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Abstract

Longitudinal data sets consist of repeated observations for each subject over time; and
often a correspondiﬁg set of covariates is available. Analysis of longitudinal data is
often based on summaries over time. Summarizing the data allows one to use simple
techniques for analysis but does not allow analysis of the patterns over time and does
not take advantage of the within subject information. In many fields, repeated measures
analysis of variance and multivariate analysis of variance are commonly used to analyze
longitudinal data on continuous responses. Such analyses are appropriate only when the
responses for each subject are multivariate Gaussian with a common covariance matrix
for all subjects. In addition, all subjects are required to have measurements at exactly
the same times, and no missing values may be present. In many cases, however, the
longitudinal response does not satisfy these assumptions. Therefore, application of the
traditional methods of analysis is limited even for continuous responses.

This thesis discusses and compares several more recently developed methods for the
analysis of longitudinal data. One method, the generalized estimating equations ap-
proach, requires only minimal assumptions about the true correlation structure in the
data for each subject to yield consistent estimates of regression parameters and their
standard errors. The method can be applied to binary and count data as well as to
continuous data. Another method, the random effects regression model, is limited to the
analysis of continuous responses. An advantage of this method is that in addition to esti-
- mating population average parameters it also allows estimation of individual parameters
for each subject. Finally, the modification of the random effects regression approach for

the analysis of ordinal responses, the mixed effects ordinal logistic regression model, is




presented.

The methods are extensively illustrated using the data from the Betaseron clinical trial
in relapsing-remitting multiple sclerosis (MS). These methods facilitated the examination
of patterns over time, therefore they not only identified the presence of treatment effect,
but also indicated the nature of the effect. Hence, these methods enable much more
information to be extracted from the MS data set than the traditional ANOVA-based
methods, and therefore provide useful and powerful tools for researchers in this subject

area.
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Chapter 1

Introduction

1.1 Background to the Study

Multiple sclerosis (MS) is a common neurologic disease that is a major cause of disability,
especially in young adults. Extensive research has failed to identify the possible causes
of MS, but the present consensus is that damage to the nervous system results from
immunologic processes. The disease is characterized by the appearance of scattered
plaques or lesions in central nervous system (CNS). These lesions may slow down or
completely block the transmission of impulses through the system.

The most common site from which symptoms are produced during an initial MS
attack is the spinal cord. A common mode of onset of MS is a sensation of numbness or
loss of feeling in the feet, ascending in the course of a few days to the waist. Rather more
disabling is an initial attack in which the control over movement in a part of the body is
lost. When this occurs it usually affects one of the upper limbs, resulting in loss of sense
of position and of all the essential information from the muscles and joints. Such attacks
make coordinated movements impossible. In appréximately 15% of patients the initial
symptom is optic neuritis, which typically is chara'cterized by blurred vision and pain in
one eye. Vision usually continues to decline for about a week, then the pain subsides and
a week or two later, vision begins to improve. This récovery is a characteristic example

of remission in MS; a term that means substantial or complete recovery from the effects

of an initial attack or from a subsequent relapse of the disease (ezacerbation). Double
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vision that persists for several days is another common symptom of MS.

The symptoms of MS are rare in childhood. The frequency of onset of symptoms of
MS begins to increase around the age of 17 and reaches a peak in early 30’s. Thereafter
the onset becomes inéreasingly uncommon but new cases continue to occur into the 60’s.
Women are more frequently affected than men, the ratio being close to three women
to two men. The prevalence of MS varies markedly according to geography, and the
most obvious factor concerned is distance from the equator. In tropical countries MS
is either extremely rare or does not occur at all. In contrast, in north-west Europe, in
Great Britain, in the northern states of the USA, in Canada, in southern Australia and
in New Zealand prevalence is high. But MS is comparatively rare in J apan (though the
severity is greater) and there are other anomalies showing that simple distance from the
equator or some secondary effect of this, such as temperature, cannot be the only factors
concerned. MS is, for example, said to be rare in Eskimos. There is also some evidence
that MS is more common among the close relatives of those with the disease than in
the general population. Two separate studies in Great Britain have shown that MS is
relatively more common in those of higher social and economic standing.

One of the most remarkable facts about MS is the astonishing Variabiylity in its course
and severity. The course of MS varies from that of an obviously grave disease to a mild
benign form. In a moderately severe case, after an initial attack such as optic neuritis,
numbness, weakness, double vision, or any of a great number of other less frequently
encountered symptoms, a complete recovery follows within a few weeks. At this stage
the disease becomes latent. After an interval from several months to several years new
symptoms develop; and again a complete recovery follows. A further relapse, usually
more severe, OCcurs within a year or two; but this time recovery is not complete —

there are permanent residual symptoms and permanent slight disability. This pattern of

successive exacerbations once or twice a year may persist for a further three or four years,
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each time with less complete recovery and increasing residual symptoms. Eventually a
stage of distressing disability, such as failure of normal bladder control is reached.

After the active stage of relapse and remission lasting for about five years the pattern
of MS changes to more or less stable degree of disability condition. In the severe form
of MS, increasing damage of CNS leads to bedridden and helpless state, and eventually
to death from different kinds of infection. In another form of MS, its benign form, even
after many relapses, remission is complete and no form of disability is ever developed. In
5 percent or less of cases the disease takes on a particularly severe form in which death
may result within 5 years from the onset of initial symptoms of MS. Overall the average
duration of life after the onset is at least 25 years.

The diagnosis of MS is extremely difficult, not only because of its relapsing and re-
mitting nature, but also because other diseases with similar symptoms can easily be con-
fused with MS [12]. Cranial magnetic resonance imaging (MRI) is a powerful procedure
for diagnosing MS, for delineating its natural history and, potentially, as an objective
quantitative outcome measure for assessing the response of MS patients to experimental
therapy. In very early disease, multiple abnormalities in the CNS can often be seen with
MRI, even if no corresponding symptoms are observed. However, these abnormalities are
seen not only in MS but also in a number of other diseases that might be mistaken for
MS.

Up to now no cure for MS has been found. Although many therapies have been used,
until a few years ago none had been demonstrated to be efficacious in reducing the rate of
exacerbations, the aécumulation of disability, or the increase in lesion burden as judged
by MRI. A few years ago, interferon beta-1b was offered as a treatment for MS [4]. Some

of the data collected in this clinical trial, which was designed to test the effectiveness of

interferon beta-1b in the treatment of MS, will be analyzed in this thesis.
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1.2 Description of the Interferon Beta-1b Clinical Trial

The ultimate goal of any treatment is a complete cure of disease, but no treatment has
been offered that could reverse all the effects of long-term disability caused by MS. The
current treatments are aimed at the lesser goal of reducing disability, either by diminishing
the severity, duration or frequency of exacerbations or by relieving the symptoms.

Any investigator wishing to examine an effect of treatment on MS is faced with the
problem of evaluation of the effect. If, for example, it is decided to count the number of
exacerbations, then one has to judge whether an increase in already existing weakness or
numbness should also be counted as an exacerbation. Another problem is measuring the
degree of disability. A number of schemes have been proposed for assessing abnormalities
in strength, co-ordination, vision, bladder control, and many other functions and for
combining these assessments into an overall score or disability rating. Unfortunately, the
scoring methods are often either too sensitive, resulting in minute changes being recorded,
or too coarse, so that mild but indisputable exacerbations hardly affect the score. All
methods are highly susceptible to error or influence by the observer. The method most
frequently used for rating disability in MS is the Kurtzke Expanded Disability Status
Scale (EDSS) [6], which rates patients on a scale from 0 to 16 with half point steps (except
for one step between 0 and 1), where 0 represents a healthy person and 10 corresponds
to death from MS. MRI seems to offer a more objective method of assessment. But
each lesion on MRI scan has to be identified, in order to be counted or measured. This
brings discrepancy and subjectivity into the measurements. On the other hand, even
MRI lesions frequently regress Without:, treatment.

In spite of the difficulty of assessment, interferon beta-1b seemed to show an effect on
MS. A double-blind, dose-finding pilot study in patients with MS showed that interferon

beta-1b (IFNB) could be administered safely at a dose of 8 million international units
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(MIU) every other day, and suggested that treatment decreased the risk of exacerbations.
But as the usual rate of relapse is approximately once a year, at least two years were
needed to demonstrate effectiveness.

This thesis presents a variety of énalyses of data from a multicenter, randomized,
double-blind, placebo-controlled study, with three parallel treatment groups (placebo,
and 1.6 MIU and 8 MIU interferon beta-1b). The interferon beta-1b was manufactured
by Chiron Corporation, Emeryville, CA, and supplied to the doctors as Betaseron by
Berlex Laboratories, Richmond, CA.

Three hundred and seventy-two patients, all of whom had had MS for more than 1
year, were entered into the study in 11 different medical centers in the United States
and Canada. All patients were between the ages of 18 and 50 years, were ambulatory
with EDSS scores of 5.5 or less, and had had at least two acute exacerbations during
the previous 2 years. All had been clinically stable for at least 30 days before entry and
during this period had >received'no ACTH (adrenocorticotrophic hormone) or prednisone,
medications which are used to speed recovery from relapse.

All personnel at each study site were blinded to treatment categories. Two physicians
at each site were designated: one neurologist who was not aware of drug side effects to
do the periodic examinations, and another “treating” neurologist who knew about side
effects and injection site reactions, reviewed laboratory findings for toxicity and was
responsible for overall patient care.

After randomization, each patient was instructed in self-administration of study med-
ication. The first three injections were given at the study center under observation; there-
after, patients injected themselves subcutaneously every other day. After the first few
months of more frequent visits, patients were evaluated every 12 weeks, or more often
if symptoms occurred suggesting the possibility of MS exacerbations. Each evaluation

included a standard neurologic examination, and a Kurtzke EDSS score was determined.
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For all patients on study, the beginning and end dates of all exacerbations and EDSS
scores obtained at each visit were recorded. Each patient had a baseline cranial MRI, and
this was repeated yearly. A cohort of 52 patients at the University of British Columbia
also had cranial MRIs repeated at 6-week intervals for the first 2 years. For this cohort the
additional response variables were: the number of active (new, recurrent, or enlarging)
lesions at each scan when the scan was compared to its immediate predecessor; the
classification of each scan as active or not according to whether any active lesions were
identified; and the burden of disease as measured by the total area of lesions on each scan.
For more detail concerning description of the study, see the IFNB Multiple Sclerosis Study
Group [4]. For details about the frequent MRI sub-study, see Paty, Li, the UBC MS/MRI
Study Group, and the IFNB Multiple Sclerosis Study Group [17].

1.3 Outline of the Thesis

This thesis discusses several approaches to the analysis of longitudinal data, including
binary, count and ordinal responses. Three distinct outcome variables correspond to
these responses: the number of active lesions on each scan for the cohort in the frequent
MRI UBC substudy; the presence of exacerbations for the full cohort of patients from
the 11 different centers; and the EDSS scores for the full cohort of patients on study.
The next chapter gives a brief description of the data sets used in thé analyses.

Several methods were used to analyze each of the response variables. As a preliminary
step, each of the variables was summarized over time for each patient. In particular, the
counts of active lesions were summarized by the average number of active lesions per scan,
the sequences of 0’s and 1’s characterizing whether an exacerbation began in successive 6-
week periods were summarized by the percentage of periods in which exacerbations began,

and the change in EDSS score from the baseline score was summarized by the average
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change from baseline. For these summaries standard methods of statistical analysis,
such as analysis of covariance, were used to assess treatment effects. Summarizing the
data in this way results in the loss of part of the information available in the data; in
particular, analyses of these summaries do not allow examination of possible patterns of
change over time. These patterns may give a better understanding of treatment effects.
Therefore the final conclusions about the treatment should be based on analyses which
allow examination of patterns over time. Chapter 3 outlines the methodology used for
such longitudinal analyses: the GEE approach, random effects regression models and
random effects ordinal regression models. This chapter also presents the notation which
is used throughout the thesis for precise formulation of the models used in the data
analyses.

The GEE approach was used for the analysis of each of the response variables. It was
utilized for the count data corresponding to the number of active lesions in Chapter 4, for
the binary data corresponding to the patterns of exacerbations in Chapter 5, and as one
of several approaches used for the ordinal responses corresponding to the EDSS scores in
Chapter 6. To facilitate this last analysis, the EDSS scores were first transformed into a
new set of scores which could more appropriately be treated as continuous data.

In addition to the GEE approach, two different approaches based on random effects
models were used for the analysis of the ordinal responses in Chapter 6. Random effects
regression models were used to analyze the transformed EDSS scores as continuous data
and random effects ordinal regression models were employed to analyze the original EDSS
scores. Because MIXOR, the program implementing the random effects ordinal regression
models, had difficulty handling the many categories of the EDSS scores, these scores had
to be collapsed into fewer categories for this analysis.

In Chapter 7, the thesis ends with the summary of the important conclusions about

the IFNB treatment effect on the number of active lesions, probability of an exacerbation
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beginning, and EDSS scores. The méthods employed in the longitudinal analysis and

their implementation and limitations are also discussed in this chapter.




Chapter 2

Description of the Data

Overall, the study consisted of a total of 372 patients, randomized to either a placebo
(PL), a low dose (LD) or a high dose (HD) arm. The patients were treated in 11 medical
centers; the break-down of the number of patients by center is given in Table 2.1. The
number of patients in different centers is roughly the same except for a high number of
52 and 48 patiénts in centers #259 (UBC) and #255 respectively, which will give these
centers more weight in the analysis; and the very low number of 12 patients in center
#266, where only 4 patients Wefe randomized to each of the treatments. In each center,
the pafients divided almost evenly between the three treatment arms.

The initial plan for the study was to collect two years of data for each patient. When
the majority of patients had reached the end of the second year (because of different
starting dates some patients had been on study almost three years by that time), it was
decided to extend the study to three years (except for frequent MRI scanning, which
was terminated after two years). By the end of the third year of study therapeutic effect

of interferon beta-1b became obvious and patients from all three treatment arms were

‘Table 2.1: Number of Patients in the Centers

Center ID || 125 | 183 | 185 | 255 | 256 | 257 | 259 | 261 | 265 | 266 | 286
Total | 30| 30| 30| 48 36| 24| 52| 45| 30| 12| 35

PL patients | 10| 10| 10| 16| 12 171 14| 10 41 12
LD patients || 10 | 10| 10| 16| 12 18| 15| 10 41 12
HD patients | 10| 10| 10| 16| 12 17| 16| 10 41 11

oo GO 00
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Figure 2.1: Histogram for Length on Study (5-week bars)
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offered the opportunity to receive 8 MIU (the high ddse) of interferon beta-1b for another
two years.

The entire study.continued for over 5 years, but very few patients participated that
long. The histogram of the length on study for all patients in Figure 2.1 indicates
a roughly constant rate of drop-out during the first three years, except for the large
number of drop-outs at the end of the sécond year (initially intended as the end of the
study). The rate of drop-out increased after the third year and it was decided to limit
the analysis reported here to the data collected during the first 180 weeks (thirty 6-week
periods) of the study. The Kaplan-Meier survival curves in Figure 2.2 indicate similar
patterns of drop-out over tixﬁe in all three arms; after the first 180 weeks about 64% of

placebo patients, 57% of low dose patients and 69% of high dose patients remained on

study.
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Figure 2.2: Kaplan-Meier Survival Curves for Length on Study
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2.1 Covariates

Several baseline covariates are available on the patients in the study. These include:
e age (in years)',
e duration of disease (in years),
e initial EDSS score,
e center ID,

¢ gender.

The only time-varying covariate which will be investigated in the analyses is time
itself. The primary focus of these analyses will be on the possible effects of treatment
and the patterns over time, but the possible effects of these baseline covariates and length

on study must also be considered.
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Table 2.2: Descriptive Statistics for Age, Duration and Length on Study

Variable Statistic | Placebo Low Dose High Dose

. median 36.0 36.0 35.0

Age mean 36.0 35.3 35.2
(years) SD 6.8 7.6 7.0
median | 5.6 5.9 7.1

Duration mean 77T 8.2 8.3
(years) SD 6.4 6.5 5.7
Length on Study | median 17.5 175 17.0
(if < 30) mean | 16.41 15.48 14.45
(6-week periods) SD 7.50 8.41 9.48
patients 44 o4 41

The median, mean and standard deviation for age and duration of disease for all
study patients, and for length on study for those patients with less than 180 weeks on
study are presented in Table 2.2; corresponding boxplots are provided in Figure 2.3. The
distribution of age appears to be roughly the same across the three treatment groups.
On average, the duration of disease is highest for the high dose arm, and lowest for the
placebo arm. A number of outliers, high measurements in the range from 20 to 32 years,
are indicated in the plots. But the differences in distribution for duration of disease
between the treatment arms are rather small. Among the patients with less than 180
weeks on study, high dose patients tend to terminate earlier than placebo and low dose
patients.

Initial EDSS and gender are summarized by counts in Table 2.3. Some lack of balance
across the treatment groups is apparent within the different levels of initial EDSS. For
example, 7 of the 13 patients with an initial EDSS score of 0.0 received placebo. Of course,
with a relatively small number of patients at each particular level, such imbalances are

not particularly surprising. There are more than twice as many females as males in the

study, but the genders are balanced across the treatment groups. The low dose arm had
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Figure 2.3: Boxplots for Age, Duration, and Length on Study

Age by Treatment Group

J
:
J

45
'

z
2
8 -
o ;
o H H
e i
PL Lo HD
Duration by Treatment Group
(==
@
w
o~ —_—
7T R - — ' ;
2 —r
c H
2 e
]
=3
Q
9_ -
w 4
o

PL [Ks) HD

Length on Study by Treatment Group

Length (6-week periods)




Chapter 2. Description of the Data 14

Table 2.3: Counts for Initial EDSS, Gender and Indicator of Drop-out

Variable | Value | Placebo Low Dose High Dose
0.0 7 4 2

1.0 5 10 7

L.5 13 10 11

Initial 2.0 18 25 21
EDSS 2.5 15 10 14
3.0 17 13 18

3.5 23 18 15

4.0 10 18 12

4.5 4 5 7

5.0 7 5 9

5.5 4 7 8

Gender Male 35 40 38
Female 88 85 86

Indicator > 30 79 71 83
< 30 44 54 41

slightly more drop-01‘1ts during the first thirty 6-weeks periods than the placebo and high
dose arms. ’

Although the covariates do not differ substantially across the treatment groups, even
modest imbalances on covariates that are predictive of the response can have a substan-

tial impact; see Senn [19] . Hence, the analyses will have to account for any possible

relationships of these baseline covariates with the response variables.




Chapter 3

Methodology

3.1 Overview

Longitudinal data sets consist of repeated observations for each subject over time, and
often a corresponding set of covariates for each of these subjects is also available. Typi-
cally the data sets on different subjects can be assumed to be independent of one another,
but the repeated responses within each subject are usually correlated.

For the analysis of longitudinal data involving continuous responses, perhaps after
some transformations, linear statistical models can be used. But classical methods, such
as repeated measures ANOVA or multivariate ANOVA (MANOVA), are rather limited
in their range of a:pplicability, since they require a compete and balanced data set (where
all subjects are observed at the same times) and homogeneous covariance structures for
the responses. These conditions on the data structure can be relaxéd, but then the
analysis loses its main advantage — simplicity. So, while ANOVA methods are useful for
continuous responses, they do not constitute a generally viable approach to longitudinal
data analysis.

Laird and Ware [8] initiated a systematic study of an approach based on a general
class of random effects models. Their development is based on a combination of empirical
Bayes and maximum likelihood estimation (or restricted maximum likelihood estimation)

of unknown parameters. This approach represented a major advance due to the greatly

increased flexibility of the modelling, though the class of ‘models is still limited to the
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fitting of linear models for the mean response. In their development, the EM algorithm
is used for iterative estimation of unknown parameters. Despite the fact that the EM
algorithm can be painfully slow to converge even for the case of conditionally independent
responses, this general approach has been quite widely used; see [1], [21], [7], and [22].

