formed by replacing the residuals by independent
stochastic errors, F, F, as with the LS model above, by replacing the
components by exogenous latent random variables, Z1,Z2, and by re-
interpreting X', Y! as predictors from Z; rather than from 7). Assuming
1 {Z,Z5, E, F} their graph is

—~2

= OF
EoSl ~2
g el

The observed values of X and Y are linear combinations of the predictors
and the errors so that

X = AZ+FE
Y = BZ+F

and two versions of the independence graph for the generative model are

and
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4 Concluding Remarks

This model is an instance of a common factor model, which has been de-
scribed in the PLS literature by Martens and Naes (1989) and proposed for
explicit model fitting by Burnham et al. (1999). The model as stated here
is under specified. For instance, while the independence structure (zero co-
variances) is clear the variance matrices of the stochastic errors may be set
in a variety of ways and additional assumptions are needed to make a full
statistical data analysis.

Furthermore the final model is not specific to PLS. Any procedure that
extracts sequences of linear combinations from (X,Y’) and then from their
residuals has the same sequence of independence graphs. The PLS choice,
characterised by restriction to combinations of X alone with coefficients
proportional to individual covariances, is not explicitly displayed in the
graphs. For further insight, see Helland (2001).
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Abstract: Analysis of covariance (ANCOVA) is often used in analyzing data
from randomized clinical trials, in which each subject has a pre- and a post-
treatment measurement, serving as covariate and outcome, respectively. Also
generalized least squares (GLS) related methods, like GEE and multilevel analy-
sis, can be used to analyze such data with pre- and post-treatment measures
treated as repeated measures. In this paper, these GLS related methods to es-
timate a treatment effect, i.e. difference in post-treatment expectation between
two groups, are compared with ANCOVA where different assumptions are made
about the regression slopes and residual post-treatment variances. We found that
ANCOVA is preferred to the GLS method when regression slopes are homoge-
neous, because of unbiased treatment effect and variance estimators, irrespective
whether residual variances are homogeneous or heterogeneous. In case of hetero-
geneous slopes and homogeneous residual variances, GLS could not be applied
with present software and, therefore ANCOVA must be used. Finally, in case
of heterogeneous slopes and residual variances, the GLS method is preferred to
estimate an overall treatment effect, because it takes into account the variability
of the pre-treatment mean estimator. But for estimating a conditional treatment
effect that depends on the pre-treatment value ANCOVA should be used.

Keywords: Analysis of covariance (ANCOVA); Generalized least squares (GLS);
Treatment effect estimators.

1 Introduction

Analysis of covariance (ANCOVA) is often applied to data from randomized
clinical trials, in which each subject has a pre- and a post-treatment mea-
surement, serving as covariate and outcome, respectively. Also generalized
least squares (GLS) related methods, like generalized estimating equations
(GEE) and multilevel analysis, can be used to analyze such data.

The purpose of this paper is to compare ANCOVA with these GLS related
methods to estimate an unconditional treatment effect, defined as the ex-
pected difference in post-treatment values between two treatment groups,
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where different assumptions are made about regression slopes and residual
post-treatment measures.

2 Methods

Consider a randomized study of G treatments and a quantitative outcome
variable. In group g, subject 7 has a pre-treatment measurement x4 and
a post-treatment measurement yg; ¢ = 1,2,...,G and i = 1,2,..., Ng.
Because of the randomization all groups are assumed to have the same
pre-treatment expectation p, and variance o2. The within-group post-
treatment expectation pg and variance 03 as well as the covariance be-
tween pre- and post-treatment measures oy, -y may be influenced by the
treatments, indicated by subscript g. The pre- and post-treatment mea-
sures are assumed to be bivariate normally distributed with expectation
vector (fig, ftg)" and covariance matrix V. The treatment effect between
groups g and ¢’ is defined as the difference in post-treatment expectations,
Le. Tg. g = flg — g’

The non-parallel lines ANCOVA model is a conditional model, in which
the post-treatment measure y,; is given conditional on the pre-treatment
measure Ty, i.e.

Ygi = 690 + 6g1 (xgi - ,uz) + €gi, (1)

where (4,0 and (341 are the group-specific intercept and slope of the
regression line of group g, respectively. The classical ANCOVA model
assumes that the errors ey are normally and independently distributed
with mean zero and homogeneous within-group variance o2. But, in case
of heterogeneous slopes (341, ANCOVA can account for heterogeneous
residual variances across the groups by applying model (1) to each group
separately. Since the pre-treatment measurement in model (1) is written
as a deviation from the population mean, (xg; — ftz), Bg0 is not only
the conditional expectation for a subject with an average pre-treatment
value, but also the unconditional expectation pg. Thus, the unconditional
treatment effect 744 = Bg0 — By0. The classical parallel lines ANCOVA
assumes, additional to homogeneous residual variance, homogeneous slopes
across the groups, i.e. 11 = P21 = ... = Bg1- In this case, u, can be
omitted from the model without affecting the treatment effect estimators.
In case of homogeneous slopes, heterogeneous residual variances imply
that weighted least squares (WLS) estimation should be used instead of
ordinary least squares (OLS) estimation (see e.g. Diggle, Liang and Zeger,
1994).

Equivalent assumptions to the ANCOVA assumptions of homogeneous or
heterogeneous slopes and residual variances can be made in multilevel and
GEE models. Therefore, the ANCOVA treatment effect estimators and
variances can be compared by those obtained from multilevel analysis or
GEE under different assumptions about the ANCOVA regression slopes
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and residual variances.

3 Results and Conclusions

The covariance parameters of the repeated measures, o2, og and o0y, gy as
well as the pre-treatment expectation p, are generally unknown and have
to be estimated.

In case of homogeneous regression slopes, ANCOVA is then preferred to
multilevel analysis or GEE, because ANCOVA leads to unbiased treatment
effect estimators and variances, irrespective whether residual variances are
homogeneous or heterogeneous. The variances of the GLS treatment effect
estimators obtained from multilevel analysis or GEE are biased downwards,
because they ignore the variability in the estimators of o2, 03 and og; 5y
In case of heterogeneous regression slopes, ANCOVA as well as the GLS
related methods lead to biased variances of the treatment effect estimators,
irrespective whether the residual variances are homogeneous or heteroge-
neous. ANCOVA ignores the variability in the estimator of p,, while the
variability in the estimators of o2, 03 and o, 5y is ignored in the variance of
the GLS treatment effect estimators. In case of heterogeneous slopes and
homogeneous residual variances, ANCOVA is preferred to GLS, because
GLS can not be applied with the present software, like SAS (release 8.02).
But, in case of heterogeneous slopes and residual variances, GLS related
methods may be used to estimate an unconditional treatment effect instead
of ANCOVA, because the variability in the estimator of u, can be crucial
especially when the regression slopes are quite heterogeneous. More details
about the treatment effect estimators and variances as well as the biases
in the variances can be found in our paper that has been submitted for
publication.

4 Discussion

Kenward and Roger (1997) discussed some simulation studies and pro-
posed to use inflated estimated covariance matrices V, to adjust for the
variability in the estimators of o2, 03 and oy, 5, which was ignored in the
variance of the GLS treatment effect estimator. In their paper, the adjust-
ment procedure, which is also implemented in standard software like SAS,
was successful in reducing the bias in the variance of the GLS treatment
effect estimators. But Kenward and Roger also warned that the proposed
adjustment procedure may not be so successful in general as it was in their
paper.