Lindstrom and Bates [10] provided improved computational procedures for random
effects regression models based on Newton-Raphson estimation. Later [11] they developed
generalizations to allow nonlinear models for the mean response, as well as associated
software (Ime and nlme in S-plus). Their models have flexible covariance structure, which
allows for nonconstant correlation among the observations and unbalanced data. The
S-plus Ime function is used in the random effects regression analysis of the transformed
EDSS score data in Chapter 6. But application of these methods is limited to longitudinal
data involving continuous responses.

Although not as well developed as random effects models for continuous responses,
an increasing amount of work has focused on random effects models for non-continuous
response data. Such models have recently bee.n proposed for both binary [20] and ordinal
[3] outcomes. MIXOR (mixed-effects ordinal regression), a program for the analysis of
repeated or clustered responses which are either binary or ordinal, was developed based
on the work of Hedeker and Gibbons [3]. The program can accommodate multiple random
effects, and allows for time-dependent cévariates. This model is used for the analysis of
the ordinal responses corresponding to the original EDSS scores in Chapter 6.

A different methodology has been developed based on modelling the marginal mean
and covariance structure of the observations separately. One advantage of such methods
is that they do not require specification of the joint likelihood of the data. Zeger, Liang,
and Self [26] suggested one such approach for the analysis of binary longitudinal data

where the marginal (rather than the conditio_nal) probabilities are expressed as logistic

functions of the covariates. They proposed the use of a “working likelihood”, rather
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than the actual likelihood, for generating estimating equations for the regression param-
eters. Under rather weak assumptions concerning the true correlation structure for the
repeated observations over time within each subject, these estimating equations lead to
asymptotically valid inference.

The generalized estimating equations (GEE) approach developed by Zeger and Liang
[25] and Liang and Zeger [9] applies equally well to- binary, count and continuous re-
sponse variables and provides asyrﬁptotically valid inferencg even when the correlation
structure of the repeated observations is misspecified. Thus, the GEE approach pro-
vides a broadly applicable unified method for the analysis of longitudinal data. Along
with other methods, the GEE approach will be used for longitudinal analyses of all the
responses investigated in this thesis. V

For the formulation of the statistical models the following notation is used throughout
the thesis: index ¢ labels the three treatment arms (¢ = 0 for PL, ¢« = 1 for LD, and
i = 2 for HD), j labels patients within the treatment arms (j = 1,2,...,n;, where
ng + n1 + ng = N is the total number of patients), and t (¢t = ¢;,,¢j,,... ,tjmj) labels
the time of the observations. Note, that for the GEE approach, as well as for random
effects modelling, the times at which subjects are observed are allowed to differ. Y;;, the
response at time ¢ for patient j on treatment arm 7, will be modelled as a function of time
and any potentially important covariates X;;;. Initially all aspects of the model structure
will be allowed to differ across the three treatment groups; model reductions to simplify
the structure will subsequently be examined. As already indicated, the focus of the
analyses will be on the effects of treatment and the patterns over time. Before proceeding
with these analyses, brief descriptions of the details of the modelling approaches are

provided in the remaining sections of this chapter.
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3.2 GEE Approach

In the GEE a,pproacvh, the regression of the response on explanatory variables is mod-
elled separately from the within-person correlation. The average response over a sub-
population (such as a group of patients from one treatment arm) is modelled as a function
of explanatory variables. Therefore, the treatment group indicators appear in the model
as explanatory variables, and, for simplicity of notation, we can omit the index for the
treatment groups and denote the response from the jth subject at time ¢ as Yj;, where
;j=12,...,N.

The GEE approach to handling the within-person correlation is based upon genefal—
ized linear models (GLM) for independent data. If there was only one time of observation
for each subject, a GLM (see McCullagh and Nelder [13]) could be used to model con-
tinuous as well as discrete response variables. But for longitudinal data, each subject
is observed repeatedly over time, and those observations are correlated. This correla-
tion among the repeated observations for each subject must be taken into account in
the analysis. Modelling the correlation is straightforward for Gaussian data, but there
are few natural models for the joint distribution of the repeated observations over time
for non-Gaussian responses. The GEE approach by-passes the difficulty of modelling
the correlation for non-Gaussian responses by relying only on models for the marginal
distributions.

If p;¢ and v;; denote the marginal expectation and variance of Yj;, then the expectation
is assumed to depend on explanatory variables, z;;, through the relationship h(p;:) =
x};ﬂ, where 3 is a p X 1 vector of regression parameters and h is a known link function
such as the logit for binary responses (such as an indicator variable for the beginning of

an exacerbation) or the log for count responses (such as the number of active lesions).

In addition, the marginal variance is assumed to depend on the expectation according
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to vjs = ¢g(pjt), where g is a known function and ¢ is a scale parameter which may be
unknown.

To incorporate the anticipated correlation over time between responses Yj; and Yj; for
Jthindividual, R;(a), a m; xm; “working correlation matrix” is specified for the response
vector, Yj = (Yjt,, Yit, - s Yitm, )T, of this individual. The working correlation matrices
are assumed to be a function of an additional s x 1 vector of unknown parameters, a.

The working covariance matrix for Y; is then
V; = ¢A;"Ri(a)A}?,

where A; is an m; x m; diagonal matrix with g(u;;) as the t-th diagonal element. The
working correlation matrices can differ across individuals.
The primary goal of the GEE approach is inference for the regression parameters 3.

The generalized estimating equations for 8 are given by

N

> PV i — i) =0,

j=1
where p; = E(Y;) and P; = Op;/0f is a matrix of partial derivatives. These equations
depend not only on 8 but, through V;, also on the nuisance parameters a. The GEE
estimate, ,3, is obtained by iterating between solving the GEE’s for 8 and consistently
estimating « and ¢ using updated residuais.

Under mild regularity conditions, Liang and Zeger [9] show that v/N (83— 8) is asymp-

totically (N — oo) multivariate normal with zero mean and covariance matrix given by

V, where

N
V = N(ZPJTVi_IPj)

i=1

ZPT V War(Y;)Vi!

i=1

N -1
(Z PJTV;—IPJ') 3

here Var(Y)) is the true (unknown) covariance matrix for the response vector of the

jth subject. Note that V depends upon the choice of R;(c) as well as the true co-

variance matrix Var(Y}), but does not depen& upon how o and ¢ are estimated (as
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long as they are consistently estimated). A consistent estimate, V, of the covariance
matrix V can be obtained by replacing Var(Y;) by (y; — &;)(y; — ;)T ,where fj; =
(h(:c]Ttl,é), s h(mﬁmjﬁ))T, B by B, and « and ¢ by their consistent estimates. Details,
particularly on consistent estimation of a and ¢ using the residuals, are provided by
Liang and Zeger [9].

If the working correlation structure specified correctly, so that V; = Var(Y}), the

expression for V simplifies to

N -1
Vnaive = N (Z P]T V7_1P]) )
=1 -

and a consistent estimate f/m,-ue is readily available. This covariance matrix is referred
to as the “naive” (or model-based) estimate of the covariance matrix of the regression
coefficients since it is asymptotically valid only if the working correlation structure is
equal to the true correlation structure. In contrast, because V is asymptotically valid -
irrespective of the choice of working correlation structure, it is often referred to as the
“robust” (or, due to its form, the “sandwich”) estimate of the covariance matrix.

An attractive property of the GEE approach is that it provides an asymptotically
valid estimate of the covariance matrix of the regression parameters for any working
correlation matrix used in the estimation, no matter what the true correlation structure
of the data. The true correlation structure of longitudinal data is rarely known, but even
when the simplest data structure, iﬁdependence of the repeated measurements over time,
is chosen as a working assumption, the GEE analysis leads to the asymptotically valid
inferences. Nevertheless, choosing the working correlation structure to be close to the true
structure increases the efficiency of the GEE procedure. The sensitivity of the inferences
about 3 can be checked by fitting a model using different working correlation structures

and comparing the different estimates and their robust standard errors. If they differ

substantially, a more careful treatment of the covariance model may be necessary [2].
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The S-plus gee function was employed for the implementation of the GEE approach
to the data analyses. This function allows a choice between the identity, logarithm, logit,
reciprocal and probit link functions; Gaussian, Poisson, binomial or gamma variance
functions; and identity, ﬁxed,vstationary-M-dependence, non-stationary-M-dependence,
exchangeable, AR(M) and unstructured working correlation matrices. The logarithm
link function and Poisson variance function were used to model the count response data
corresponding to the number of active lesions. For the binary responses corresponding
to whether a new exacerbation began during a 6-week period, the natural choices were
the logit link and the binomial variance function. For the transformed EDSS scores, the
identity link and Gaussian variance function were employed. Each of the independence,
AR(1) and exchangeable working correlation structures were employed.

In the case of the identity link function, it is possible to formulate the models used
in the GEE approach to have coefficients with the same interpretation as in the random
effects regression models [2]. To compare the results obtained by applying these two
models, the analysis of the re-expressed EDSS scores was repeated using the random

effects regression model, which is described in the next section.

3.3 Random Effects Regression Models

The basic idea undeﬂying a random effects model is that there is natural heterogeneity
among subjects. This heterogeneity in the response is captured by the model in a subset
of the regression coeflicients. These regression coefficients are allowed to vary across
individuals and this variability gives rise to correlation among repeated responses. Often
correlation among observations for one individual arises from an unobservable or at least
an unmeasured shared characteristic.

The random effects regression model for the jth individual’s m; x 1 response vector
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Y = (yjtl, ooy yjtmj) can be written as:
yi = X;B8+ Win; + e, j=1,..,N,

where X 1s a m; X p design matrix for the fixed population effects, 8 is the p x 1 vector
of unknown regression parameters, W; is a known m; x r design matrix for the random
individual effects, n; is the r x 1 vector of unknown individual effects, and e; is the
mj X 1 error vector. The distribution of the random effects is assumed to be multivariate
normal with mean vector 0 and covariance matrix D and these effects are assumed to
be mutually independent. The error vectors are assumed to be independent from the
random effects, and to be mutually independently distributed as multivariate normal
with mean vector 0 and covariance matrix o?(Q;. When the errors corresponding to the
responses at different time points on the same individual are assumed to be independent,
§); is equal to the identity matrix. No restrictions are placed on the design matrices W;
and X;. In particular, unbalanced designs and missing data are allowed.

Currently available software (for example the S-plus Ime function or the MIXREG
program by D. Hedeker and R.D. Gibbons) allows a variety of choices for the random
effects variance-covariance structure, D, and for the correlation structure of the errors
corresponding to the responses on the same indi&idual, ;. These choices include com-
pound symmetry, first and second-order autoregressive, first and second-order moving
average, first-order mixed autoregressive-moving average, and a general autocorrelation
structure.

It follows from the model assumptions that, marginally, the y; are independent mul-
tivariate normal with mean X and covariance matrix &; = 2§}, + W}-DWjT. To obtain
the maximum marginal likelihood (MML) solution for the model parameters D, 3, o2,

and ); the marginal density of the data y;, h(y;), has to be maximized. The MML

solution is then derived by maximizing the log-marginal likelihood of the data from the
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N subjects,
N
log L =7 log[h(y;)]

J=1

with respect to all parameters.

The EM solution proceeds by assigning starting values for the population parameters
in order to estimate the indi\}idual parameters. These individual parameters are then
used to obtain improved population parameter estimates. This process is repeated until
convergence, which can be very slow. To improve the convergence properties, Lindstrom
and Bates [10] suggested incorporating the Newton-Raphson algorithm for estimating the
model parameters. Their suggestion is implemented in the S-plus Ime function, which
was used for the analysis of the re-expressed EDSS scores.

Whereas the GEE approach to longitudinal data analysis estimates only average pa-
rameters in a population, the random effects regression approach can also estimate indi-
vidual parameters for each subject. This can be particularly useful in the medical setting
where a proportion of subjects may respond to therapy in quite different ways from the
average response. |

The 1dea of the random effects linear regression models extends naturally to nonlinear
regression models for continuous responses. Such models can be implemented through
the S-plus nlme function. Another extension of this idea is used in combination with
the idea of regression models for ordinal data in the random effects ordinal regression

modelling approach described in the next section.

3.4 Random Effects Ordinal Regression Models

Following McCullagh’s idea [14] of regression models for ordinal data, Hedeker and Gib-

bons [3] describe a random effects ordinal regression model, a statistical model for ordinal
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responses in longitudinal study. In probit and logistic regression models it is often as-
sumed that there is an unobservable latent variable which is related to the actual response
through the “threshold concept” [13]. For dichotomous data, one threshold value is as-
sumed, while for ordinal data with K ordered categories, a series of threshold values
Yo = —O00, Y1, V2, ---» VE~1, YKk = 00 1s assumed. Without loss of generality, any value can
be assigned to v;; for convenience, the common choice for +; is 0. Then, a response
occurs in category k (Y = k) if the latent response Z exceeds the threshold value ~;_1,
but does not exceed the threshold value ~;.

The basic idea of the random effects regression model for an ordinal response is to
use random effect regression to model the latent variable. Following the notation of
the previous section, the random effects regression model for the j-th individual’s latent

response vector z; can be written as:
z; = X;8+ W;n; +ej, J=1,..N.

With this model for the underlying latent variable Z;, the log odds of the event Yj; < &,

conditional on 3 and 7; are modelled as

o [P(th < klﬂ,m)l _ = Zit
g

P > #18,n))
where z;; = :chtﬂ + w};'l]]’. Equivalently, conditional on A and 75;, the probability that

)

Y = k (subject j’s response at time t occurs in category k), is given by:
P(Yjs = k|B,n;) = Y[(w — Zj1) /0] — ¥[(yk—1 — Zj1) /0],
where WU(-) represents the logistic function ._
1
V()= — .
() 1+ exp(—u)
Letting y; denote the m; x 1 vector of ordinal responses on subject j, and assuming

that the latent variables corresponding to different time points are conditionally inde-

pendent, the probability of any pattern y;, given g and n;, 1s equal to the product of the




Chapter 3. Methodology ' ' 25

probabilities of the m; responses:
m; K

yglﬂ,m H H ’yk — zjt \I}(%_l _ th)]djtk’

where
1 lf thZk
if Yi#k

The marginal density of the m; x 1 vector of ordinal responses for subject j, y;, in

djix =

the population is given by the integral of the likelihood

$) = (L1815 (ns)dn;,

where ¢(7;) represents the multivariate normal distribution of n; in the population.
For the estimation of the regression coeflicients 8 and the threshold values v (k =
2,..., K — 1), the marginal log—likelihood for the patterns from the N subjects is maxi-
mized.

MIXOR, a computer program for random effects ordinal, probit and logistic regression
analysis, which was employed to carry out the analysis of the ordinal EDSS scores, uses
Fisher’s method of scoring to provide the solution to the maximum likelihood equations.

On iteration m, the estimates for the vector of parameters © are improved by

2 -1
Omsr = O, — E[ 0%*logL ] OlogL

80,00 | 80,

At convergence, the inverse of the information matrix provides the large-sample vari-
ances and covariances of the MML estimators which can be used to construct confidence
intervals and tests of hypotheses.

To solve the likelihood equations, MIXOR performs numerical integration over the
multidimensional parameter space for the random effects ;. Gauss—Hermite quadrature

is used to approximate the integrals to any desired degree of accuracy. In Gaussian
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quadrature, the integration is approximated by a summation on a specified number of
quadrature points (usually set to 10 or 20) for each dimension of the integration. As
the number of random effects in the model for the latent variable increases, the number
of quadrature points increases exponentially. Therefore specifying many random effects
can prevent MIXOR from running. Specifying too many ordered outcome categories (18
original EDSS scores) or too many covariates increases the number of parameters to be
estimated and can also cause problems. Collapsing some of the outcome categories and

specifying fewer random effects may be necessary to fit the model.
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Number of Active Lesions

4.1 Description of UBC frequent MRI sub-study

As mentioned earlier, for each patient on study, in addition to the baseline scan, cranial
MRI scans were obtained yearly. A cohort of 52 patients at the University of British
Columbia also had cranial MRIs repeated at 6-week intervals for the first 2 years and
provided a rich variety of information about changes in the CNS. The counts of number
of active lesions on these 6-weekly scans for the UBC cohort will be the focus of the
analyses in this chapter.

These 52 UBC patients were randomized to either a placebo (PL), a low dose (LD)
or a high dose (HD) arm. Each patient was scheduled to have 17 scans in addition to
the baseline scan, but several patients missed one or more of their scheduled MRI scans.
Most of these missing scans resulted from patients dropping out of the study. Two of the
total of 52 patients dropped out very early in the study; one LD patient (patient #423)
dropped out between weeks 19 and 25 (so provided data only for the baseline plus 3 of the
17 additional visits) and the other HD patient (patient #447) dropped out between weeks
25 and 31 (so provided data only for the baseline plus 4 of the 17 additional visits). These
two patients contribute a very small amount of data to the overall sub-study, so their
data has been withheld from the analyses presented in this chapter. Thus, all analyses

reported here are based on a total of only 50 (PL=17, LD=17, HD=16) patients.

27
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Deviations from the target d'iates of this 6-weekly schedule occurred due to the practi-
cal difficulties of maintaining such a schedule. The most notable of these deviations was
for the final scan which was delayed by a period of up to about two weeks for most pa-
tients. Three patients had even longer delays to their final scans (approximately 3, 4 and
5 weeks respectively) and two patients had final scans approximately 2 weeks before the
target date according to the 6-weekly schedule. Most other deviations from the 6-weekly
schedule were minor, though occasional more substantial deviations also occurred.

Although not essential for the methodological approach used, for the sake of simplicity,
in the analyses presented here each scan was assigned to the target date of the 6-week
period for which it was intended, irrespective o f the deviation of the actual date of the
scan from that target date. Thus, in these analyses, the “fimes” (since baseline) of the
scans are taken to be same for all patients — as the 6-weekly schedule prescribed. These
times will be referred to according to the corresponding 6-week period; thus, time 1
refers to the scan intended to be taken 6 weeks after the baseline scan time 2 refers to
the scan intended to be taken 12 weeks after the baseline scan, ..., time 17 refers to the
scan intended to be taken at the end of the sub-study. Unless otherwise indicated, this
definition of “time” will be utilized throughout this chapter.

Each MRI scan was compared to its immediate predecessor and the number of new,
recurrent, or enlarging lesions was recorded. The number of active lesions results from
summing the number of new, recurrent, and enlarging lesions at each scan. The derived

sequence of counts for each of the 50 UBC patients is analyzed in this chapter.

4.1.1 Covariates

Several baseline covariates are available on the patients in the sub-study. These include:

e age (in years),

e duration of disease (in years),
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Table 4.4: Descriptive Statistics for Age, Duration and Initial EDSS

Variable | Statistic | Placebo | Low Dose | High Dose
median 35.0 36.0 36.0

Age mean 34.6 37.5 37.2
(years) SD 4.5 8.8 8.5
median 6.9 6.1 10.1

Duration mean 7.4 9.5 11.0
(years) SD 5.0 7.2 6.4
Initial median 1.5 2.0 2.5
EDSS mean 1.9 2.1 2.5
score SD 0.9 1.2 1.1

e initial EDSS score,

e origin (B.C. or Washington State),

e gender.
The only time-varying covariate which will be investigated in the analyses is time itself.

The median, mean and standard deviation for age, duration of disease and initial

EDSS score (for the moment, ignoring the fact it is an ordinal variable) are presented

in Table 4.4. These variables are also summarized by the boxplots in Figure 4.4. The
distribution of age for the patients on low dose and high dose appears to have more
spread than for those on placebo. However, the average age appears to be roughly
comparable across the three treatment groups. The patients on high dose seem to have a
longer duration of disease than the patients on placebo. The duration of disease for the
patients on low dose is quite variable, covering the range of both the placebo and high
dose groups. The initial EDSS score appears to be fairly similar within the three groups,
although both the means and medians exhibit an increasing pattern with increasing dose.