The present paper discussed the estimation of unconditional treatment ef-
fects, but treatment effects can depend heavily on the pre-treatment value
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in case of heterogeneous regression slopes (see e.g. Fleiss, 1986). Such con-
ditional treatment effects can be important for a patient with a particular
pre-treatment value. Then, ANCOVA is also preferred to multilevel analysis
or GEE in case of heterogeneous regression slopes and residual variances.
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Sales Forecast for a Pharmaceutical Product
Based on Optimal Allocation of Sales Calls
and Product Samples
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Abstract: This paper outlines a methodology for optimal allocation of sales calls
and product samples among 7200 physicians. Implementation of this methodology
led to a 10in the number of prescribing physicians within a month of implemen-
tation.
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1 Methodology

The objective of this paper is to demonstrate a sales forecasting methodol-
ogy based on the optimal allocation of sales calls and product samples (call
and sampling plans). The purpose of these plans was to increase sales and
market penetration by assessing optimal quantities and allocation of calls
and samples over time among 7200 physicians. We performed a trend analy-
sis on the new and total prescription data for different physician groups
structured according to their market potential and market share. From
this analysis, optimal number and allocation of sales calls and product
samples was determined by building response surfaces” based on the num-
ber of prescriptions (TRx) as a function of number of calls and samples per
physician for a given period of time. We refer to Figure 1 for a graphical
representation of a ”response surface”.

2 Implementation

The analysis showed that both, prescription volume per month, and trends
over time, were substantially different for physician groups depending on
the market share of our products and physician-specific prescription vol-
ume within given dermatology market segment. For example, growth for
physicians with high market share was limited, and promotional activities
were only supporting current market share. Respectively, high sales call
frequency and samples were not generating additional prescriptions. On
the other hand, higher call volume and increased sample allocation were
generating significant incremental prescription volume for doctors with low
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Surfaca Plet of TR, Samples, and Calls

FIGURE 1. Prescriptions as a function of sales calls and product samples.

market share, especially those with high potential (determined by the physi-
cian’s overall prescription volume within particular market segment). Op-
timal call frequency and sample allocation were implemented by the Con-
netics’sales force.

Sales forecast was built using dynamic regression model based on the lagged
values of dependent and explanatory variables. We refer to Figure 2 for a
graphical representation of the 2003 forecast. Prescription volume was used
as a response variable with sales call and product sample allocation over
time used as explanatory variables. Additionally, overall market volume
over time was used to better define seasonality. Current sales force capacity
was taken into account: optimal number of sales calls per sales represen-
tative could not exceed his/her annual capacity. Budget-driven restrictions
were imposed on the optimal sampling program.

3 Results

We were successful in designing optimal sales call and sampling plans as
we have experienced significant growth in sales of our products after imple-
mentation of this program. Total number of prescriptions per business day
in the months following implementation of the plan was growing 10-12a
graphical representation of actual sales before and after implementation of
a new plan in October. Additionally, as a result of our recommendations,
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Sales

1z

Year

FIGURE 2. Sales forecast.

the total number of doctors prescribing our products increased by 18pro-
gram. These results were further used to generate sales forecast for the first
quarter of 2003 and beyond.

Acknowledgments: Special thanks to Mr. Greg Vontz of Connetics Cor-
poration for valuable discussions and recommendations.



474 Optimization of Sales Call and Sampling Plans

Aetual Sales
Bew plan implemeantad In last three monthe
2500
2000
17 500
1 kA
H
15000

FIGURE 3. Actual sales before and after implementation of a new plan in Octo-
ber.
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Abstract: The wandering ideal point models display ranking data graphically.
However, when the number of items to be rank is large, direct maximization of the
likelihood function is computationally demanding and numerically unstable. In
order to tackle this problem, we adopt a Bayesian approach via MCMC method
to estimate the parameters. Simulations are done to demonstrate the proposed
estimation method.
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1 Introduction

Rankings appear in our everyday life. Marketing research companies want
to know the preferences of consumers on different brands of a certain prod-
uct. Gamblers want to know the ordering of horses in races, but they are not
interested in the actual running times of the horses. In addition, rankings
eliminates the effects of different scale usage of individual and arbitrar-
ily assignment of the scale in ratings. Proper statistical analysis of these
ranking data helps us to study the individual’s preference-behaviour.