These covariates suggest‘that, on average, the placebo patients are slightly younger, have

had the disease for a shorter period of time, and have lower initial EDSS scores.
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Figure 4.4: Boxplots forAAge, Duration and Initial EDSS
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Table 4.5: Counts for Initial EDSS, Origin and Gender

Variable Value || Placebo | Low Dose | High Dose
0.0
1.0
1.5
Initial 2.0
EDSS 2.5
3.0
3.5
4.0
5.5
Origin B.C.
Washington
Gender Male

Female
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The categorical covariates are summarized by counts in Table 4.5. The most notice-
able feature is the considerable lack of balance across the treatment groups within the
different levels of these variables. For example, 6 of the 10 patients from Washington
received low dose, 7 of the 12 males received placebo, and 6 of the 8 patients with an
initial EDSS score of 1.0 received placebo. Of course, with a relatively small number of
patients at each partvicular level, such imbalances are not particularly surprising.

The above descriptions provide a clear indication that these baseline covariates tend
to differ across the treatment groups. Since they may have a substantial impacf on the
response variables (see Senn [19]), the analyses of the treatment groups efféct has to be

adjusted for all important (predictive) covariates.

4.2 Preliminary Analysis

As an initial step, the data for each patient was summarized over time by computing the

average number of active lesions per scan ovér the period of the sub-study. For example,
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Figure 4.5: Boxplots for Average Number of Active Lesions
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if a patient had 12 scans subsequent to the baseline scan and had a total of 8 active
lesions on these scans, then his average number of active lesions will be 0.333 lesions per
scan. Boxplots of these surﬁmaries by treatment group, presented in Figure 4.5, clearly
indicate that the average number of active lesions as well as their variability tends to be
lower for the two treated groups. In addition, there is some suggestion of a dose response
relationship. Corresponding descriptive statistics are presented in Table 4.6. Both the
medians and the means suggest a difference between the two treated groups and placebo;
the medians suggest a fairly clear dose response relationship, but the means are equal for
the two treatment arms. The boxplots of the average number of active lesions indicate
two outliers — a high value of 2.5 for one of the patients in placebo group and a value of

1.3 for a patient in the high dose group.
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Table 4.6: Descriptivé Statistics for Average Number of Active Lesions

Statistic || Placebo | Low Dose | High Dose

Number of patients 17 17 16
Median 0.44 0.12 0.06

Mean 0.58 0.22 0.22

SD 0.62 0.22 0.34

Table 4.7: P-values from ANOVA for Average Number of Active Lesions

Comparison || Ranks | Square Roots | Raw Averages

Overall | 0.023 0.016 0.026

Placebo vs. High Dose || 0.005 0.004 0.011
Placebo vs. Low Dose || 0.027 0.015 0.010
Low Dose vs. High Dose || 0.218 0.285 0.488

The ANOVAs on the ranks, the square roots (intended to stabilize the variance) and
on the raw data of the average number of active lesions per scan resulted in the p-values
listed in Table 4.7. Qualitatively the same conclusions result from the three analyses;
both treatment arms appear to differ from the placebo arm, but there is no suggestion
of a difference between the two treatment arms. Due to the effects of the outliers, the
analysis on raw averages is less appropriate than those on the ranks or square roots of
the average number of active lesions.

Next, the baseline covariates are examined as potential predictors. Plots of the re-
sponse versus these covariates (see Figure 4.6) do not indicate any particularly strong
relationships, although overall, the response appears to decrease somewhat with both
age and duration of disease. The plots indicate the thirty year old female patient from
BC with duration of disease of about 9 years and initial EDSS score of 1 as having the
high average number of active lesions per scan in the placebo group and the tweﬁty year

old patient from BC with duration of disease of about 0 and initial EDSS score of 3.5 as
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Figure 4.6: Average Number of Active Lesions versus Baseline Covariates
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Table 4.8: Square Root of Response versus Baseline Covariates

Variable df F | p-value

Age || 1,48 [ 12.55 | 0.001

Duration || 1,48 | 6.41 0.015

Origin || 1,48 | 0.19 0.67

Gender || 1,48 | 0.38 0.54

EDSS (continuous) || 1,48 | 0.74 0.40
EDSS (ordinal) || 8,41 | 0.74 0.65

having the high average number of active lesions per scan in the high dose group

The results of analyses, using the square roots of the average number of active lesions
as the response variable and including the simplest possible effect for these covariates, are
presented in Table 4.8. The p-values support a relationship with both age and duration.
When a model that fits both age and duration simultaneously is considered then the
importance of duration is considerably reduced (p—valuélz 0.22), but age continues to
exhibit an effect (p-value = 0.011). These two predictors are positively correlated (r =
0.44), so it is not particularly surprising that only one of age and duration is important.

Keeping age in the model, effects for the treatment groups are added to evaluate their
contribution after an adjustment for age has been incorporated; the overall p-value for
treatment groups decreases (0.009 now, compared to the earlier 0.016). Qualitatively
the same results are obtained using the average number of active lesions as the response
(instead of square roots); this overall p-value decreases to 0.019 (from the earlier 0.026).
The additional inclusion of duration as a covariate in the model for raw averages has
very little effect on these results (p-value = 0.82) and therefore will not be incorporated
in what follows.

Use of the raw data allows the magnitude of the effects of age and treatment group

on the average number of active lesions to be meaningfully estimated (see Table 4.9)
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Table 4.9: Age and Treatment Effects: Average Number of Active Lesions

Parameter || Estimate | SE t | P(T > |t])
Intercept () 1.273 | 0.290 v
Age (v) | -0.020 | 0.008 | -2.53 0.015

Low Dose (71) -0.305 | 0.141 | -2.16 0.036
High Dose (12) -0.306 | 0.143 | -2.14 0.037

through the fitted ANCOVA model:

Yij = a+ 7+ 7T,

where ¢ = 0 (PL), 1 (LD), 2 (HD) indicates the treatment group, j = 1,...,n; indicates
the patient within the treatment group, z,; is the patient’s age at the time of entry to
the study, and g;; is the fitted average number of active lesions. (In fitting the model,
70, the effect for the placebo group, is arbitrarily taken to be identically equal to 0.)
The individual comparisons of low dose to placebo (p-value = 0.036) and high dose to
placebo (p-value = 0.037) provided in Table 4.9 are quite similar to those in the original
unadjusted analysis. The estimated effects indicate that, at any fixed age, low and high
dose patients have, on average, about 0.3 fewer active lesions per scan than placebo
patients. Of course, the results of the analysis should be interpreted with some caution
since the presence of outliers in the placebo and high dose groups influences the estimated
treatment groups effects and the estimate of the age effect as indicated by the plot of the
average number of active lesions versus age (see Figure 4.6).

After a model is fit, the residuals, y;; — 9i;, are analyzed to help assess that fit. A
plot of the residuals versus the fitted values (Figure 4.7) indicates that the spread of the
residuals tends to increase as the fitted values increase. This is not too surprising because

if each patient’s data was uncorrelated over time then the total number of active lesions

might be reasonably modelled as a Poisson response and.the variance would increase
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Figure 4.7: Plot of Residuals versus Fitted Values

05 10 15
|

Residuals

00
|

0.0 o.2 oO.4 o.a o.8

Fitted Values '

with the mean level. Under the Poisson assumption the rate of the growth should be
the same for mean and variance, but there is one extreme observation for a patient on
the placebo arm, whose average number of active lesions is 2.5 (see Figure 4.6), and
the model fit is poor for this observation. Additional plots (not included here) of the
residuals versus treatment group, age and the other available baseline covariates, did not
reveal obvious relationships, except for the outlier already noted. The variance of the
residuals appears to be larger for the placebo group than the two treated groups. The
residuals for the patients from B.C. also appear to more variable than the residuals for
the patients from Washington. This may be related to the fact that only 2 of the 10
patients from Washington are in the placebo group whereas 15 of the 40 patients from

B.C. are on placebo. Overall, the residual plots do not reveal any serious difficulties with
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Table 4.10: Correlations Among Responses on Scans 1-6, 8, 11, 12

1 2 3 4 5. 6 8 11 12
1 | 1.00
2 1056 1.00
3 1031 031 1.00
4 1007 0.20 0.11 1.00-
5105 059 010 0.37 1.00
6 | 037 043 -0.01 0.39 0.73 1.00
8 1013 -0.06 -0.02 0.20 0.10 0.11 1.00
11 {033 0.52 0.07 0.25 0.58 0.64 0.13 1.00
12 {0.13 0.24 0.10 049 045 048 0.12 0.60 1.00

the fit, except for the outlier.

To assess the correlation structure in the original data, the 17 responses over time
for each patient corresponding to the different scans are treated as separate response
variables. The presence of a small amount of missing data (due either to early termination
or to missing appointments for scans) complicates the calculation of correlations. The
correlations among the responses from scans 1-6, 8, 11 and 12 (on which there was no
missing data) are presented in Table 4.10. It is clear that the responses at different scans
are positively correlated, in general, as would have been expected a priori. Further,
although there are no obvious patterns in these correlations (e.g., m-dependence), it is
clear that the responses on scans even quite widely separated in time can be moderately
associated. Thus, the structure appears to be more exchangeable than autoregressive in
character, for example. Clearly any analysis based on these original responses (rather
than summaries over time, such as the average number of active lesions) must take this
correlation into account.

Such analyses, using the GEE approach with Poisson regression, will be presented in

the next subsection. To allow direct comparison to the GEE results, the analysis leading
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Table 4.11: Effects for Age and Treatment Groups: Log Scale

Parameter || Estimate SE zZ
Intercept (o) 1.954 | 0.757
Age (v) -0.074 | 0.022 | -3.32

Low Dose (71) -0.898 | 0.355 | -2.53
High Dose (72) -0.904 | 0.362 | -2.50

to Table 4.9 was repeated using Poisson regression for each patient’s total number of
active lesions, with the log of the expected number of active lesions per scan expressed
as the same linear model used to obtain the results in Table 6 (the fact that different
patients had different numbers of scans is incorporated through the use of a fixed offset
in the Poisson regression model).

This analysis yielded highly significant effects of the high and low doses as well as
of age (z = -5.9, -6.0, -7.9 respectively). The Pearson X? statistic (X% = 254 with
46 df) indicated that the totals are overdispersed, so the results should be adjusted
to allow for such overdispersion. The scale parameter is estimated as qAS = 5.64 and
the adjusted results are presented in Table 4.11. The significance of the age, low dose
and high dose effects decreases after scaling; the z-scores are now qualitatively similar
to those in Table 6. These estimated effects on the log scale indicate that, at any
fixed age, the expected number of active lesions per scan for low and high dose patients
is exp(?1) ~ exp(7;) ~ 0.4 times as large as for placebo patients (the corresponding
approximate 95% confidence intervals contain all ratios from 0.20 to 0.82 for both groups).

The conclusions to be drawn from this table are qualitatively the same as from Table 4.9,

though the Poisson regression indicates a slightly higher significance of each of the effects.
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Table 4.12: Effects for Age and Treatment Group: GEE Approach

40

Robust Naive
Parameter || Estimate SE SE z
Independence Working Correlation
Intercept () 1.954 | 0.874 | 0.369
| Age (v) || -0.074 | 0.024 | 0.011 | -3.08
Low Dose (71) -0.898 | 0.328 | 0.173 | -2.74
High Dose (72) -0.904 | 0.368 | 0.177 | -2.45
AR(1) Working Correlation
Intercept () 1.953 | 0.871 | 0.445
Age (v) -0.073 | 0.024 | 0.013 | -3.07
Low Dose (71) -0.918 | 0.326 | 0.210 | -2.81
High Dose () | -0.905 | 0.367 | 0.213 | -2.47
Exchangeable Working Correlation
Intercept () 1.952 | 0.851 | 0.718
Age (7) || -0.074 | 0.023 | 0.021 | -3.18
Low. Dose (71) -0.896 | 0.323 | 0.337 | -2.77
High Dose (73) -0.907 | 0.362 | 0.344 | -2.51

4.3 GEE Analysis

Since the activity data is count data, a GEE analysis based on Poisson regression is

used to repeat the analysis reported in Table 4.11; here the fitted model is given by:
log juije = &+ 7i + Az,

where p;;; is the expected count of active lesions for the jth patient in the ¢th treatment
group at time ¢. Several working correlation structures are considered but as seen in
Table 4.12, this has little effect on the conclusions; neither the parameter estimates nor
the robust SE’s are much affected. On the other hand, the naive SE’s change quite
considerably with the choice of working correlation (as should be expected, given the

pattern of correlations in Table 4.10). Note that the robust and naive SE’s agree most

closely for the exchangeable correlation structure thus providing a further indication that




Chapter 4. Number of Active Lesions 41

Figure 4.8: Plot of Average Number of Active Lesions versus Time
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this may be a reasonable approximation to the true correlation structure in the data. The
estimates of the effects obtained using the GEE approach for the independence working
correlation structure are the same as those from the Poisson regression analysis on the
total number of active lesions (see Table 4.11).

Since the GEE approach allows the data from each subject to be examined at each -
point in time, time itself can be included as a predictor; this will allow examination of the
patterns over time. To examine plausible forms for these patterns, the average number
of active lesions at each time of scanning for each treatment group is plotted versus time
in Figure 4.8. The plot indicates that the number of active lesions tends to be higher,
on average, in the placebo group than in either of the treated groups throughout the
period of the sub-study but it does not suggest a strong relationship between the number
of active lesions and time. However, this plot is quité noisy. Smoothing the plot using

lowess (a robust, local smoother for scatterplot data) yields Figure 4.9 which suggests
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Figure 4.9: Smoothed Plot of Average Number of Active Lesions versus Time
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the expected number of active lesions per scan may increase over time for the placebo
group and perhaps decrease slightly over time for the two treated groups.

Based on these plots, a model containing age, treatment group effects and separate
linear time effects for each treatment group was fit; the estimated linear time effects are
summarized in Table 4.13. The signs of the estimated time effects are as suggested by
Figure 4.9 (positive for placebo and negative for the two treatment groups), but none of
the effects is very large; in particular, none is significantly different from zero.

The correlation between any two of these estimated time effects is negligible for all
three working correlation structures so the table provides the necessary inputs for pair-
wise comparisons of the estimated time effects. The separate linear time effects for the
treatment groups are rather similar so it is reasonable to consider reduction of this model

to one with a linear time effect which is common to the two treated groups. Comparison

of B to B, shows that this reduction is permissible (p-values for the test of 8 = S,
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Table 4.13: Linear Effects for Time: GEE Approach

Robust Naive

Parameter || Estimate SE SE z

Independence Working Correlation
Placebo (fo) 0.017 | 0.020 | 0.021 | 0.84
Low Dose (8;) |  -0.035 | 0.032 | 0.028 | -1.07
High Dose (ﬂQ) 20.046 | 0.044 | 0.032 | -1.04
AR(1) Working Correlation
)

Placebo (8o 0.020 | 0.023 | 0.027 | 0.88
Low Dose (81) -0.035 | 0.032 | 0.029 | -1.09
High Dose (5,) -0.046 | 0.046 | 0.035 | -1.00

Exchangeable Working Correlation

Placebo () 0.019 | 0.020 | 0.017 | 0.95
Low Dose (/1) -0.037 { 0.033 | 0.027 | -1.11
High Dose (8;) -0.051 | 0.049 | 0.034 | -1.03

are 0.42, 0.43 and 0.41 for the independence, AR(1) and exchangeable working correla-
tions respectively). Fitting this reduced model to the data the estimated value of the
common linear time effect for the two treated groups is -0.040, -0.041 and -0.038 with
robust SE equal to 0.027, 0.028 and 0.028 for the independence, AR(1) and exchangeable
working correlation structures respectively. The subsequent pairwise comparison of the
linear time effects in the placebo and treatment arms leads to p-values of 0.051, 0.049
and 0.051 for the independence, AR(1) and exchangeable working correlation structures
respectively, thus providing reasonable evidence of a difference between the linear time
effects in the placebo and treatment arms.

On the other hand, sinceball the z-scores in Table 4.13 are small (less than 2 in
.magnitude), none of the linear time effects is significantly different from zero. This
suggests that a model with a linear time effect which is common to all three treatment
groups may provide an adequate representation of this data. This turns out to be the

case; the overall test for the equality of these three linear time effects leads to a p-values
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of 0.49, 0.48 and 0.45 for the independence, AR(1) and exchangeable working correlation
structures respectively.

Given that the separate linear time effects are all negligible, the additional fact that
the time effect for the placebo‘group is positive in Table 4.13 while those for the treated
groups are negative suggests that such a common linear time effect will also be negli-
gible. Indeed, this turns out to be the case; fitting models with a common linear time
effect leads to estimates of the common linear time effect of -0.005, -0.003, and -0.006
and corresponding z-scores of -0.27, -0.15 and -0.32 for the independence, AR(1) and
exchangeable working correlation structures respectively.

The smoothed plot of average number of active lesions per scan versus time (Fig-
ure 4.9) indicates slight curvature of the fitted curves for each group. A model incorpo-
rating separate quadratic trends over time led to small estimates for all the quadratic
effects. Since the Wald test for simultaneous equality of all these effects to 0 resulted in
p-values greater than 0.6 for the independence, AR(1) and exchangeable working corre-

lation structures it is reasonable to exclude quadratic effects from the model.

4.4 Summary

Preliminary analyses not incorporating the trends over time indicate that both treatment
arms differ from the placebo arm, but there is no difference between the two treatment
arms. Age is identified as an important baseline covariate. The effects corresponding to
interactions between the linear effect of age and treatment groups are negligible (p-value
= 0.42 for the fit reported in Table 4.11); hence the linear effect of age can be taken to
be common across the different treatment groups. The fact that the number of active

lesions per scan tends to decrease with age (Table 4.9 indicates the mean number of

active lesions per scan decreases by about 0.02 lesions per year of age, while Table 4.11
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and Table 4.12 indicate that the mean number of active lesions per scan decreases by
about 7.1% per year of age) may be of scientific interest.

Preliminary plots suggest there may be time trends in the number of active lesions
per scan which differ across the treatment groups. Indeed, as Table 4.13 indicates, the
estimated linear time effect is positive for the placebo arm but negative for the two
treatment arms.

The data indicate that the linear time effects for the high and low dose treatment
groups can be taken to be the same. If this model reduction is implemented, then there
is reasonable evidence of a difference in the time trends for placebo and treated patients.
The resulting model indicates that the number of active lesions per scan increases by
about 2% every 6-week period on the study for the patients in placebo arm and decreases
by roughly 4% every 6-week period for the patients in the two treatment arms (the
corresponding approximate 95% confidence interval includes all values from -2% to 6%
for placebo patients and from -9.5% to 1.5% for treated patients).

On the other hand, none of the linear time effects is significantly different from zero.
This suggests an alternative (and preferable) simplification of the model to a linear time
effect which is common to all three treatment groups. This leads to a negligible common
linear time effect resulting in a reduced model with treatment and age effects, but no
time trends. The estimated effects reported fof the exchangeable working correlation
structure in Table 4.12 indicate that the number of active lesions' per scan for treated
patients (either low dose or high dose) is only about 40% as large as for placebo patients
(the corresponding api)roximate 95% confidence interval ranges from 21% to 77% for the
low dose group and from 20% to 82% for the high dose group).

The simple analyses reported in Table 4.9 and Table 4.11 are reasonable for the

preliminary analysis of the number of active lesions per scan. The results of these analysis

may be considered as conclusive only if the number of active lesions per scan does not
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change over time within each treatment group. But to verify this condition one has to
carry out a longitudinal analysis such as GEE analysis reported here. Further, because
the number of scans varies across patients in the sub-study, the final conclusions about
the treatment effect should be based on the analysis summarized in Table 4.12 as only

this analysis takes the detailed structure of the data directly into account.



Chapter 5

Exacerbations

5.1 Data Set Description

The beginning and end dates of any exacerbations (the appearance of a new symptom
attributable to MS, or the worsening of an old symptom) the patients experienced during
the study were recorded. So, for each patient, each time period can be classified as one in
which an exacerbation either began or not. The derived sequence of 0’s (no exacerbation
began in this period) and 1’s (an exacerbation began) can be used to characterize the
pattern over time of ezacerbations for each patient.

To match an earlier analysis of exacerbations for the UBC 6-weekly frequent MRI sub-
study (Petkau and White [18]), exacerbations in ‘successive 6-week periods throughout
the study are considered in the analyses reported here. The same definition of “times”
(since baseline) as for the analysis of number of active lesions is used for the analysis of
exacerbations. Again, “times” are taken to be same for all patients and will be referred
to according to the corresponding 6-week period; thus, time 0 refers to baseline, time 1
refers to the first 6-week period after baseline, time 2 refers to the second 6-week period
after baseline, and so on.

Again, the primary focus of the following analyses will be on the effects of treatment
and the patterns over time, but the possible effects of covariates will be considered. As
seen from Figure 2.1 and Figure 2.2, a number .of patients dropped out of the study

very early. For these early drop-outs, the estimated rate of exacerbations can be very

47
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Table 5.14: Descriptive Statistics for Percentage of Exacerbations

Statistic || Placebo | Low Dose | High Dose

Number of patients |- 123 | 125 124
Median 13.33 10.00 6.67

Mean 15.57 11.44 10.85

SD 13.27 10.44 12.19

high if the patients had exacerbations during those few weeks on study, or the rate
of exacerbations can be equal to 0 if they didn’t have any exacerbations during those
few weeks. Hence, a patient’s length on study influences his rate of exacerbations and
will be included in the following analysis ‘ars a covariate (in addition to the baseline
covariates: age, duration of disease, initial EDSS score, center ID and gender, described
in Chapter 1). Since the analysis of exacerbations is restricted to the data collected
during the first thirty 6-week periods, each patient’.s length on study will be described by
two variables: an indicator of whether a patient remained on study for less than thirty
6-week periods (this variable will be called Dropout throughout this chapter), and the
number of 6-week periods on study for patients with less than thirty 6-week periods on
study. |

Some patients had two exacerbations during a 6-week period: there were 5 such
_ periods in each of the treatment arms. In the high and low dose arms, 5 different
patients had repeated exacerbations during a single 6-week period. In the placebo arm,
one patient had two 6-week periods with repeated exacerbations and 3 other patients
had a single such period. Since the number of periods with multiple exacerbations is

balanced across treatment arms, for simplicity of analysis, we will treat these periods as

if the patients had only one exacerbation beginning during these periods.
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Figure 5.10: Boxplots for Percentage of Exacerbations
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5.2 Preliminary Analysis

As an initial step, the data for each patient was summarized over time by computing
the percentage of 6-week periods in which exacerbations began (hereafter referred to
simply as percentage of exacerbations). Boxplots of these summaries by treatment group,
presented in Figure 5.10, clearly indicate that the percentage of exacerbations tends to be
lower for the two treated groups. In addition, there is some suggestion of a dose response
relationship. Corresponding descriptive statistics are presented in Table 5.14. Both the
medians and the means suggest a difference between the two treated groups and placebo
and a fairly clear dose response relationship.

The boxplots of the percentage of exacerbations indicate several outliers in each treat-
ment group. These include an extremely high value of 80% of exacerbations for one

patient in the placebo group and a value of about 70% for one patient in each of the high

and low dose groups. The next outliers correspond to 50% of exacerbations for patients
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Table 5.15: P-values from ANOVA for Pércentage of Exacerbations

Comparison . Ranks | Raw Percentages | Square Roots
Overall 0.0014 0.0039 0.0038
Placebo vs. High Dose | 0.0005 0.0040 0.0018
Placebo vs. Low Dose 0.018 0.0069 0.014
Low Dose vs. High Dose 0.21 0.68 0.43

in the placebo and high dose group. Except for the patient in the low dose arm, these
extremely high values correspond to early drop-outs from the study: the patient with
80% of exacerbations dropped out after about 30 weeks, the patient with 70% on the
high dose arm after 36 weeks, 3 patients with 50% from the high dose arm after 12, 24
and 36 weeks respectively, and one patient with 50% from the placebo arm after the
first 12 weeks. The correspondence of the high percentages of exacefbations and early
terminations confirm the importance of including the length on study in the following
analysis. Due to the potential effects of these outliers, an analysis on the raw percentages
would be less appropriate than those on the ranks or square roots of the percentage of
exacerbations.

An ANOVA on the ranks, on the square roots, and on the raw percentages of exac-
erbations resulted in p-values listed iﬁ Table 5.15. Qualitatively the same conclusions
result from the three analyses: both treatment arms appear to differ from the placebo
arm, but there is no suggestion of a difference between the two treatment arms.

Plots of the response versus the baseline covariates and Dropout are presented in
Figure 5.11. The plot ofvpercentage of exacerbations versus duration of disease indicates
that the response appears to decrease with duration. The percentages for males look
somewhat lower overall than the percentages for females. The boxplot for the percentage

of exacerbations versus Dropout shows that, on average, the patients dropping out before
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Figure 5.11: Percentage of Exacerbations versus Baseline Covariates
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Table 5.16: ANCOVA of Ranked Response

. Variable || df F | p-value
Treatment Group 2| 6.84 | 0.001
Age 11 5.95] 0.015
Duration 1{ 0.20 0.66
Initial EDSS 10 [ 1.29 0.23
Center || 10 | 2.57 | 0.005
Gender 1| 1.59| 0.21
Dropout 118.41 | < 0.001
Residuals || 345

thirty 6-week periods had higher pércentages of exacerbations. The results of the analysis
using the ranked summaries as the response variable and including all main effects are
presented in Table 5.16. The p-values indicate strong freatment group effects, an even
stronger effect of Dropout, as well as relationships with age and center.

In a model that fits treatment groups, age, center, Dropout and all two- and three-way
interactions between these predictor ‘variables, the strength of the main effects remains
essentially unchanged. Among the interactions in the model, only the center by Dropout
interaction is strong (p = 0.03), suggesting that centers differ in their rate of drop-out.
Indeed, the display of the proportion of drop-outs by centers in Figure 5.12 confirms
this suggestion. Exéluding all interaction effects from the model does not change the
conclusions about the main effects, hence a reduéed model with only main effects for
treatment, age, center and Dropout will provide a reasonable representation of this data.

Switching to the percentage of exacerbations as a response (instead of their ranks)
and fitting the model with all main effects again indicates the presence of effects for

treatment, age, center, and Dropout (see Table 5.17). Therefore these four variables will

be included in the models which follow.
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Figure 5.12: Proportion of Drop-outs by Center
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Table 5.17: ANCOVA on Percentage of Exacerbations

Variable df F | p-value
Treatment Group 2 16.58 0.002
Age - 116.80 0.01
Duration 1]0.11 0.74
Initial EDSS 10 | 1.26 0.25
Center 10 | 2.88 0.002
Gender 110.02 0.90
Dropout 11283 | <0.001
Residuals 345
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Table 5.18: Effects Estimates: Percent Scale

Parameter Estimate | SE t | P(T > |t])
Intercept (o) 15.47 | 3.74 | 4.13

Low Dose () -4.81 | 1.41 | -3.41 0.0007

High Dose (72) -4.74 | 1.41 | -3.36 0.0009
Age (B) -0.20 | 0.08 | -2.38 0.018
Dropout (§) 719 |1.23 | 583 | <0.0001
125 (71) 3.52 | 2.76 | 1.27 0.20
183 (72) 3.24 | 2.76 | 1.17 0.24
185 () 6.03 | 2.78 | 2.17 0.031
255 (74) 2.65 | 2.48 | 1.07 0.28
256 (s) 6.44 | 2.65 | 2.43 0.016
257 () 0.57 | 2.96 | 0.19 0.85
259 (v7) 6.12 | 2.44 | 2.50 0.013
261 (7s) 6.49 | 2.51 | 2.59 0.010
265 () 485 | 276 | 1.76 0.08
266 (710) 16.37 | 3.74 | 4.38 | <0.0001

The fitted model can be written as:
Jiks = G+ Ts + G+ 6 % Logg + B * zaay,

where §;; is the fitted percentage of exacerbations for the jth patient in the kth center
on the ith treatment group, 7; is the fitted effect of the ith treatment, 4% is the fitted
effect of the kth center, I;x; is an indicator of drop-out (Ijx; = 1 for patients with less
than thirty 6-week periods on study), and z; is the age at the time of entry to the
study. The estimated effects and their standard errors are given in Table 5.18, where the
effects corresponding to the placebo group and to center #286 were arbitrarily taken to
be identically equal to 0 in this fitting.

The analysis shows that with respect to the percent of exacerbations the high and
low dose arms are very different from the placebo arm, though the magnitudes of the

high and low dose effects are very similar to each other. As indicated by the estimate
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Figure .5.13: Plot of Residuals versus Fitted Values
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& = 7.19, the patients who dropped-out before the thirtieth 6-week period had on average
much higher percentage of exacerbations (p-value <0.0001) than patients who remained
on study for at least thirty periods. Center #266, with only 12 patients, has the highest
overall rate of exacerbations. This is partially due to the early drop-out of 4 patients,
two of whom had very high rates of exacerbations (80% and 67%). Indeed, refitting the
model when withholding those two patients from the analysis reduces the effect of center
#266 to 7.92 (t-value = 2.08 and p-value = 0.04). At the same time the estimate for the
Dropout effect 6 decreases from 7.19 to 6.29 and the p-value for the Dropout by center
interaction effect increases from 0.03 to 0.04.

After a model is fit, the residuals, yix; — Jix;, are analyzed to help assess that fit. A
plot of the residua,lsvversus the fitted values (Figure 5.13) indicates that the spread of
the residuals tends to increase somewhat as the fitted values increase. This is not very

surprising because if each patient’s data was uncorrelated over time then the percent
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Table 5.19: Correlations Among First 10 Responses

1 2 3 4 5 6 7 8 9 10
11 1.00
2 1-0.06 1.00
3 1013 0.02 1.00
4 1003 0.04 -0.11 1.00
51023 003 014 0.01 1.00
6 { 013 002 0.02 0.08 0.00 1.00
71006 001 0.01 0.07 0.06 -0.08 1.00
8 1021 0.03 016 -0.02 0.22 0.04 -0.10 1.00
9101 -001 -0.01 022 0.10 0.04 0.10 -0.02 1.00
10} 0.04 0.12 -0.04 0.65 0.07 0.06 -0.03 0.23 -0.04 1.00

of exacerbations would Be a binomial response and the variance would vary with the
mean level, taking on its maximum value when the percent of exacerbations was 50%.
Additional plots (not included here) of the residuals versus treatment group, length on
study and baseline covariates do not reveal obvious relationships. Nor do these residual
plots reveal any serious difficulties with the fit.

To assess the correlation structure in the original binary data, the 30 responses over
time for each patient corresponding to the successive 6-week periods are treated as sep-
arate response variables. The presence of a small amount of missing data (due to early
termination) complicates the calculation of correlations. The correlations among the first
10 responses ignoring the data for the 44 patients with length on study of less than 10
6-week periods (14 on placebo, 13 on low dose and 17 on high dose) are presented in
Table 5.19.

There are no obvious patterns in these correlations and most are quite modest, but
some responses even quite widely separated in time are moderately associated, which
suggests that an exchangeable correlation structure might be considered as the most ap-

propriate working correlation structure for the data. Any analysis based on these original




Chapter 5. Exacerbations 57

Table 5.20: Estimates of Effects: Logit Scale

Parameter Estimate SE t
Intercept (o) -1.599 | 0.280 |
Low Dose (1) -0.373 | 0.100 | -3.72
High Dose (73) -0.300 | 0.101 | -2.99
Age (8) -0.015 | 0.006 | -2.70
Dropout (6) 0.790 | 0.088 | 8.96
125 (m1) 0 0.144 1 0.231 | 0.62
183 (72) 10.095 | 0.246 | 0.38
185 (vs) 0.316 | 0.219 | 1.44
255 (74) 0.073 | 0.230 | 0.32
256 (7s) 0.357 | 0.213 | 1.68
257 (76) -0.022 | 0.252 | -0.09
259 () - 0.241 | 0.202 | 1.19"
261 (7s) 0.381 | 0.205 | 1.86
265 (7o) 0.400 | 0.217 | 1.84
266 (710) - 1.035 | 0.231 | 4.47

binary data (rather than summaries over time, such as the percentage of exacerbations)
must take this correlation into account.

Such analyses, using the GEE approach with logistic regression, will be presented in
the next subsection. To allow direct comi)arison to the GEE results, the analysis leading:
to Table 5.18 was repeated with the proportion of 6-week periods on study in which
exacerbations began re-expressed on the logit scale. A minor difﬁculfy arises because
several patients had no exacerbations; the counts were: placebo = 16, low dose = 23, and
high dose = 25. This difficulty was by-passed in the usual way through the use of empirical
logits, with the data for each patient summarized as logit[(z + ¢)/(m + 2¢)], where m is
the number of periods on study,  is the number of these in which an exacerbation began,
and c is a fixed constant. The results for the common choice ¢ = 1/2 are presented in
Table 5.20. Analysis with another common choice of ¢ = 1 /6 gave qualitatively similar

results.
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The conclusions to be drawn from this table are qualitatively similar to those from
Table 5.18, although re—expréésion on the logit scale has resulted in a slightly weaker
high dose effect. The estimated treatment effects on the logit scale indicate that, at
any fixed age, the odds of an exacerbation beginning for the low dose patients are only
exp(71) = 0.69 times as large as for placebo patients (the corresponding approximate 95%
confidence interval contains all ratios from 0.57 to 01.84), while the odds for the high dose
patients are only exp(72) & 0.74 times as large as for placebo patients (the corresponding
approximate 95% confidence interval contains all ratios frdm 0.61 to 0.90). The odds of
an exacerbation beginning decrease by about 1.5% for every additional year of age at
entry to the study. The patients in cénter #266 have the highest odds of beginning of

exacerbations.

5.3 GEE Analysis

Since the original responses are binary, a GEE analysis based on logistic regression is

used to repeat the analysis; the fitted model is given by:
logit fipje = G+ T + 75 + 6 % I + B+ zagy

where 7;i;: is the probability of an exacerbation beginning in period ¢, for the jth patient
in the kth center on the :th treatment group. In this analysis the effect for center #268
was again arbitrarily taken to be equal to 0, as was the placebo effect. To allow the
fitting of the AR(1) correlation structure, patients with only one 6-week period on study
were excluded from the analysis (3 patients were excluded: 1 from each of centers #256
(PL), #261 (LD) and #265 (HD)).

As mentioned earlier, for the sake of simplicity, in the analyses presented in this

report the “times” (since baseline) are taken to be six week periods — as in the 6-weekly

schedule prescribed for the UBC 6-weekly frequent MRI sub-study. In all models fit, time
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Table 5.21: Effects for Treatment Group, Age and Dropout: GEE

Robust Naive
Parameter || Estimate SE SE z

Independence Working Correlation

Intercept () -2.389 | 0.188 | 0.146
Low Dose (1) -0.237 | 0.113 | 0.080 | -2.10
High Dose (72) -0.408 | 0.118 | 0.084 | -3.47

Age (B) -0.013 | 0.007 | 0.005 | -1.82 {
Dropout (6) 0.534 | 0.104 | 0.077 | 5.14
AR(1) Working Correlation

Intercept () -2.388 | 0.188 | 0.140
Low Dose (m) -0.236 | 0.113 | 0.077 | -2.09
High Dose (72) -0.409-1 0.118 | 0.081 | -3.48
Age (B) -0.013 | 0.007 | 0.005 | -1.80
Dropout (6) 0.533 | 0.104 | 0.074 | 5.12

Exchangeable Working Correlation

Intercept () -1.987 | 0.326 | 0.310
Low Dose (1) -0.274 | 0.112 | 0.106 | -2.45
High Dose (72) -0.406 | 0.117 | 0.111 | -3.48
Age (B) -0.013 | 0.007 | 0.007 | -1.95
Dropout (6) 0.568 | 0.104 | 0.098 | 5.49

was incorporated through the centered variable t = time—15 and age was incorporated
through the centered variable z;x; — 30.

Several working correlation structures are considered but, as seen in Table 5.21, this
has little effect on the concluéions; neither the treatment parameter estimates nor the
corresponding robust SE’s are much affected. On the other hand, the naive SE’s change
somewhat with the choice of working correlation (as should be expected, given the pattern
of mostly positive correlations in Table 5.19). Note that the robust and naive SE’s agree
most closely for the exchangeable correlation structure thus providing another indication
that this may be a reasonable approximation to the true correlation structure in the

data. The qualitative conclusions based on the GEE approach are quite similar to those
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Figure 5.14: Percentage of Exacerbations versus Time
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based on Table 5.20: there are strong treatment effects, as well as a modest age and
a very strong Dropout effect on the probability of exacerbation. The low dose effect is
weaker, but the high dose effect is stronger and the effect of age not nearly as striking in
Table 5.21 as in Table 5.20.

Since the GEE approach allows the data from each subject to be examined at each
point in time, time itself can be included as a predictor; this will allow examination of
the patterns over time. To examine plausible forms for these patterns, the percentage of
exacerbations in each period for each treatment group is plotted versus time in Figure
5.14. The plot clearly indicates that the percentage of exacerbations, on average, tends
to decrease over time. However, this plot is quite noisy. Smoothing the plot using lowess
(a robust, local smoother for scatterplot data) yields Figure 5.15 which suggests that

the percentage of exacerbations, on average, is higher in the placebo group than in the

treatment groups throughout the study, and that the high dose group has the lowest
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Figure 5.15: Smoothed Percentage of Exacerbations versus Time
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percentage at each point in time. The plot confirms the downwards trend which seems
to be the strongest in the placebo group and the weakest in the high dose arm.

Based on these plots, a model containing treatment group, age, center, Dropout and
separate linear time effects for each treatment group was fit. The signs of the estimated
time effects are all negative as suggested by Figure 5.15. The time effects are strong
for the placebo and low dose arms (the absolute values of all corresponding z-scores are
greater than 2.3). The time effect for the high dose arm is weaker (the corresponding
z-scores equal to -1.45, -1.41 and -1.27 for the independence, AR(1) and exchangeable.
working correlation structures respectively).

A model containing separate quadratic time trends for each treatment arm (in ad-
dition to the linear trend) was fitted next. Inclusion of the quadratic time trends in
the model didn’t change the significance of the linear time effects. All the estimated

quadratic effects were positive as shown in Table 5.22, but none was strong. The Wald
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Table 5.22: Linear and Quadratic Effects for Time: GEE

Robust Naive
Trend Parameter || Estimate SE SE z
Independence Working Correlation
Linear  placebo (po) -0.019 | 0.006 | 0.007 | -2.89
: low dose (p1) -0.017 | 0.007 | 0.007 | -2.32
high dose (p2) -0.010 | 0.007 | 0.007 |-1.46
Quadratic ~ placebo (po) 0.0012 | 0.0009 | 0.0008 | 1.42
low dose (1) 0.0004 | 0.0008 | 0.0009 | 0.45

(0

high dose (p2) 0.0011 | 0.0008 | 0.0009 | 1.36
AR(1) Working Correlation

Linear  placebo (po) -0.018 | 0.006 | 0.006 |-2.87
low dose (p1) -0.017 { 0.007 | 0.007 | -2.28
high dose (p2) -0.012 | 0.007 | 0.007 |-1.42
Quadratic  placebo (go) 0.0012 | 0.0009 | 0.0008 | 1.39
low dose (p1) 0.0004 | 0.0008 | 0.0009 | 0.46
high dose (g2) 0.0011 | 0.0008 | 0.0009 | 1.34

Exchangeable Working Correlation
Linear  placebo (po) -0.017 | 0.006 | 0.007 |-2.70
low dose (p1) -0.018 | 0.007 | 0.007 |-2.51
high dose (p2) -0.008 { 0.006 | 0.007 |-1.28
Quadratic placebo (go) 0.0012 | 0.0009 | 0.0008 | 1.42
low dose (p1) 0.0003 | 0.0008 | 0.0009 | 0.39
high dose (g,) 0.0011 | 0.0008 | 0.0009 | 1.34

test for equality of these quadratic effects in the three treatment arms resulted in p-values
larger than 0.7 for all three working correlation structures indicating no difference in the
effect across the three arms. A model containing a common quadratic time trend resulted
in an estimate of 0.0009, with a robust standard error of 0.0005 for all three correlation
structures. This suggests that including a common quadratic time trend in the model is
necessary.