1.1 Ranking and Ordering

Some people may think that ranking is the same as ordering. Indeed, or-
dering is a list of items which is according to the acending or decending
order-preferences of the judge, while ranking is a list of ranks correspond-
ing to each item. For example, if a judge is presented to k = 3 items,
tram (item 1), taxi (item 2) and bus (item 3). The ordering (bus, tram,
taxi) means that the judge prefers taxi to tram to bus. We may also code
the ordering as (3,1,2). The ranking of the judge is (Riram, Rtaxi, Rbus) =
(R1, Ra, R3) = (2,3,1), because the judge most prefer item 2, item 2 has
rank 3. Similarly, the judge least prefer item 3, item 3 has rank 1. Once we
know the ordering, we know the ranking, vice versa.
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1.2 Interpretation of Ranking Data

Although ranking data is very common, people usually analyze it wrongly.
They may treat the discrete ranking data as a continuous scale and then
simply use regression or ANOVA to analyze it. Frequently, the very first
step of statistical analysis involves data visualization. This helps us to have
an insight of the data.

2 Wandering Ideal Point Model

Wandering ideal point model (WIPM), independently developed by De
Soete, Carroll and DeSarbo, and Bockenholt and Gaul in 1986, has been
widely used in paired comparison of items. For example, if the judge is
present to 3 items, he has to make comparisons between items 1 and 2,
items 2 and 3, and items 3 and 1. It visualizes individual preferences, so
that layman can understand the results easily. However, due to the difficulty
in calculating the likelihood function of the wandering ideal point model,
no applications on analyzing ranking data using this model for more than
5 items have been found in the literature.

A 03

01 . Le

(‘)y g
L

FIGURE 1. An illustration of a 2-dimensional WIPM.

Figure 1 shows a 2-dimensional model. 01, 8> and 3 represent the items to
be ranked, while x; and x, show the location of judges j and ¢. The judges
sample from the distribution Ny4(u,I"), where I' is a diagonal matrix. The
distance between x; and 6, is smaller than that of #;, which is in turn
smaller than that of #3. Judge j would prefer item 2 to item 1 to item 3,
therefore, ranking of judge j is (2,3,1) and ordering (3,1,2). Similarly, the
ranking of judge ¢ is (3,1, 2). Moreover, a new x is sampled from Ng(u,T)
each time when a set of items is presented to the judge. Therefore, the ideal
point of the judge ”wanders’ around p from trial to trial, which gives rise
to the name of the model.
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2.1 Restricitons in Developing the Model

Since the likelihood function is very complicated for the wandering ideal
point model, the studies of De Soete et al.(1986) and Bockenholt and
Gaul (1986) only focused on paired comparisons data. This requires high-
dimensional integration and the complexity increases with the number of
items to be ranked. The adoption of the classical approach in the parameter
estimation restricted the development of the model.

3 Methodology

To overcome the problem discussed in Section 2.1, in our context we adopt
a Bayesian approach via Markov chain Monte Carlo methods. Methods
proposed here is similar to the one used by Yu and Chan (2001). In order
to calculate the posterior distributions, data augmentation (Tanner et al.,
1987) is used in our method. Since the ordering of the distances between
the items and the judge determines the judge’s ranking, we can add the
utilities of each judge on the items, which are equal to the negative value
of corresponding distances, to the model. Note that we can only observe
the ranking, the utilities are unobservable.

3.1 Gibbs Sampler
The Gibbs sampler of the WIPM contains the following 5 steps:

1. Simulate U;; given z;, p, I',©, R;

2. Simulate x; given Us;, u, I', O, R;

3. Simulate p  given Usj,z;,I', 0, R;

4. Simulate I' given Uy;, x5, 14,0, R;

5. Simulate © given U;j,x;, 1, I', R;
where © = (01,63, ...,0;). The only difference between our approach and
that of Yu and Chan (2001) is that the full conditional distribution of ©
is non-standard. Therefore, we proposed to use the Metropolis-Hastings
algorithm to generate random variates of ©. The Metropolis-Hastings al-
gorithm involves a proposed density and a target density, and 3 proposed
densities have been tried: (a) Random-Walk (b) Random-Walk with Depen-
dence and (c¢) Independence. Figure 2 shows the first 20,000 Gibbs iterates

of A1 based on these three methods. It can be seen that only Independence
Metropolis-Hastings algorithm can get convergence.
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FIGURE 2. 051 against Number of Iterations.

4 Simulation Studies

The true values of the parameters and the results of the simulation studies
with 1000 judges and 6 items are shown in Table 1. The number of itera-
tions is 20000 and the burn-in period is 10000 in the Gibbs Sampler. The
Independence Metropolis-Hastings Algorithm is chosen for simulating ©.
The initial value for p is (1,1), T is I and #’s are (0,0)’. Proper but vague
conjugate prior distributions were used. The results are satisfactory.

5 Conclusion

The proposed method is efficient in estimating the parameters for the wan-
dering ideal point model for ranking data. The CPU time runs on Compaq
Proliant system was about 10 minutes in our simulated studies.
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TABLE 1. Table of Simulation Results.

True Posterior 90%
Parameter Value Mean S.D. Interval
M1 0.4 0.3998 0.0531 (0.3413, 0.5197)
2,1 0.6 0.5913 0.0438 (0.5192, 0.6648)
s 1.2 13013 0.1491 (1.1913, 1.6722)
[ao 1.2 1.2619 0.0878 (1.1182, 1.4111)
01,1 -0.8 -0.8137 0.0317 (-0.7659, -0.8506)
01,2 -1.0 -0.9944 0.0382 (-1.0543, -0.9394)
02,1 1.0 1.0170 0.0399 (0.9132, 1.0481)
02,2 -1.0  -0.9843 0.0281 (-1.0392, -0.9461)
03,1 0.5 0.5293 0.0330 (0.4706, 0.5808)
032 0.8 0.7899 0.0333 (0.7196, 0.8319)
041 -1.0 -1.0354 0.0380 (-1.0674, -0.9436)
042 0.5 0.4478 0.0300 (0.4124, 0.5113)
05,1 0.3 0.3027 0.0228 ( 0.2629, 0.3381)
052 -0.5  -0.5036 0.0281 (-0.5437, -0.4514)
06,2 1.2 1.2445 0.0336 ( 1.1704, 1.2875)
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Abstract: Registrations in epidemiological studies suffer from incompleteness,
thus a general consensus is to use capture-recapture models. Lately there has
been a thrust to incorporate covariates which relate to the capture probabilities in
order to improve the estimate of population size. In this presentation we evaluate
the usefulness of partially-overlapping covariates and furthermore show how data
can be analyzed if the covariates are unobserved for some individuals.

Keywords: EM algorithm; Population size estimation; Capture-recapture;
Multinomial logit model; Log-linear model.

1 Introduction

The multiple-record systems estimator is widely used to estimate the size
of epidemiological populations using several incomplete registrations (or
lists). These registrations usually contain a large number of covariates. In
most capture-recapture studies observable heterogeneity is usually taken
into account by the use of fully overlapping covariates. These covariates can
be easily incorporated in log-linear or multinomial logit models. Accounting
for observable heterogeneity has been shown to minimize the bias of the
estimate of the population size (see Alho, 1990).

In this presentation we evaluate the usefulness of partly overlapping co-
variates in the multiple system estimator. There is little or no information
on the use of non-overlapping covariates. If these covariates are related to
the inclusion probabilities in-line with the problem with fully overlapping
covariates we presume that any estimation (or analysis) excluding them
results in a bias.