The Wald test for equality of the linear time trends in the three treatment arms

resulted in p-values close to 0.5 for all three working correlation structures indicating no




Chapter 5. Exacerbations 63

Table 5.23: Common Linear and Quadratic Effects for Time: GEE

Robust Naive

Trend Working Correlation || Estimate SE SE z
Linear Independence( ) -0.015 | 0.004 | 0.004 |-3.89
AR(1) (p) -0.015 | 0.004 | 0.004 |-3.84

Exchangeable (p) -0.015 | 0.004 | 0.004 |-3.77
Quadratic Independence (o) 0.0009 | 0.0005 | 0.0005 | 1.91
(o)
(o)

AR(1) 0.0009 | 0.0005 | 0.0005 | 1.90
0.0009 | 0.0005 | 0.0005 | 1.87

| Exchangeable

difference in these linear trends. This suggests that a rﬁodel with a common linear time
effect for all three treatment arms will provide an adequate representation of this data.
Fitting models with common linear and quadratic time trends leads to the estimates in
Table 5.23. Since the estimate of the standard error is smaller than in Table 5.21, this
table indicates even stronger dependence of the probability of an exacerbation beginning
on time. The estimates obtained for the treatment group, age and Dropout effects for
this model with an exchangeable working correlation structure are given in Table 5.24.
The p-values for these estimates are very close to the p-values from the model without
time trends in Table 5.21.

The above analysis shows that at any particular time point LD and HD patients have,
on average, lower odds of beginning an exacerbation than PL patients, but the data does
not demonstrate evidence of differences in the patterns over time in the three treatment
arms. According to the estimated Dropout effect, patients with less than thirty 6-week
periods on study tend to have higher odds of beginning of exacerbation than patients
who stayed on study longer. To examine how much the results of the above analyses

change if only patients with at least thirty 6-week periods on study are considered, these

analyses were repeated on the corresponding reduced data set.




Chapter 5. Exacerbations o | ' 64

Table 5.24: Effects for Treatment Group, Age and Dropout: GEE

Robust Naive
Parameter || Estimate SE SE z
Intercept (o) -2.466 | 0.191 | 0.200
Low Dose (1) -0.264 | 0.111 | 0.106 | -2.10
High Dose (72) -0.411 | 0.116 | 0.111 | -3.47
Age (B) -0.013 | 0.007 | 0.007 | -1.82
Dropout (6) 0.489 | 0.104 | 0.100 | 5.14

5.4 Analysis on Reduced Data Set

The previous analysis indicated that the probability of beginning an exacerbation is
closely related to the Dropout predictor variable. But including the Iength on study or
Dropout as a covariate in the analysis of the treatment effects is somewhat questionable,
because the length on study can itself be considered to be an outcome variable and could
be used to assess the quality of the treatments. To avoid including Dropout we will
repeat the previous analysis using only the data for the 233 patients who stayed on the
program for at least thirty 6-weeks periods (call these patients completers).

The descriptive statistics for percentage of exacerbations for these patients are pre-
sented in Table 5.25. The number of completers in each of the treatment groups is roughly
the same, with a few more drop-outs in the low dose arm. The medians for the low and
high dose arms in the reduced data set are the same as in Table 5.14. The median for
the placebo arm as well as the means for all three treatment arms are lower than in the
full data set, suggesting that, on average, the patients who dropped out of the study
before the 180-th week had higher percentage of exacerbations. Both the medians and
the means for the placebo and low dose arms are now very similar; those for the high
dose arm continue to be lower.

The boxplots for the percentage of exacerbations (Figure 5.16) indicate several outliers
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Figure 5.16: Boxplots for Percentage of Exacerbations, Completers
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Table 5.25: Descriptive Statistics for Percentage of Exacerbations, Completers

Statistic || Placebo | Low Dose | High Dose

Number of drop-outs 44 54 41
Number of completers 79 71 83
Median 10.00 10.00 6.67

Mean 11.01 10.56 8.15

SD 8.82 9.90 7.35

65
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Table 5.26: Number of Completers by Centers

Center ID || 125 | 183 | 185 | 255 | 256 | 257 | 259 | 261 | 265 | 266 | 286
Total || 17| 23| 171 41| 23| 12| 23| 28| 17 81 24

PL patients 6 5 41 14 7 ) 9 8 7 3| 11
LD patients |- 6 9 4| 14 7 1 6 9 6 3 6
HD patients 5 9 9| 13 9 6 8| 11 4 2 7

in each treatment group, with an extremely high value of 67% of exacerbations for a
patient in the low dose arm. The patient is a 31 year old male from center #256 with
2.3 years history of MS and an initial EDSS score of 3.5.

Table 5.26 shows that the counts of completers differ considerably across the 11 cen-
ters, which gives different weights to the centers in the following analysis. The ANCOVA
on the ranks of the percentages, restricted to the main effects of the baseline covariates
and treatment group, is summarized in Table 5.27. The table suggests the presence of
treatment group effects, a weak effect of the baseline EDSS, differences across centers
and also between genders. The dependence on age is weaker in the reduced data set than
in the full set. If a model also including all interactions of the baseline covariates with
treatment group is fitted to the ranked response, then none of the interaction terms is
shown to be important and the strength of the baseline covariate effects remain essen-
tially unchanged. Dropping duration of disease from the model doesn’t have a noticeable
influence on the conclusions about the rest of the variables. Therefore, for further analy-
sis the treatment effect will be adjusted for all baseline covariates, except for the duration
of disease.

For comparison with the results obtained for the full data set, the GEE approach

was used to fit the logit of the probability of exacerbation at each time point as a linear

function of treatment group, age, initial EDSS, gender and center effects; the results
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Table 5.27: ANCOVA on Ranked Response, Completers

Variable || df F | p-value
Treatment Group 213.45| 0.032
. Age 11097 0.33
Duration -1-10.00 | 0.98
Initial EDSS || 10 | 1.68 | 0.086
Center || 10 | 1.72 | 0.078
Gender 115.27 | 0.023

Residuals || 207

are presented in Table 5.28. The absolute values of the estimates for the low and high
dose effect are smaller than the estimates for the full data set reported in Table 5.21. In
contrast to the results for the full data set, only the high dose treatment effect is different
from the placebo effect. -

None of fhe estimated effects for the baseline covariates, except for four centers, is
very large. The estimate of center #256 is the highest among all the centers. This high
estimate is partially due to the presence at this center of the LD patient with 67% of
exacerbations who is indicated as an outlier in Figure 5.16.

To examine plausible forms for the patterns over time in the reduced data set, the
percentage of exacerbations in each 6-week period for each treatment arm is plotted versus
- time in Figure 5.17. The plot suggests a downward trend in the patterns. The smoothed
version of the plot in Figure 5.18 indicates that at every time point the percentage of
exacerbations in the high dose arm is lower, on average, than in two other arms. The
patterns in the placebo and low dose arms seem to be quite similar. A model containing
treatment group, age, gender, initial EDSS, center and separate linear time effects for
each treatment group was fit to the reduced data set. The estimates for the linear trends

in the PL and LD arms are almost the same as for the fit of the corresponding model

(with Dropout instead of gender and initial EDSS effects) for the full data set, but the
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Table 5.28: Effects of Treatment Group, Age and Gender for Completers: GEE

Robust Naive
Parameter || Estimate SE SE z
Independence Working Correlation
Intercept (c) -2.439 | 0.453 | 0.293
Low Dose (71) -0.080 | 0.148 | 0.096 | -0.54
High Dose (72) -0.384 | 0.148 | 0.098 | -2.60
Age (B) -0.008 | 0.009 | 0.006 | -0.93
Gender 0.174 | 0.153 | 0.091 | 1.14
Initial EDSS 0.072 | 0.047 | 0.033 | 1.52
AR(1) Working Correlation
Intercept (@) -2.439 | 0.453 | 0.293
Low Dose (71) -0.080 | 0.148 | 0.096 | -0.54
High Dose (1) | -0.384 | 0.148 | 0.098 | -2.60
Age (8) |  -0.008 | 0.009 | 0.006 | -0.93
‘ Gender 0.174 | 0.153 | 0.088 | 1.14
Initial EDSS 0.072 | 0.047 | 0.032 | 1.52
Exchangeable Working Correlation
Intercept () -2.439 | 0.454 | 0.442
Low Dose (71) -0.079 | 0.148 | 0.144 | -0.54
High Dose (72) -0.383 | 0.148 | 0.147 | -2.59
Age (B) -0.008 | 0.009 | 0.009 | -0.94
Gender 0.174 | 0.153 | 0.133 | 1.14
Initial EDSS 0.072 | 0.047 | 0.048 | 1.52

63
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Figure 5.17: Percentage of Exacerbations in Reduced Data Set
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Figure 5.18: Smoothed Percentage of Exacerbations in Reduced Data Set
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estimate for the linear trend in the HD arm is about half as large.

The smoothed plot for the percentage of exacerbation versus time in Figure 5.18
indicates slight curvature of the fitted curves, especially for the placebo group. The
estimated linear and quadratic-trends for the above model with sepérate quadratic time
trends also included are summarized in Tabie 5.29. Including quadratic trends in the
model didn’t change the estimates for the linear effects and all theAquadratic effects are.
small. The Wald test for the simultaneous equality of all quadratic effects to 0 resulted
in p-values of 0.62 for all working correlation structures, so it is reasonable to exclude
such quadratic effects from the model.

As suggested by Figure 5.18 the estimates of the linear time effect for the PL and LD
arms are very close to each other, but somewhat different from the estimate for the HD.
Nevertheless, as for the full data set, the reduced data set does not provide convincing-
evidence of differences between the HD linear time effect and those for the two other
arms (the p-values are above 0.1 for the pairwise comparisons with the placebo and low
dose). The Wald test for equality of the linear time effects resulted in p-values above 0.3
for all three working vcorrelation structures; hence a reduced model with a common linear
time effect seems adequate for this data set.

Fitting a model with treatment group, age, gender, initial EDSS, center and common
linear time effects to the reduced data set resulted in the linear time effect estimates in
Table 5.30. The estimates of the treatment group, age, gender and initial EDSS effects
for this model are almost identical to the estimates in Table 5.28.

Consequently, the analysis on the reduced data set indicates that only the high dose
treatment effect is different from placebo effect on completers; but the strength of this
treatment effect is smaller than that for the full data set (z-score of -2.6 compared to

the earlier of -3.5). The odds of exacerbations tends to decrease with time; the rate of

decrease is about 1.3% per 6-week period (the corresponding approximate 95% confidence




Table 5.29: Linear and Quadratic Time Effects for Completers: GEE
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Robust Naive

Trend Parameter || Estimate SE SE z

Independence Working Correlation
Linear  placebo (po) -0.016 | 0.007 | 0.008 | -2.23
low dose (p1) -0.018 | 0.008 | 0.008 | -2.17
high dose (p2) -0.004 | 0.008 | 0.008 | -0.46
Quadratic  placebo (go) 0.0008 | 0.0010 | 0.0010 | 0.79
low dose (g1) 0.0006 | 0.0010 | 0.0011 | 0.60
high dose (p2) 0.0008 | 0.0009 | 0.0011 | 0.87

_ AR(1) Working Correlation

Linear  placebo (po) -0.016 | 0.007 | 0.007 | -2.24
low dose (p1) -0.018 | 0.008 | 0.008 | -2.16
high dose (p2) -0.003 | 0.008 | 0.008 | -0.44
Quadratic placebo (o) 0.0008 | 0.0010 | 0.0010 | 0.80
low dose (g;) 0.0006 | 0.0010 | 0.0010 | 0.60
high dose (p2) 0.0008 | 0.0009 | 0.0011 | 0.87

Exchangeable Working Correlation
Linear  placebo (pg) -0.016 | 0.007 | 0.007 | -2.23
low dose (p1) -0.018 | 0.008 | 0.008 |-2.17
high dose (p2) -0.004 | 0.008 | 0.008 | -0.46
Quadratic  placebo (po) 0.0008 | 0.0010 | 0.0010 | 0.79
low dose (g1) 0.0006 | 0.0010 | 0.0010 | 0.60
high dose (g2) 0.0008 | 0.0009 | 0.0011 | 0.87

Table 5.30: Common Linear Time Effect for Completers: GEE

Robust Naive
Working Correlation || Estimate SE SE z
Independence -0.013 | 0.005 | 0.005 | -2.74
AR(1) -0.012 | 0.005 | 0.005 | -2.71
Exchangeable -0.013 | 0.005 | 0.005 | -2.73
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interval is from 0.3% to 2.2%) for all treatment arms.

5.5 Summary

As preliminary plots suggest, the GEE analysis on the full data set shows that there is
a difference between placebo and treatment arms; the difference is overwhelming for the
high dose treatment arm, but rather weak for the low dose arm. The estimated effects for
the exchangeable working correlation structure reported in Table 5.24 indicate that the
odds of an exacerbation beginning for the low dose patients are only 0.76 times as large
as for placebo patients (the correspondinlg appfoximate 95% confidence interval contains
all ratios from 0.61 to 0.95), while the odds for the high dose patients are only 0.66 times
as large as for placebo patients (the corresponding approximate 95% confidence interval
contains all ratios from 0.53 to 0.83). .

On the other hand, for the patients who stayed on study for at least 180 weeks,
there is little low dose effect. From the results for the exchangeable working correlation
structure in Table 5.28 the odds of an exacerbation beginning for the low dose patients are
estimated to be 0.92 times as large as for placebo patients (the corresponding approximate
95% confidence interval contains all ratios from 0.69 to 1.23) while the odds for the high
dose patients are only 0.68 times as large as for placebo patients (the corresponding
approximate 95% confidence interval contains all ratios from 0.51 to 0.92)

Smoothed plots of percentages of exacerbation versus time (Figure 5.15) suggest a
decreasing trend over time in each treatment group. The GEE analysis on the full data
set (see Table 5.22) shows that the trends are very strong in the placebo and low dose
groups, and somewhat weaker in the high dose group. Even though the time trend for

the high dose arm seems to be somewhat different from the time trends in the placebo

and low dose arm, the data does not provide enough evidence to reject the equality of
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the linear time effects. In addition to the linear time effect, the model identifies the
presence of quadratic time trends. Even though the curve for the LD in Figure 5.15
is less bended than the PL and HD curves and the corresponding estimate is smaller,
the data does not provide enough evidence to reject the equality of the quadratic time
effects. In addition to the linear time trend, a common quadratic trend is detected in
the pattern of exacerbations, suggésting that the rate of exacerbation decreases faster at
the beginning of the trial and slower towards the end of the 3-year period as indicated
by Figure 5.14 and Figure 5.15.

As for the full data set, there is a decreasing trend in the rate of exacerbations over
time for patients with at least 180 weeks on study. Again, the trends are similar for the
placebo and low dose arms, and somewhat smaller for the high dose arm. The smoothed
plots of percentage of exacerbations versus time in Figure 5.18 indicate slight curvature
of the curve for the placebo arm But the estimates of all the quadratic effects were
negligible in the reduced data set. The estimated common linear time effect is weaker
than that for the full data set: the odds of exacerbation Beginning decrease by about
1.3% every 6-week period (the corresponding approximate 95% confidence interval based
on the results for the exchangeable working correlation structure contains all percentage
reductions from 0.3% to 2.3%).

Center is identified as an important baseline covariate, with the average odds of
exacerbation beginning for patients in center #266 2.3 times as large as for patients
in center #268. Leﬁgth on study is shown to be very important. As indicated by the
GEE analysis (Table 5.21), the odds of an exacerbation beginning for the patients with
less than thirty 6-week periods on study are estimated to be 1.7 times as large as for
the patients remaining on study for at least thirty 6-week periods (the corresponding

approximate 95% confidence interval based on the results for the exchangeable working

correlation structure contains all ratios from 1.4 to 2.1). In addition, the comparison
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of GEE results for the full and reduced data sets indicated that the low and high dose
treatment effects are lower and linear time trend is weaker for the patients with at least
180 weeks on study.

Finally, all analyses presented in this chapter agree that, in comparison with the PL
arm, there is an instantaneous reduction in the rate of exacerbations in the HD arm. On
the other hand, the GEE analyses of the full and reduced data sets (since, among all the
methods presented in this chapter, only the GEE approach allows the time trends to be
incorporated) show that there is no difference in the time trends across the treatment
arms. In addition to the common negative linear trend, a common quadratic trend
identified for both data sets. The positive estimate for the common quadratic trend

indicates that the odds of an exacerbation beginning decreases faster at the earlier phase

of the trial than in the later phase.
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EDSS Scores

6.1 Data Set Description

The initial schedule was to evaluate the EDSS two weeks before the beginning of treat-
ment (call this score baseline or initial EDSS), 6 weeks and 12 weeks after the beginning
of treatment, and every 12 weeks thereafter for the first two years. After two years it was
decided to continue the study. The average interval between the EDSS scores at the end
of the second year was only 8 weeks; subsequent EDSS evaluations were again 12 weeks
apart.

In addition to these scheduled evaluations, EDSS scores were also recorded at every
non-scheduled visit, such as those caused by the worsening of patient’s condition. The
EDSS scores recorded when patients had exacerbations are often much higher than those
assessed during exacerbation-free periods. These EDSS scores are omitted from the
analysis, because our objective is to compare patients in their remission (stable condition)
state.

The entire study continued for over five years and patients who completed the entire
five years of the study had 23 scheduled EDSS evaluations; but due to drop-out the num-
ber of evaluations is lower for the majority of patients. The histogram of the length on
study in Figure 2.1 indicates a roughly constant rate of drop-out during the first three
years (up to the 14-th scheduled EDSS evaluation). The rate of drop-out increased after

the third year of study and it was decided to limit the analysis reported here to the data
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Table 6.31: Break-down of Patients by Center

Center ID | 125 | 183 | 185 | 255 | 256 | 257 | 259 | 261 | 265 | 266 | 286
Total || 28| 29| 26| 47| 34| 22| 51| 42| 21 9| 31

PL patients | 10 9 81 15| 10 T 17) 12 9 3| 12
LD patients | 10 | 10 9| 16| 12 7| 18} 14 8 4| 10
HD patients 81 10 91 16| 12 8| 16| 16 4 2 9

collected during the first three years: to the first 14 scheduled EDSS evaluations (includ-
ing the baseline EDSS and the evaluation 6 weeks after the beginning of treatment). The
data for 32 patients who contributed less than 5 EDSS evaluations to the data set (11 in
the placebo arm, 7 in the low dose arm and 14 in the high dose arm) were also excluded
from the analysis. The analyses which follow are based on data for 340 patients: 112 in
the placebo arm, 118 in the low dose arm and 110 in the high dose arm. The break-down
of the number of patients by center is given in Table 6.31. The number of patients in
different centers are roughly the same, except for the very low number of 9 patients in
center #266.

Deviations from the target dates of EDSS evaluations occurred due to the difficulties
of maintaining the schedule. For the sake of simplicity, in the analysis to follow, all EDSS
scores from scheduled visits were assigned to the corresponding target dates. Therefore
in these analyses, the “times” (since baseline) of the EDSS evaluations the same for
all patients. These times will be referred to according to the corresponding 12-week
period; thus, time 0.5 refers to the EDSS score intended to be evaluated 6 weeks after
the beginning of treatment, time 1 refers to the score intended to be evaluated 12 weeks
after the beginning of the treatment, time 2 refers to the score intended to be evaluated

24 weeks after the beginning of the treatment, ..., time 14 refers to the score intended to

be evaluated at the end of the third year. Even though the average interval between the
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EDSS scores at the end of the second year was only 8 weeks, for simplicity, we consider
the time between these scores to be equal to 1. Unless otherwise indicated, this definition
of “time” will be utilized throughout this chapter.

As in the analysis of exacerbations, we stratify the patients into two categories ac-
cording to their length on study. For this stratification we again use a Dropout variable,
which will be equal to 1 for the patients with less than thirteen periods on study (twelve
and a half 12-week intervals, since the first period is only six weeks long) and equal to 0
for the patients with at least thirteen periods on stud}{.

The EDSS score is an attempt to express the multiple facets of the neurologic exami-
nation as a single score. The lowest EDSS score of 0 corresponds to a normal neurologic
exam; the next lowest value is 1; then scores follow 0.5 units apart up to 10, which cor-
responds to death due to MS (9 is the highest score in our data). The scores are ordered
according to increasing deterioration, but the extent of deterioration from the score of
0.0 to the score of 1.0 may differ from the extent of deterioration from the score of 5.0 to
the score of 6.0. Later in this chapter the EDSS categories will be used directly for the
mixed effects ordinal regression analysis. But as a first step, we will use simpler analyses,
for which we need to re-express the original scores to introduce a meaningful distance
between them.

For each original EDSS score, we can regard the relative frequency of that score as a
slice out of some distribution. The logistic distribution is most commonly used, because
explicit formulas for re-expression are then readily available. We assign each score the
numerical value of the corresponding center of gravity for the logistic distribution: every
new score is calculated by the formula:

P xIn(P)— (1 — P)*In(1 — P) — [p* In(p) — (1 - p) * In(1 — p)]

New Score = P p ,

where p is a fraction of scores beyond the original EDSS score, and P is a fraction of
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Table 6.32: Original and Re-expressed EDSS Scores

Original score | 0 1.0 1.5 2.0 25 |1 3.0 | 35 | 4.0 | 45
Re-expressed | -4.12 | -2.49 {-1.63 | -0.89 | -0.34 | 0.05 | 0.50 | 0.96 | 1.27
Original score || 5.0 | 55 | 6.0 | 65 | 7.0 | 7.5 | 80 | 85 | 9.0
Re-expressed | 1.54 | 1.81 | 2.29 | 3.20 | 4.26 | 5.24 | 6.31 | 7.50 | 8.77

scores beyond and including the score [16]. The scores from all 14 evaluations for the 340
patients were used for the re-expression. The re-expressed EDSS scores (we’ll call them
REDSS) corresponding to the original scores for this data set are listed in Table 6.32.
Comparing adjacent REDSS scores reveals that the distances between these scores vary:
the distances between adjacent scores on the low and high ends of the scale are larger
than the distances between adjacent central scores. For example, the distance between
the REDSS scores corresponding to the EDSS scores of 0.0 and 1.0 is about twice as

large as the distance between the REDSS scores corresponding to 5.0 and 6.0.

6.2 Preliminary Data Analysis

At the time of entry to the study all patients had EDSS scores of 5.5 or less and, as showh
in Table 2.3, the three treatment arms are roughly balanced with respect to each baseline
EDSS score. It is not meaningful to subtract the arbitrary scores attached to ordinal
categories, but, unless otherwise indicated, we will be using REDSS as the response in
the analysis to follow. The comparison of the treatment arms will be based on the change
in REDSS from baseline.

As an initial step, the data for each patient was summarized over time by the aver-
age rate of change in REDSS over a 12-week period. This average rate of change was
computed as the difference between the REDSS score corresponding to the last available

non-relapse EDSS score evaluated by the end of the third year (the fourteenth scheduled
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Figure 6.19: Boxplots for Rate of Change of REDSS
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EDSS evaluation for patients who remained on study for three years and did not have
a relapse at the time of this evaluation) and the baseline REDSS score divided by the
number of intervening 12-week periods.

The boxplots in Figure 6.19 suggests that the rate of change in the high dose arm
is slightly lower than in the other two arms. The boxplots also indicate roughly similar
spreads of these rates in the three treatment arms, except for two very high rates: an
average increase of 1 unit of REDSS every 12 weeks on study for a 32 year old female PL
patient from center #225 with 3.7 years of MS history and initial EDSS score of 3, and
an average decrease of 1 unit of REDSS every 12 weeks on study for a 45 year old male
LD patient from center #261 with 9.25 years of MS history and initial EDSS score of
4.5. Due to the potential effects of these outliers, an analysis on the raw rates of change

in REDSS would be less appropriate than those on the ranks of these rates.

The corresponding descriptive statistics are presented in Table 6.33. The medians
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Table 6.33: Descriptive Statistics for Rate of Change of REDSS

Statistic || Placebo | Low Dose | High Dose

Number of patients 112 118 110
Median 0.032 0.000 0.000

Mean || 0.044 |  0.029 -0.008

SD | . 0.191 0.163 0.165

Table 6.34: P-values from ANOVA for Rate of Change on REDSS

Comparison Ranks of Rates | Raw Rates
Overall 0.041 0.074
Placebo vs. Low Dose 0.78 0.50
Placebo vs. High Dose 0.027 0.031
Low Dose vs. High Dose 0.031 0.098

for the treatment arms are slightly lower than for the placebo arm, but only the means
suggest a fairly clear dose response relationship. ANOVA on the ranks of the rates and on
the raw rates of change by treatment groups resulted in the p-values listed in Table 6.34;
both suggest treatment group effects. In particular, in the pairwise comparisons based
on the ranks, the HD arm is shown to be different from both the PL and LD arms, but
there is no evidence of difference bétween the PL and LD arms.

Next, the baseline covariates are examined as potential predictors. Plots of the rate
of change versus the baseline covariates and Dropout are presented in Figure 6.20. These
plots do not indicate a particularly strong relationship with any of the covariates. The
results of the ANCOVA on the ranks of the rates of change (including only main effects)
are presented in Table 6.35. The p-values indicate modest treatment group differences
and relationships of the rate of change of REDSS with age, initial REDSS, gender and

Dropout. If the injtial REDSS score is incorporated in this model as a continuous (rather

than categorical as in Table 6.35) variable, the conclusions about the rest of the effects
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Table 6.35: ANCOVA on Ranked Response

Variable || df F | p-value
Treatment Group 21221 0.11
Age 111.99| 0.16
Duration 11052 047
Initial REDSS 10 | 1.65 0.09
Center | 10| 1.12 | 0.35
Gender 113.22| 0.07
Dropout 11338 0.07
Residuals || 313

remains unchanged, but the p-value for the initial REDSS effect decreases to 0.02, sug-
gesting a linear relationship of the rate of change with initial REDSS score.

| In a model also incorporating interactions of all the covariates with treatment groups,
only the treatment by center interaction was substantial (p = 0.04). The interaction
plot of average rates of change for each treatment group in each center is presented
in Figure 6.21. The plot indicates that the relative position of the three treatment
group averages vary from center to center, reflecting the suggestion from the fit that
the treatment group effects differ across centers. Including the treatment by center
interactions in the model did not change the conclusions about the main effects; therefore,
for simplicity of analysis, these interaction effects are not incorporated in the following
analyses.

Switching to the raw rates as the response results in a considerable increase of all
p-values, except for initial REDSS. Such increases may be associated with the presence
of several outliers in the data. To minimize the effect of the outliers, the data for the
two patients with the highest rates of change (described earlier) is withheld from the
ANCOVA. The qualitative results of the analysis on this reduced data set are consistent

with the conclusions from the analysis based on the ranked data. The treatment group,



Chapter 6. EDSS Scores 82

Figure 6.20: Rate of REDSS Change versus Baseline Covariates and Dropout
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Figure 6.21: Treatment by Center Interaction Plot
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age, duration, gender and Dropout effect estimates from this fit (with initial REDSS
treated as continuous) are listed in Table 6.36. |
These estimated effects indicate that the average rate of change of REDSS per 12-
| week period is 0.008 units higher in the LD arm than in the PL arm (the corresponding
approximate 95% confidence interval contains all differences in rates from -0.013 to 0.029),
while the average rate of change is 0.021 units lower in the HD arm than in the PL arm
(the corresponding approximate 95% confidence interval contains all differences in rates
from -0.034 to -0.007). The positive estimate of the age effect suggests that the average
rate of increase is somewhat higher for older than for younger patients. The negative
estimates for the gender and initial REDSS effects indicate that females had, on average,
slower increase of score and the patients with lower baseline scores tend to have higher
rates of increase. Duration of disease and center are not indicated as having an influence

on the rate of change of REDSS.
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Table 6.36: Estimates of Effect from ANCOVA: raw scale

Parameter || Estimate SE t | p-value
Low Dose 0.0075 | 0.0109 | 0.69 0.49
High Dose -0.0207 | 0.0068 | -3.04 0.003
Age 0.0019 | 0.0014 | 1.35 0.18

Duration 0.0005 | 0.0016 | 0.33 0.74
Initial REDSS -0.0177 | 0.0069 | -2.56 0.01
Gender -0.0169 | 0.0096 | -1.76 0.08
Dropout 0.0353 | 0.0206 | 1.71 0.09

The average rate of change is a good summary of the change in REDSS only if the rate
of change is reasonably constant over this three year period. To examine the patterns of
change over time, the change from baseline at each time point was averaged for patients
in each treatment arm and plotted against time in Figure 6.22. The plot clearly indicates
that in the PL and LD arms the change tends to increase over time, whereas in the HD
arm the change remains at roughly the same level throughout the three years. The
average changes for the three arms are at about the same (negative) level at the early
stages of the trial, but after approximately one year the average change is consistently
smaller in the HD arm than in the other two arms. Smoothing the plot using lowess yields
Figure 6.23, which suggests that the average rate of change is not constant, especially for
the high dose arm. Hence an analysis, which takes into account the patterns over time is
required. A commonly used procedure for modelling such continuous longitudinal data

is the repeated measures ANOVA described in the next subsection.

6.2.1 Repeated Measures ANOVA

About 16% of the first 14 EDSS scores for the 340 patients included in the data

set for these analyses are missing. The break-down of the number of missing values by

treatment arm (Table 6.37) indicates similar percentages of missing values in the three
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Figure 6.22: Average Change in REDSS over Time
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Table 6.37: Break-down of Missing EDSS Values by Treatment Arm

Treatment Arm || Patients | Missing Values | Percent Missing
Placebo 112 252 16.1%
Low Dose 118 278 16.8%
High Dose 110 210 14.0%

86

arms. Imputing all missing data points is a common way of obtaining a complete data set
suitable for applying the repeated measures ANOVA. Missing values were estimated by
the expectation-maximization (EM) algorithm as described by Johnson and Wichern [5].
To preserve possible treatment group differences, estimation of the missing values were
doné separately for each treatment group. For a data set with a few randomly missing
observations, imputing the missing data would not be expected to have a substantial effect
on the conclusions of a statistical analysis. But for a data set with a high percentage
of missing values or with data missing due to the treatment side-effects, to relapses, or
to other treatment-related conditions and hence nonrandom, such imputation of data
may influence the conclusion about treatment effects. Because of the relatively high
percentage of imputed data, a large fraction of which was missing due to relapses (as
mentioned before, we are using only EDSS scores evaluated during exacerbation-free
periods; scores recorded at scheduled visits when patients had exacerbations are treated
as missing), conclusions from the analysis on this data set should be taken with some
caution.

The simplest linear model upon which the analysis will be based has the following
form:

Yije = p+ i + 7506y + By + afis + €,

where

Yi;: is the change in REDSS score at time ¢ for patient j in treatment arm ¢;
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«; is the effect of treatment arm ¢;

Tj(i) is the (random) effect of patient j in treatment arm z;

B: 1s the effect of time ¢;

af;; 1s the treatment by time interaction;

€;j¢ 1s the error term in the model.

In the repeated measures ANOVA model, patient-specific effects are treated as ran-
dom factors nested within grouping factors such as tréa,tment arm and categorical covari-
ates (sex, center, initial REDSS). The patient-specific effects are assumed to be mutually
independent normally distributed with mean 0 and variance v?, and the random errors
assumed to be mutually independent normally distributed with mean 0 and variance
o?. Patient-specific effects are random, since they repfesent deviations from the average
trend in the population. Conversely, effects of time and treatment arm are treated as
fixed factors, since there is interest in making inferences about the specific time points
and treatments included in the study. The repeated measures ANOVA tests of time and
treatment effects for the above model (ignoring the baseline covariates) are summarized
in Table 6.38.

As suggested by the patterns in Figure 6.22, where there is no difference between the
treatment arms at the outset but a rather large difference by the end of the time period,
the analysis identifies the presence of treatment by time interactions. Partitioning the
treatment by time interactions into the components for treatment by linear, treatment by
quadratic and treatment by higher order components for interactions indicates a strong
effect of the treatment by linear component of these interactions (p-value = 0.02) and
no effects of the treatment by quadratic component (p-value = 0.36) or the treatment
by higher order component (p-value = 0.99). This suggests that the treatment effects

change linearly over time.

For this analysis to be valid, the variance-covariance matrix of the data has to satisfy
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Table 6.38: Repeated Measures ANOVA on REDSS Change without Covariates

Source of variation df | MS F p-value
Between patients 339

Treatment groups 2130.69 | 2.21 0.112
Patients within groups || 337 | 13.92

Within patients 4080

Time 12| 8.50 | 12.90 | < 0.001
Treatment by time 24 | 1.46 | 2.22 0.001
Residuals 4044 | 0.66

the so-called symmetry conditions [23]. If the conditions are not tenable, the F.ratios
may not follow the F-distribution, and the test results may be misleading. The standard
deviations for each treatment arm at each time point are presented in Table 6.39 and
the correlation matrices in Table 6.40. Since only subjects with baseline EDSS score
below 6 were eligible for the study, the variability is relatively low for the first few EDSS
evaluations. As the EDSS scores change over time the range of scores grows, so it is not
surprising that the standard deviétions increase o.ver time, as indicated in Table 6.39. In
addition, the rate of increase of the standard deviations is somewhat lower in the low dose
arm than in the high dose and placebo arms. Table 6.40 indicates that the correlations
between REDSS scores evaluated at 2 time points in the initial phases of the trial are
- lower than between EDSS scores evaluated at 2 time points in the later phases. These
observed patterns in the standard deviation and correlation structures suggest that the
symmetry conditions are violated in the REDSS data.

The symmetry conditions can be examined using the multivariate generalization of
Box’s M test and Mauchly’s test of sphericity [15]. Both Box’s M test of the homogeneity
of variances across the treatment arms and Mauchly’s test of sphericity yielded p < 0.001,

hence the symmetry conditions appear to be violated. One approach to dealing with this

situation is to adjust the numerator and denominator degrees of freedom of the critical
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Table 6.39: Standard Deviations of REDSS Change at Each Time Point

Arm | 1 2 3 4 3 6 7 8 9 10 11 12 13

PL {0.71 099 1.09 1.17 1.02 1.30 137 172 1.68 1.57 1.73 1.72 1.89
LD |08 0.75 093 1.11 1.12 120 1.06 129 134 1.26 1.35 1.40 1.32
HD |0.69 0.74 1.10 097 1.00 1.11 131 1.73 1.40 148 1.55 1.60 1.71

value for the test to compensate for the extent of the violation. Two estimates of this
adjustment, called ¢, are available. The Huynh-Feldt € is an attempt to correct the
Greenhouse-Geisser €, which tends to be overly conservative [23]. Adjusting the F-ratio
for the time by treatment interactions by the Huynh-Feldt € yielded a p-value of 0.012,
which does not change the conclusion about the existence of the treatment by time
interactions. So, all we can conclude from this analysis is that the treatment group
effects change across time.

Including all the baseline covariates, Dropout and treatment by center interaction
terms in the repeated measures model leads to the results summarized in Table 6.41.
Adjusting the degrees of freedom of the F-ratios for the treatment by center interaction
and for gender effecté by the Huynh-Feldt € yielded p-values of 0.14 and 0.13 respectively,
which does not change the conclusion about the existence of modest effects. But the
treatment by center interaction effect on the change of REDSS score is somewhat weaker
than the corresponding effect on the average rates of this change per 12-week period.
Unlike the analysis on the average rates of change in Table 6.35, the results in Table 6.41
do not suggest a Dropout effect.

“Regression” in Table 6.41 corresponds to the continuous covariates: age, duration of
disease and initial REDSS; the estimated effects and their standard errors are listed in

Table 6.42. The conclusions about these covariates are similar to those from Table 6.35.

The table shows a very strong linear effect for initial REDSS and suggests the possibility
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Table 6.40: Correlation Matrices for Change in REDSS
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Placebo Arm
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0.43
0.38
0.33
0.36
0.44
0.35
0.34
0.33
0.36
0.47
0.22
0.30

1.00
0.64 1.00

0.58 0.73 1.00

0.59 0.67 0.76 1.00

0.55 0.62 0.67 0.73 1.00

0.58 0.67 0.63 0.76 0.76 1.00

0.46 0.52 0.57 0.67 0.80 0.81 1.00

0.55 0.58 0.62 0.68 0.75 0.79 0.88 1.00

0.50 0.67 0.66 0.69 0.73 0.72 0.77 0.85 1.00

0.47 053 0.66 059 0.75 0.73 0.80 0.80 0.84 1.00

041 054 053 056 0.71 0.69 0.76 0.78 0.80 0.83 1.00
0.43 053 0.57 0.61 0.76 0.77 0.83 0.85 0.84 0.86 0.86

1.00

Low Dose Arm

w00~ U= W

0.49
0.72
0.51
0.49
0.33
0.49
0.45
0.49
0.42
0.30
0.53
0.37

1.00

0.48 1.00

037 0.75 1.00

045 0.68 0.69 1.00

041 0.59 0.74 0.82 1.00

041 0.62 0.58 0.74 0.76 1.00

029 0.63 0.62 0.70 0.68 0.75 1.00

025 0.71 0.70 0.77 0.79 0.83 0.83 1.00

0.25 0.47 0.46 0.57 063 0.77 0.78 0.80 1.00

0.24 042 052 0.52 0.58 0.56 0.64 0.62 0.71 1.00
045 0.56 0.50 0.59 0.62 0.71 0.67 0.71 0.75 0.75 1.00
0.27 0.41 0.30 0.52 0.58 0.62 0.67 0.60 0.75 0.75 0.78

1.00

High Dose Arm

1.00

0.79 1.00

0.77 0.80 1.00

081 0.85 0.80 1.00
0.79 0.77 0.83 0.77 1.00
0.77 0.79 0.80 0.86 0.81

1.00
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Table 6.41: Repeated Measures ANOVA on REDSS Change with Covariates

Variable df F | p-value
Treatment*Center 20,314 { 1.43 | 0.11
Regression 3,314 | 6.59 | < 0.001
Gender 1,314 | 2.44 0.12
Dropout 1,314 | 0.01 0.91
Time | 12,3804 | 9.04 | < 0.001
Gender*Time | 12,3804 | 1.10 | 0.35
Dropout*Time || 12,3804 | 0.30 0.99
Treatment*Center*Time || 240,3804 | 0.95 | 0.70

Table 6.42: Estimates for Continuous Covariates: Repeated Measures ANOVA

Variable || Estimate SE t | p-value

Age 0.012 { 0.009 | 1.36 | 0.18

Duration’ 0.006 | 0.010 | 0.62 | 0.54
Initial REDSS -0.189 | 0.044 | -4.26 | < 0.001

of an age effect on change in REDSS score. There is no indication of an effect due to
duration of MS.

Excluding Dropout, duration and the treatment by center interaction terms from the
model results in p-value of 0.04 for treatment by time interactions and p-value of 0.06
for center by time interactions. The estimates of gender, linear initial REDSS score and
linear age effects remain similar to the estimates from the previous model.

The conclusions about the effects of the baseline covariates drawn from this analysis
are similar to the conclusions from the preliminary analysis based on the rate of REDSS
change in Table 6.36. The repeated measures analysis identifies the existence of treatment
by time interaction effects, which confirms that using all the data collected over time
instead of only the overall rate of change for the analysis of the REDSS data supplements

conclusions about treatment effect with information about the time dependence.
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Since the symmetry assurﬁptions of the repeated measures ANOVA cannot be justified
for the REDSS data, we will use the multivariate ANOVA (MANOVA) model, which

allows a more general form for the variance-covariance matrix.