A simple way to analyze capture-recapture data with non-overlapping co-
variates will be to replace (impute) each missing value with a single reason-
able proxy (alternatives are the mean, random hot-deck, and model-based)
for each missing value. This approach is usually called single imputation
as only one value us assigned to each missing value. Once the data are
imputed, capture-recapture methods incorporating covariates can then be
used. The main deficiency of single imputation is that the single value im-
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TABLE 1. Simple problem 2

List 2
List 1 Not included Included
Not included TO(++) Na(41)  N2(+2)
Included ni(14) n3a1)  M3(12)
n1(24) n3(21)  N3(22)

puted underestimates the true variability as the imputed value is assumed
known with certainty rather than missing in the analysis.

Therefore we take another approach. We will assume that the covariates are
missing at random (MAR) in the sense of Little and Rubin (1987); that is,
the probability of missingness depends only on the observed data (includ-
ing the response). This is a reasonable assumption here, because almost all
of the missingness is due to unasked questions. Thus we assume that the
missingness provides no information about the underlying process, imply-
ing that the missing data mechanism is ignorable (see Little and Rubin,
1987). If these assumptions hold, the data can be efficiently analyzed using
methods for data that are MAR, for example, the EM algorithm and mul-
tiple imputation. For this presentation we concentrate on problems where
all the covariates are categorical.

In Section 2 we illustrate how the EM algorithm can be implemented for
simple cases, that is, where all the covariates are categorical. We show a
scenario where ignoring the missing covariates and using traditional meth-
ods would result in unbiased estimate of the population size. An analysis of
real data on neural tube defects with three overlapping registrations which
are incomplete, with both fully overlapping and non-overlapping covariates
is analyzed in Section 3. We conclude with a discussion and future work in
Section 4.

2 Illustration of EM Algorithm

Assume that we have two binary covariates and two lists. Further assume
that each list measures one covariate (list 1 measures covariate A and list 2
covariate B). This scenario is summarized in table 1 (indices for covariates
shown in brackets). Note that if all cases with non-overlapping covariates
are dropped, the problem is unidentified (or has no solution). If we ignore
the covariates the estimate of the numbers missed by all lists is given by;

() 2(++) (1)

no(++) = M3t
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If we assume the covariates are related to the inclusion probabilities, the
numbers missed using the EM algorithm is,

Mn3(11) n3(11)
[n1(1+) X n3(11)+n3(12)} [n2(+1) X n3(11) TN3(21) | |
no(11) = ;
n3(11)
M) Ne(+1)13(11) |
- )
N3(14)13(+1)

Similar equations can be made for ng(12), no(21), and ng(z2). These equations
hold in the general case, that is when the covariates are dependent. How-
ever, if the two covariates are independent, then one could use equation 1
to arrive at an unbiased estimate of the number missed (and population
size). This is because under independence,

naG) o1

, ij=1,2.
N3(i+)M3(+5)  M3(++)

This shows that using the covariates (and using the EM algorithm) offers
an alternative to the independence model.

Another interesting example is in the three list scenario, where there are
two covariates, A and B: List 1 measures both variables, list 2 measures
covariate A and list 3 measures covariate B. In this example, unlike the
previous example, models with the main covariate effects also result in a
different estimate of the population size compared to the model excluding
covariates. In this case utilizing the partly overlapping covariates provides
the researcher with a rich choice of models, which can be discriminated
using the Aikake Information Criterion (AIC) or likelihood ratio test.

The variance estimator and confidence interval associated with the estima-
tor of the population size can be constructed using the parametric bootstrap
procedure. In most instances the capture counts are approximately distrib-
uted as a multinomial distribution. Thus a bootstrap sample is generated
from a multinomial distribution with population total equal to the esti-
mated population size and probabilities equal to the fitted probabilities.
Note that the cells corresponding to the numbers missed have non-zero
probabilities, resulting in the estimator not conditional on the observed
sample size.

3 Application

In the Netherlands cases with neural tube defects are registered in several
national and regional data bases, and none of these databases include all
cases of neural tube defects. For this analysis we use three registrations.
The first (Ry) is a registry for low risk pregnancies and birth in primary
care, the second (R3) registers births in secondary care, and the third (R3)
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registers admission and re-admissions of newborns to paediatric department
within the first 28 days of life.