6.2.2 MANOVA

In the MANOVA model, each patient’s repeated measurements are treated as a multi-
variate response vector. For the MANOVA, as for the repeated measures analysis, we use
the data with missing values imputed by the EM algorithm. The multivariate analysis

of variance model for treatment group effects has the form:
Yij = p+ o + €,

where

Y;; is the 13-dimensional vector of change in REDSS scores for patient j in treatment
arm ;

«; 1s the vector of effects associated with treatment arm i;

€;; is the vector of errors.

The vector of errors is assumed to have a multivariate normal distribution with mean
vector 0 and covariance matrix ¥ that is common to the three treatment arms. The
test for treatment group main effects gives a Wilks’ Lambda of 0.9 which corresponds to
an P-statistic of 1.47 with 26 and 650 degrees of freedom and p-value of 0.064. Hence
this multivariate test provides some indication of treatment differences. Multivariate
pairwise comparisoné of the treatment groups resulted in p-values of 0.44 for the PL
vs. LD comparison, 0.004 for the PL vs. HD comparison, and 0.22 for the LD vs. HD
comparison. These p-values from the comparison of the treated group to placebo are very

close to those obtained for the treatment group effect estimates on the rate of change in
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Table 6.36. So, the analysis identifies only the high dose treatment effect, as suggested
by Figure 6.23.

Since treatment differences are indicated, it may be informative to examine the uni-
variate test results to get some idea of the time points at which the differences occurred.
As suggested by Figure 6.22 the univariate F-tests (with 2 and 337 degrees of freedom)
for treatment effects at each of the 13 time points do not indicate any treatment effects
in the early portion of the study and show treatment differences more frequently towards
thé end of the third year of the study.

The MANOVA adjusted for all baseline covariates, Dropout and treatment by center
interaction didn’t indicate treatment by center interaction effects (p = 0.45), a Dropout
effect (p = 0.96), a gender effect (p = 0.80) or a duration of MS effect (p=0.71) on the
change in REDSS score. |

The results of the analysis based on a model reduced to account for the treatment
group, age, linear initial REDSS and center main effects (F-statistics corresponding to
Wilks’ Lambdas) are summarize(i in Table 6.43. As for the preliminary analysis on the
ranks of the rates of change (Table 6.34), the MANOVA indicates treatment group effects
on the change in REDSS. The MANOVA allows.exémination the patterns of dependence
of the change in REDSS scores on the continuous covariates over time. The effect of
the initial REDSS score is shown to be very strong (p-values < 0.001) up to time 7 (84
weeks on study) and gradually decreasing in the later phase (with p-values above 0.10 at
time 11, time 12 and time 13).

The MANOVA relies on the assumption of multivariate normality for the data. To

check this assumption, the quantities

(Y — A Y E7 (Y5 — fiij)s

where Y;; is the 13-dimensional vector of observations for a patient, fi;; is the estimate
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Table 6.43: MANOVA on REDSS Change with Age and Initial EDSS
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Variable df F | p-value
Treatment Groups 26,626 | 1.55 | 0.042
Regression 26,626 | 4.00 | < 0.001
Center | 130,2520 [ 1.19 | 0.074

Figure 6.24: Quantile-Quantile Plots for Three Treatment Arms

Placebo Arm Low Dose Arm
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of the mean vector for this patient, and % is the estimate of the variance-covariance
matrix (common for the three treatment arms), were compared to a x? distribution with
13 degrees of freedom. Quantile-quantile plots for each treatment arm separately (see
Figure 6.24) do not indicate strong departures from multivariate normality.

In addition to the assumption of multivariate normality for the data, the MANOVA
relies on a critical assumption of equality of the variance-covariance matrices across treat-
ment arms. Though the standard deviations and correlation matrices for the three arms
look reasonably similar at most time points (Table 6.39), Box’s M test yielded p-value

< 0.001 indicating that the homogeneity of variance-covariance matrices across treatment

arms appears to be violated. Because the MANOVA assumptions may be unreasonable
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for the change in REDSS scores data, the conclusions from the MANOVA may be incor-
rect. Methods which do not requife these assumptions might be more reliable for analysis
of the REDSS score data. Results for two such methods, the GEE approach and random

effects regression models, will be presented in the following sections.

6.3 GEE Analysis

The GEE approach allows for different numbers of measufements for patients and the
presence of missing values in the data. Therefore the data set with missing values (not
imputed by the EM algorithm as for the repeated measures ANOVA or MANOVA) will
be used for the GEE analysis.

Treating REDSS as a continuous response, the GEE analysis of the change in REDSS

scores can be based on the linear regression model,
Yie=p+oai+Bixt+e,

where p is the intercept for the placebo arm, «; is the difference in the intercepts due to
the low dose effect, a; is the difference in the intercepts due to the high dose effect. The
time variable was centered in this fit, hence the fitted intercepts correspond to time 6
(66 weeks on study).

Table 6.44 lists the parameter estimates and the robust and naive estimates of the
standard errors for above model. The choice of the working correlation structure has
little effect on the conclusions as neither the parameter estimates nor the robust standard
errors are much affected. On the other hand, the naive SE’s change with the choice of the
working correlation structure '(as should be expected, given the pattern of consistently

positive correlation in Table 6.40). The fitted slopes for all treatment arms are positive,

indicating an increase in scores over time, and those for the PL and LD arms are highly
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GEE Model for REDSS Change with Separate Linear Trends

Robust

Naive

Parameter || Estimate SE SE z
Independence Working Correlation
Intercept (i) -0.041 | 0.110 | 0.038
LD (ey) 0.107 | 0.138 | 0.053 | 0.77
HD (a2) -0.199 | 0.143 | 0.053 | -1.40
PL slope (o) 0.047 | 0.015 | 0.010 | 3.07
LD slope (5,) 0.056 | 0.012 | 0.010 | 4.58
HD slope (32) 0.004 | 0.014 | 0.010 | 0.28
AR(1) Working Correlation
Intercept (u) 0.003 | 0.108 | 0.075
LD (en) 0.072 | 0.135 | 0.105 | 0.53
HD (ap) -0.204 | 0.140 | 0.106 | -1.46
PL slope (o) 0.061 | 0.015 | 0.015 | 4.13
LD slope (/1) 0.057 | 0.012 | 0.014 | 4.84
HD slope (5, 0.011 | 0.014 | 0.015 | 0.76
Exchangeable Working Correlation
Intercept (u) 0.010 | 0.108 | 0.096
LD (a1) 0.062 | 0.134 | 0.134 | 0.45
HD (ap) | -0.211 | 0.144 | 0.136 | -1.46
PL slope (8o) 0.042 | 0.014 | 0.007 | 2.92
LD slope (/) 0.049 | 0.011 | 0.007 | 4.36
HD slope (52) 0.008 | 0.013 | 0.007 | 0.62
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significant. But, the estimate for the HD arm is very close to zero, which suggests rather
small average change in the REDSS scores over the three years of treatment.

The smoothed plot of the average change in REDSS score over time in Figure 6.23
indicates possible curvature in the patterns, especially in the high dose arm. A model
also incorporating separate quadratic trends over time led to the estimates listed in
Table 6.45. The table indicates negligible quadratic trends in the PL and LD arms and
only a weak trend in the HD arm. The positive sign of the quadratic effect suggests
that in the high dose arm the REDSS scores tend to decrease during the first part of
study and increase later. But the Wald test for simultaneous equality of all quadratic
effects to zero yielded p-values of 0.40, 0.39 and 0.38 for the three working correlation
structures, suggesting that it may be reasonable to exclude such quadratic effects from
the model. The Wald test for equality of all linear time effects (from the model without
quadratic effects) yielded p-values of 0.01, 0.02 and 0.04 for the independence, AR(1)
and exchangeable working correlation structures respectively, suggesting that the rate of
REDSS change over time differs across treatment groups.

Including all the baseline covariates and a Dropout main effect in the model with the
separate linear trends over time leads to low z-scores (absolute values below 1.07) for the
gender and duration effects suggesting a possibility of model reduction by excluding these
two covariates. Refitting the model without gender and duration leaves the conclusions
about all other main effects essentially unchanged. The estimates and standard errors
for all effects, except centers, from this model fit are listed in Table 6.46.

As suggested by Figure 6.23, the Wald test indicates difference in the slopes for the
three fitted lines. In particular the estimate of the slope for the HD arm is much smaller

than for the PL arm, which indicates that, on average, the change in the REDSS score

from baseline increases slower over the three year period in the HD arm (only about




Chapter 6. EDSS Scores

Time Robust |  Naive
Effect = Parameter | Estimate SE SE z
Independence Working Correlation
Intercept (u) -0.072 | 0.126 | 0.058
LD () 0.140 | 0.157 | 0.081 | 0.89
HD () -0.221 | 0.163 | 0.081 | -1.36
Linear PL(fo) 0.046 | 0.015 | 0.010 | 3.05
LD (%) 0.056 | 0.012 | 0.010 | 4.60
HD (£,) 0.003 | 0.014 | 0.010 | 0.24
Quadratic PL(g0) 0.002 | 0.004 | 0.003 | 0.82
LD (o1) -0.0001 | 0.003 | 0.003 | -0.06
HD (p2) 0.004 | 0.003 | 0.003 | 1.50
AR(1) Working Correlation
Intercept (u) -0.032 | 0.125 | 0.100
LD (ay) 0.074 | 0.160 | 0.140 | 0.46
HD (a2) -0.245 | 0.167 | 0.143 | -1.47
Linear  PL(f) 0.061 | 0.015 | 0.015 | 4.10
LD (5) 0.056 { 0.012 | 0.014 | 4.84
HD (6,) 0.010 | 0.014 | 0.015 | 0.68
Quadratic PL(00) 0.002 | 0.003 | 0.004 | 0.73
LD (1) 0.002 | 0.003 | 0.004 | 0.64
HD () 0.004 | 0.003 | 0.004 | 1.43
Exchangeable Working Correlation
Intercept (u) -0.020 | 0.120 | 0.100
LD (a) 0.100 | 0.156 | 0.140 | 0.64
HD (as) -0.227 | 0.162 | 0.142 | -1.40
Linear PL (Bo) 0.041 | 0.014 | 0.007 | 2.89
LD (51) 0.049 | 0.011 | 0.007 | 4.36
HD (52) 0.007 | 0.013 | 0.007 | 0.58
Quadratic PL(0o 0.002 | 0.003 | 0.002 | 0.91
LD (1) -0.0005 | 0.003 | 0.002 | -0.21
HD (02) 0.003 | 0.002 | 0.002 { 1.50
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Table 6.45: GEE Model for REDSS Change with Separate Linear and Quadratic Trends




Chapter 6. EDSS Scores

Table 6.46: GEE Model for REDSS Change with Covariates and Linear Trends

Robust

Naive

Parameter || Estimate SE SE z
Independence Working Correlation
Intercept () -1.005 | 0.340 | 0.141
Low Dose (o) 0.123 | 0.131 | 0.051 | 0.94
High Dose (ag) -0.144 | 0.132 | 0.052 | -1.10
PL slope (fo) 0.048 | 0.015 | 0.010 | 3.19
LD slope (1) 0.058 | 0.012 | 0.010 | 4.73
HD slope (8;) 0.006 | 0.013 | 0.010 | 0.44
Initial EDSS -0.173 | 0.043 | 0.017 | -4.00
Age 0.019 | 0.008 | 0.003 | 2.42
Dropout 0.205 | 0.119 | 0.055 | 1.72
AR(1) Working Correlation
Intercept (u) -0.929 | 0.333 | 0.278
Low Dose (o) 0.093 | 0.128 | 0.101 | 0.73
High Dose (az) -0.147 | 0.130 | 0.103 | -1.13
PL slope (8o) 0.061 | 0.015 | 0.014 | 4.15
LD slope (61) 0.058 | 0.012 | 0.014 | 4.93
HD slope (82) 0.012 | 0.014 | 0.015 | 0.80
Initial EDSS -0.180 | 0.041 | 0.033 | -4.37
Age 0.019 | 0.008 | 0.006 | 2.46
Dropout 0.198 | 0.119 | 0.105 | 1.67
Exchangeable Working Correlation
Intercept () -0.907 | 0.354 | 0.356
Low Dose (o) 0.080 | 0.131 { 0.128 | 0.61
High Dose (a3) -0.156 | 0.134 | 0.131 | -1.16
PL slope (fo) 0.042 | 0.014 | 0.007 | 2.93
LD slope (51) 0.049 | 0.011 | 0.007 | 4.37
HD slope (#2) 0.008 | 0.013 | 0.007 | 0.63
Initial EDSS -0.181 | 0.043 | 0.042 | -4.26
Age 0.017 | 0.008 | 0.008 | 2.12
Dropout 0.185 | 0.122 | 0.127 | 1.52
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0.008 units of REDSS scofe per 12-week period with corresponding 95% confidence in-
terval from -0.018 to 0.036 units as estimated for the exchangeable working correlation
structure) than in the PL arm (about 0.042 units of REDSS écore per 12-week period
with corresponding 95% confidence interval from 0.014 to 0.070 units as estimated for the
exchangeable working correlation struéture). Given that at the beginning of the treat-
ment the average change from the baseline of the REDSS scores in the three treatment
arms was similar, this analysis indicates that the high dose treatment effect on the change
of REDSS .scores is superior to the placebo effect.

As the GEE approach, the random effects regression model allows for different num-
bers and times of measurements for differént patients. Hence the data with missing values
(not imputed by the EM algorithm as for the repeated measures analysis and MANOVA)

will be used in the random effects regression analyses presented in the next section.

6.4 Random Effects Regression Model

The main question of interest .is whether fitted curves show differences across the three
treatment arms. Therefore, in addition to the overall intercept, the deviation from this
intercept due to the treatment group effects will be included in the model. As well as for
the GEE approach separate linear time trends for each group will be incorporated into
the initial model. |

One way to express the corresponding simplest linear random effects model is as
Yije = p+ (o +ai;) + Bi x t + €5,

where
Yi;: is the change in REDSS score at time ¢ for patient j in treatment arm ¢;

p is the intercept for placebo group;
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Table 6.47: Random Effects Model for REDSS Change with Separate Linear Trends

Parameter || Estimate SE Z
Intercept (p) -0.035 | 0.058
Low Dose () 0.017 | 0.098 | 0.24
High Dose (a2) -0.081 | 0.041 | -1.97
PL slope (8o) 0.053 | 0.013 | 3.90
LD slope ($1) 0.049 | 0.013 | 3.72
HD slope (82) 0.011 | 0.014 | 0.78

a; 1s the deviation from the placebo intercept due to the treatment arm i effect (fixed
effect);

a;; 1s the deviation from the population-average intercept for patient j in treatment
arm ¢ (random effect);

Bi is the slope for treatment arm ¢ (fixed effect);

€;;: is the error term in the model.

It is assumed that for all patients the a;; are independent and identically distributed
with a N (0, D) distribution and the vectors of errors for different patients ¢;; are mutually
independent and distributed with a N(0,0%€;;) distribution, independent of the a;.
For this analysis, as for the GEE approach, the time variable was centered so that the
intercept corresponds to time 6 (sixty six weeks on study). In addition, the deviation for
the PL arm, «p, is arbitrarily taken to be equal to zero and the errors ¢;;; are assumed
to be independent (£2;; is the identity matrix) with common variance o?. This model
corresponds to fitting a different overall line for each treatment arm. The lines for the
individual patients are assumed to be parallel to the overall line for the corresponding

treatment arm.

The estimates of the slopes and intercepts for the three groups are listed in Table 6.47.

The fitted slopes for all treatment arms are positive indicating that in every treatment
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Table 6.48: Random Effects Model for REDSS Change with Separate Linear and
Quadratic Trends

Time Effect  Parameter | Estimate SE zZ
~Intercept (p) -0.060 | 0.059

LD (a1) 0.030 | 0.072 | 0.42

HD (o) -0.096 | 0.042 | -2.27

Linear PL (fo) 0.053 | 0.013 | 3.90

LD (p) 0.049 { 0.013 | 3.72

HD (52) 0.010 | 0.014 | 0.77

Quadratic PL (o) 0.002 | 0.002 | 0.96

LD (m) -0.0003 | 0.002 | -0.16

HD (v2) 0.004 | 0.002 [ 2.28

arm the change in REDSS scores increases over the three year period. The raté of increase
is relatively high and similar in the placebo and low dose arms but different from the rate
in the high dose arm (since the correlations between the estimates are negligible, the table
provides the necessary inputs for assessing the significance of these differences). The low
z-score corresponding to the estimate of the slope in the high dose group suggests that
this slope can be considered as negligible. If the linear model provides an adequate fit
to the data in the high dose arm, this indicates that, on average, the REDSS scores for
the HD arm remained essentially unchanged dufing the three years of treatment. The
conclusions about the group effects drawn from this table are qualitatively similar to
those from Table 6.44.

Because the smoothed plot for the change of REDSS score versus time in Figure 6.23
indicates slight curvature, the model was expanded by also including separate quadratic
effect for each treatment arm. The estimates for this model and the corresponding
standard errors are listed in Table 6.48. The table indicates rather small quadratic

effects in the PL and LD arms and a strong quadratic effect in the HD arm. The positive

sign of the quadratic effect suggests that in the HD arm REDSS scores tend to decrease
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Parameter || Estimate SE z
Intercept (u) -0.700 | 0.217
Low Dose (o) 0.030 | 0.069 | 0.43
High Dose (a2) -0.060 | 0.041 | -1.48
PL slope (o) 0.053 | 0.014 | 3.90
LD slope (B1) 0.050 | 0.013 | 3.75
HD slope (52) 0.011 | 0.014 | 0.84
Quadratic 0.002 { 0.001 | 1.76
Initial EDSS -0.249 | 0.031 | -8.07
Age 0.017 | 0.006 | 2.90
Center #125 - 0.119 { 0.096 | 1.24
Center #183 0.108 | 0.057 | 1.88
Center #185 0.025 | 0.033 | 0.76
Center #255 0.032 | 0.028 | 1.14
Center #256 0.007 | 0.027 | 0.27
Center #257 -0.013 | 0.016 | -0.79
Center #259 -0.028 | 0.015 | -1.85
Center #261 -0.012 | 0.018 | -0.64
Center #265 0.014 | 0.025 | 0.55
Center #266 -0.015 | 0.012 | -1.20
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Table 6.49: Random Effects Model for REDSS Change with Time Trends and Covariates

during the first part of study but increase during the later phase. The Wald test for the
equality of all quadratic effects yielded a p-value of 0.22; the test for the simultaneous
equality of all quadratic effects to zero resulted in p-vaiue of 0.10. These p-values indicate
that it is possible to reduce the model to a common quadratic effect for the three groups,
but it may not be reasonable to further reduce the model to the linear trend only. Fitting
the reduced model yields the estimated common quadratic effect of 0.002 with z-score of
1.76. The results for the other effects remained essentially the same as in the fit with the
separate quadratic effects.

Including fixed effects for the baseline covariates and Dropout in the model resulted in

z-scores of -0.22, 0.78 and 0.23 for the gender, duration and Dropout effects respectively.
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Excluding these variables from the model did not change the conclusions about the other
effects, hence such model reduction seems reasonable. The fit of this model is summarized
in Table 6.49.

The estimates of the slopes and their standard errors from this analysis are similar
to the corresponding estimates in Table 6.46. Both analyses indicate that, on average,
the rate of REDSS increase is slower in the HD than in two other arms. But unlike
the analysis based on the GEE approach, the random effects regression analyses identify
the presence of a quadratic trend in the pattern of REDSS changé over time. Though
the estimates for the other effects listed in Table 6.49 are somewhat different from the
estimates in Table 6.46, the qualitative éonclusions concerning these effects are very
similar. Both analyses suggest a strong age effect. The positive sign of its estimate
indicates that, on average, older patients tend to have a larger change from baseline than
younger patients. Both analyses indicate an extremely strong influence of the initial
REDSS score on the change in REDSS. The negative sign of the estimate suggests that,
at each time point, among patients of the same age, the patients with the higher initial
REDSS score tend to have smaller change from the baseline score.