In each of the three registries duration of pregnancy (in weeks) and birth
(or delivery) weight of the child (in kilograms) is recorded (full overlapping
covariates). R; and R, also have information on age of mother, parity of
child, and ethnic group which are not measured in Rg.

We will use data from 1992 to 1998 with 1446 cases. The analysis also
has to take into account that children with a pregnancy duration below 24
weeks (abortions) cannot be observed in LN R. We have previously shown
how data from registration emanating from different populations can be
analyzed using the EM algorithm and the same technique will be used
here. The data have 1278 observations with fully observed covariates and
98 observations in LN R only. The other 110 observations have item missing
values but none have missing values on all covariates.

To illustrate the EM algorithm in this example the covariates used are
birth weight of child (BW: 0 if < 1 kg, 1 if > 1 kg), pregnancy duration
(PD: 0 if < 24 weeks and 1 if > 24 weeks), ethnic group (ETN: 0=Dutch,
1=otherwise), parity (PRT: 0 if < 2 children and 1 if > 2 children), and age
of mother (MOM: 0 if < 35 years and 1 if > 35 years). This analysis will be
compared with results from an analysis utilizing only variables observed in
all the registrations, that is, pregnancy duration (in weeks) and birth (or
delivery) weight of the child (in kilograms).

The models fitted to the data set and corresponding estimates of population
size are shown in table 2. In this case the best-fitting model with fully
overlapping covariates results in a comparable estimate of the populations
size to the model including partially overlapping covariates.

4 Conclusions and Discussions

In this article we generalize the multiple systems estimator with categorical
covariates to cases where the covariates are not necessarily measured in all
registrations. This is accomplished by using the EM algorithm. We show
that in the two list case if the covariates are independent in some cases
analysis can be performed using the traditional multiple systems estimator.
Note that, if there is only one covariate and that covariate is measured by
only one registration, it is impossible to measure heterogeneity due to that
covariate and it can safely be ignored.

For mixed categorical and continuous covariates we envisage that using
multiple imputation (see Schafer, 1997) would be more suitable, but this is
a subject of further research.
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TABLE 2. Selected models with deviance and AIC

# of
Design matrix par’'s AIC N
Without covariates
1 Ry+ Rs+ R3+ Year 10 4491 2423
2 14 (Ry+ R2+ R3) x Year 28 4448 2396
3 24+ H1 29 4436 3292
Including covariates
4 1+ BW 11 4326 2423
5 4+ PD 12 4151 2277
6 5+ ETN+PRT+MOM 15 1790 2277
7 6 + (BW+PD4+ETN+PRT+MOM)xYear 45 1825 2277
8 6+ (R1+ Ro+ R3) x Year 33 1746 2250
9 8+ (BW+PD+ETN+PRT+MOM)
X(Ry + Ra + R3) 47 1555 2155
10 9+ H1 48 1543 3002
11 10 + HixYear 54 1552 3072
12 10 + (BW+PD+ETN+PRT+MOM)xH1 52 1549 3046
13 9 +(R1 :Ro+ Ry :Rs+ Rs: R3) 50 1541 3149

14 13 +(R1 Ry +Ri:R3+R>: Rg) x Year 68 1548 4474
15 13 +(BW+PD+ETN+PRT+MOM) x

(Rl Ry + Ri:R3+R>: Rg) 62 1560 2845
16 8 + [PD x (BW+ETN+PRT+MOM)] x

(R1 + R2 + R3)+

(Rl Ry +Ri:R3+R>: Rg) 62 736 3266
Including fully observed covariates only
(best model)
17 5 +(BWxPD)x [(R1 + R2 + R3)+

(Rl :Ro+ Ry ZR3+R23R3)]+

(R1 + R2 + R3) x Year 41 3090 3165
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