All the analyses to this point were done using re-expressed scores and treating those
scores as continuous, none of them used the actual ordinal EDSS categories. The next
section presents results from mixed effects ordinal logistic regression analysis which uti-

lizes the original data with ordinal EDSS categories.

6.5 Mixed Effects Ordinal Logistic Regression Analysis

The mixed effects ordinal logistic regression analysis is a preferable way to analyze the

ordinal EDSS scores because it uses the original data and does not rely on a somewhat

arbitrary rescaling.
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Because subtracting the EDSS scores associated with the ordinal categories is not
meaningful, the anaiysis in this section, unlike all.other énalyses in this chapter, is
performed on the EDSS categories themselves, not on their difference with the baseline
score. Nevertheless, in order to reduce the number of parameters to be estimated, at
first, the initial EDSS score is incorporated in the model as a continuous covariate. As in
the models for the GEE approach and mixed effécts_regression analysis, the time variable
is centered in this analysis, so that time ¢ = 0 corresponds to sixth period after the
beginning of the treatment.

Using the notations of the random effects regression model for REDSS change, the

initial mixed effects regression model for the latent response can be expressed as:
zijo = p+ (0 + aij) + Bk t + 0 * &; + €ije,

where 8 is a fixed initial EDSS effect (which was indicated by every performed analysis
as having a very strong effect on the change in EDSS scores). The same assumptions are
used in this model as in the random effects regression model for REDSS change.
MIXOR, the computer program written by D. Hedeker and R.D. Gibbons [3] for the
mixed effects ordinal logistic regression analysis was employed to fit the model. Imple-

mentation of the program is described in the following subsection.

6.5.1 MIXOR Implementation

MIXOR can estimate the starting values for the parameter and threshold estimates or
can incorporate user-defined starting values. For almost all runs of the MIXOR, the
number of iterations increased (or the program failed to converge) whenever user-defined
starting values were specified. The number of iterations increased substantially when the

common convergence criterion of 0.001, corresponding to termination when corrections

for all parameters became less than 0.001 (3], was replaced by 0.0001.
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Unfortunately the number of categories that can be handled by MIXOR is rather
limited. Even for the simple model for the latent response described above, using all
18 categories of the original EDSS scores resulted in very many iterations (120 itera-
tions with the convergence criterion of 0.001 and automatic starting values). To increase
the likelihood of convergence, MIXOR makes an incremental adjustment to the diagonal
elements of the information matrix when the program encounters a ﬁon-increasing like-
lihood or other numérical difficulty during the iterations. This adjustment, called the
ridge, starts at 0.0, and increases by 0.1 each time difficulties are encounted. Therefore
the ridge value can be used as an indicator of computational difficulty that the program
encountered. The lowest value of the ridge was equal to 0.2 for the data with all original
EDSS categories.

More serious estimation difficulties also occurred: the program failed to converge every
time user-defined starting values were used for the data with 18 éategories. The choice
of these sets of starting values was based on the parameter estimates obtained from the
fit with the automatic starting values and on the automatic starting values themselves.
One of the sets of starting values was equal to the parameter estimates rounded to the
first decimal place and few other sets of starting values were chosen from the interval
between the automatic starting values and the corresponding parameter estimates. All
these indications of estimation difficulties suggest that the estimates obtained from the
analysis on the original 18 categories of the EDSS scores may be unreliable.

These problems were by-passed by collapsing some of the outcome categories. Forming
new categories by combining adjacent EDSS scores reduces the information available from
the EDSS scores themselves; but the form of the conclusions about the treatment effects
should stay unaffected by such combining. Hence the parameters of interest will not

depend for their interpretation on the actual response categories involved although the

estimates will in general be affected [14].




Chapter 6. EDSS Scores 107

Table 6.50: New Categories of EDSS scores

Number of Categories

EDSS Frequency || 4 (Freq.) | 6 (Freq.) | 7|8 9|10 | 12
0 183 0[{0} 010
] 318 1(975) | 1(975) |1[T[T[1 |1
1.5 474 2121212 | 2
2 621 2(621) {3)3(33 |3
2.5 375 2 (996) 414
3 383 3(758) |4|4]4[5 |5
3.5 410 3 (793) . 51616
4 278 4(688) (5|56 7|7
4.5 111 8
5 155 5(345) |6 |6|7| 8 |9
5.5 79 10
6 156
6.5 78 4 (910)
T 29
7.5 17 6(287) |7{7(8]19 |11
8 4
8.5 1
9 2

Except for a rather coarse stratification into four categories, which was done based
on the frequencies alone, two guidelines were used to guide the most appropriate strat-
ification of the EDSS scores. The first was to choose meaningful subdivisions of scores
from the severity of MS point of view. The second was to choose a stratification with
an approximately equal number of observations in each category. As the result of these
two considerations, all the EDSS scores above 5.5 form one of the new categories. Even
though there are relatively few observations above 5.5, because these scores are consid-
ered to be very high, they had to be separated from the rest of the scores. The scores of

4.5, 5, and 5.5 are also somewhat critical and formed another category. The scores below

4.5 were stratified according to their frequency.




Chapter 6. EDSS Scores 108

Table 6.51: Number of Non-Varying Responses and Iterations for New Categories

Categories 4 6 7 8 9 10 12 18 (EDSS)
Non-Varying Responses |56 30 19 15 9 9 6 )
Number of Iterations |61 32 30 30 32 35 37 120

With EDSS scores stratified into 6 categories, MIXOR did not report any estimation
difficulties and the estimates were consistent for all sets of specified starting values. After
successful estimation of the model parameters for 6 categories finer stratifications were
attempted. The new stratifications had 7, 8, 9, 10, and 12 categories. The break-down
of the original EDSS scores into these strata is given in Table 6.50.

With 12 categories different estimates were obtained with different sets of starting
values; therefore no finer stratification was atfempted. The estimates of the model pa-
rameters for all smaller numbers of categories seemed to be rather consistent, both for
different specified starting values and for different numbers of categories. The value of
the ridge was 0.0 for all these fits.

Coarser stratification resulted in an increasing number of patients with non-varying
responses; these are patients whose repeated responses all féll into the same stratum.
As the number of such patients increases, the computational difficulty in fitting also
increases. For data with almost all subjects having constant responses, reducing each
patient’s vector of responses to a scalar summary and using non-longitudinal methods
of analysis may be more efficient. The number of patients (out of total 340) with non-
varying responses with different numbers of categories is listed in Table 6.51. The table
also contains the number of iterations MIXOR required to reach the convergence criterion
of 0.001 when automatic starting values were used. The smallest number of iterations

required was 30 with the EDSS scores stratified into 7 and 8 categories. For that reason,

we decided to focus the analysis on these numbers of categories.
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The required number of iterations seems to increase not only for the data with more
than 8 categories, but also for the data with less than 7 categories. The latter increase .
may be associated with the increasing number of patients with non-varying responses.
To assess the influence of the non-varying respohses, the data for the 19 patients with
non-varying responses was withheld from the data set with 7 categories. Withholding
this data from the analysis gave an unexpecfed resulf — the number of iterations increased
from 30 to 38. On the other hand, withholding the data for the 9 patients with non-
varying responses from the data set with 9 categories, reduced the number of iterations
from 32 to 29. This suggests that other factors in addition to the number of response
categories, the convergence criterion, the specification of user-defined starting values,
and the number of non-varying responses affect the speed of convergence of the MIXOR,
program.

To evaluate the effect of an increasing number of the fixed effect parameters on
MIXOR performance, the initial EDSS score was reparametrized as a categorical co-
variate and age, gender, duration, Dropout, and center fixed effects were included in the
model. Including these covariates in the model increased the number of iterations from
30 to 230 and from 30 to 76 for the data sets with 7 and 8 categories respectively (with
corresponding ridge values of 0.8 and 0.2). Including more covariates in the MIXOR
model also noticeably increases the time for each iteration. Increasing the number of
parameters increased the sensitivity of the fit to the choice of starting values. The pa-
rameter estimates changed substantially for different sets of starting values. The choice
of these sets of starting values was again based on the parameter estimates obtained from
the fit with the automatic starting values and on the automatic starting values them-
selves. These observations suggest that the MIXOR may have difficulties fitting models

with very many covariates.

On the other hand, the estimates for the fixed linear time effects were much more
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Table 6.52: Fixed Effects and Thresholds Estimates from MIXOR. for Data with 8 Cat-

egories

Parameter || Estimate SE z | p-value
Intercept( ) 1.182 | 0.157

D (e) 0.087 { 0.129 | 0.67 | 0.50

D (az) | -0.2150.125 | -1.72 | 0.085
PL slope (Bo) 0.069 | 0.009 | 7.76 | < 0.001
LD slope (61) 0.111 | 0.009 | 11.83 | < 0.001

HD slope (82) 0.015 ] 0.009 | '1.63 | 0.10
Initial EDSS (6) 1.898 | 0.045 | 42.37 | < 0.001

Threshold 1 (1) 0.000

Threshold 2 (v2) 1.954 | 0.069 | 28.52 | < 0.001
Threshold 3 (vs3) 3.649 | 0.074 | 49.03 | < 0.001
Threshold 4 (74) 5.409 | 0.086 | 62.77 | < 0.001
Threshold 5 (vs) 7.537 | 0.098 | 76.67 | < 0.001
Threshold 6 () 9.932 | 0.112 | 88.60 | < 0.001
Threshold 7 (v7) 11.722 1 0.121 | 96.94 | < 0.001

consistent than the estimates for the intercepts: their values remained unchanged to the
second decimal not only for all sets of specified starting values but also across the fits
with different numbers of categories. The results of the analyses based on the EDSS

scores stratified into 8 categories are presented in the next subsection.

6.5.2 Results of Analyses

For the initial mixed effects regression model for the latent response specified at the
beginning of this section, the estimates for the parameters and thresholds obtained with
the EDSS scores stratified into 8 categories are listed in Table 6.52. In terms of the
continuous latent variable assumed in the model, this table indicates (recall that in this
chapter we are analyzing the EDSS scores, not changes from baseline) that at six periods

after the beginning of the treatment the average disability level in the HD is somewhat

lower than in the PL. The positive estimates for the slopes in-each of the three treatment
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arms suggest that the latent variable for the EDSS scores tends to increase over time. The
Wald test of the equality of the linear time trends in the three treatment arms resulted
in a p-value < 0.001; subsequent pairwise comparisons of the trends also indicated strong
differences between each pair. Therefore we can conclude that the analysis indicates a
high dose treatment effect, in the sense that the disébility level tends to increase over
the three years of study more slowly in the HD arm than in the PL arm (or in the LD
arm). The analysis indicates a huge (z-score of 42) influence of the initial EDSS score.
The estimate of the effect is positive, indicating that the patients with a higher score at
- the beginning of the study tend to remain in a higher category than the patients with a
lower initial EDSS score. Qualitatively the same results were obtained from the analysis
with 7 strata.

Including fixed effects for quadratic time trends in the model for the data with 8
categories resulted in very small estimates for quadratic trends with p-values of 0.32,
0.99 and 0.18 for the PL, LD and HD arms respectively. This suggests that a model
without quadratic time trends will provide an adequate representation of this data. This
turns out to be the case; the Wald test of the simultaneous equality of the'quadratic time
trends to zero resulted in a p-value of 0.42. Excluding the quadratic time trends from
the model left the conclusions about the rest of the effects essentially unaffected.

At the next step, in order to get a better understanding of the effect of the initial
EDSS score, we reparametrized the initial EDSS variable in the model. Instead of treating
it as a continuous covariate, now we treat it as categorical and look at the effect of each
initial EDSS score separately (the effect of the initial score of 0 was arbitrary taken to
be zero in this fitting). The resulting effect estimates are listed in Table 6.53. The effect
estimates for initial EDSS increase with the category, except for the initial scores of 4.5
and 5.5; this departure from the overall pattern may be associated with the relatively low

frequency of these baseline scores. The linear trend in effect estimates for the categories
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Table 6.53: Results from MIXOR for Data with 8 Categories and Initial EDSS Score as

Categorical

Parameter || Estimate SE z | p-value
Intercept (p) 0.333 | 0.267

LD () 0.197 | 0.123 | 1.61 | 0.11
HD (as) 0.071 [ 0.124 | 057 | 057

PL slope (o) 0.068 | 0.009 | 7.72 | < 0.001

LD slope (44) 0.112 | 0.010 | 11.39 | < 0.001
HD slope (82) 0.016 | 0.009 | 1.80 | 0.071

Initial EDSS (Freq.):
0 (11) 0.000

1(21) 1.002 | 0.342 | 2.93 | 0.003

1.5 (29) 3.508 | 0.309 | 11.35 | < 0.001

2 (59) 4.370 | 0.289 | 15.13 | < 0.001

2.5 (38) 4.998 | 0.289 | 17.26 | < 0.001

3 (47) 6.799 | 0.299 | 22.74 | < 0.001

3.5 (50) 7.415 | 0.296 | 25.08 | < 0.001

4 (35) 9.080 | 0.314 | 28.94 | < 0.001

4.5 (12) 5.787 | 0.402 | 14.40 | < 0.001

5 (20) 9.987 | 0.346 | 28.89 | < 0.001

5.5 (18) 9.532 | 0.346 | 27.53 | < 0.001

of the initial EDSS score suggests it is reasonable to use the initial EDSS as a continuous

covariate in the following analysis.

Next, to assess the effect of covariates, fixed age, gender, duration, Dropout, and

center effects were included in the model. Including the baseline covariate and Dropout

effects in the model resulted in the estimates listed in Table 6.54. The table indicates that

the average value of the latent variable for EDSS score differs across centers (the effect

for center #268 was arbitrary taken to be equal to 0), it is higher for older patients, for

patients with less than 66 weeks on study, and for females. The random effect variance

term for this fit was estimated as 2.038 with a standard error of 0.056.

For all described models and atfempted stratifications of the original EDSS score,
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Parameter || Estimate SE z | p-value
Intercept( ) -2.277 | 0.397
D () 0.725 |1 0.120 | 6.07 | < 0.001
D (e2) 0.114 | 0.125 | 0.91 0.36
PL slope (Bo) 0.067 [ 0.009 | 7.24 | < 0.001
LD slope (51) 0.111 | 0.009 | 11.90 | < 0.001
HD slope (32) 0.018 [ 0.009 | 2.01 0.04
Initial EDSS (6) 1.749 | 0.044 | 40.10 | < 0.001
Age 0.075 | 0.009 | 8.10 | < 0.001
Gender -0.509 | 0.105 | -4.84 | < 0.001
Duration 0.015 ] 0.010 | 1.50 0.13
Dropout 0.534 | 0.145 | 3.68 | < 0.001
Center #125 -0.770 1 0.274 | -2.81 | 0.005
Center #183 0.731 | 0.261 | 2.80 | 0.005
Center #185 0.374 [ 0.226 | 1.65| 0.10
Center #255 0.883 | 0.215 | 4.10 | < 0.001
Center #256 0.484 | 0.235 | 2.06 | 0.040
Center #257 1.067 { 0.271 | 3.93 | < 0.001
Center #259 0.650 {0.223 | 2.91 | 0.004
Center #261 0.089 | 0.218 | 0.41 0.68
Center #265 -0.230 { 0.243 | -1.23 | 0.22
Center #266 1.989 { 0.399 | 4.99 | < 0.001

113

Table 6.54: Results from MIXOR for data with 8 Categories and Baseline Covariates
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MIXOR was relatively consistent in estimating the time trends for the three treatment
arms. The analyses indicated that the latent variable for EDSS score increases over the
three year period in all treatment arms, but the pairwise comparison suggested that the
rate of increase is much lower in the HD than in the two other arms. The estimates
from Table 6.54 suggest that for any category, the odds of having a score in this category
or below decrease by 4.6% per 12-week period on study for placebo patients (the corre-
sponding approximate 95% confidence interval contains all percentages from 3.7 to 5.5),
by 7.5% per 12-week period on study for low dose patients (the corresponding approxi-
mate 95% confidence interval contains all percentages from 6.6 to 8.3), while the odds for
high dose patients decrease by only 1.2% per 12-week period on study (the corresponding

approximate 95% confidence interval contains all percentages from 0.4 to 2.1).

6.6 Summary

As a first attempt to analyze the ordinal EDSS scores, this response was re-expressed to
treat it as a continuous variable. Five different fnethods were used to analyze the change
from baseline of these re-expressed EDSS scores. First, the vector of repeated obser-
vations for each patient was summarized as a scalar variable, representing the average
rate of change of REDSS score from per 12-week period. The analyses based on these
summaries indicated a modest high dose treatment effect.

Next, two ANOVA methods, repeated measures ANOVA and multivariate ANOVA,
were employed. Unlike the analyses on the average rates of change, these methods account
for differences across treatment groups in the patterns of the re-expressed scores over
time. In order to obtain an equal number of measurements for each subject, for these

analyses the missing data was imputed using EM algorithm. As suggested by Figure 6.23,

both analyses indicated the presence of treatment by time interaction. In addition, both
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analyses identified a very strong effect of the re-expressed baseline EDSS score and the
possibility of a weak age effect. But the validity of both analyses relies upon restrictive
assumptions about the variance-covariance structure of the repeated observations on
individual patients in the three treatment arms. The aésumptions appear to be violated,
casting some doubt on the validity of the results.

The next two methods, the GEE approach and random regression models, allow a
more general approach to the problem of modeling repeated measurements. Both models
allow for missing observations, hence the original data set (With the rescaled EDSS scores)
was used. As suggested by Figure 6.23 the rate of REDSS change fitted by these analyses
was noticeablely lower in the HD arm than in the PL arm. A slight curvature in the
fitted curves was suggested by the random effects model approach to the analysis.

Finally a direct analysis of the original EDSS scores was attempted using MIXOR.
This analysis might be viewed as the most reliable, because it does not require re-
expression of the data, or pretending that EDSS scores can be treated as continuous
responses. Unfortunately, due to complexity of the estimation procedure for the mixed
effects ordinal regression analysis, the number of categories and the number of covari-
ates which can be reliably modeled by the program for a data set of this size is rather
limited. The analysis based on the mixed effects ordinal regression approach agrees with

the GEE and random regression modelling approach that the HD patients tend to have,

on average, slower increase of the EDSS score, than patients from the PL and LD arms.
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Discussion

7.1 Conclusions about Data

The main focus of all the analyses on the three outcomes of the interferon beta-1b clinical
trial considered in this thesis has been on the effects of treatment and>the patterns over
time. Preliminary plots for the number of active lesions, rate of exacerbations and EDSS
scores over time suggest differences between treatment arms. Indeed, the high dose
treatment group effects are clearly identified by all approaches for all variables considered
in this thesis.

Apparent treatment effects are detected for the number of active lesions per scan and
for the probability of beginning an exacerbation by both attempted analyses, the analysis
of covariance on summaries over time and by the GEE approach. But only longitudinal
analysis, such as the GEE approach, can be used to assess differences in patterns over
time. Preliminary plots for the number of active lesions for the cohort in the frequent
MRI UBC substudy suggest there may be time trends in the number of active lesions per
scan which differ across the treatment groups. Indeed, the estimated linear time effect
is positive for the placebo arm but negative for the two treatment arms. On the other
hand, none of the estimated linear time effects is significantly different from zero. Thus,
the longitudinal analysis has established that, for this sub-study, the data do not provide
convincing evidence of trends over time in the logarithm of the expected number of active

lesions.

116
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Preliminary plots for the exacerbations for the full cohort of patients from the 11
different centers suggest a decreasing trend in the rate of exacerbations over time in
each treatment group. Even though the time trend for the high dose arm seems to be
somewhat different from the time trends in the placebo and low dose arm, the data does
not provide convincing evidence of differences in the linear time effects. In addition to the
linear time trend, the model identifies the presence of a common quadratic time trend.
The positive sign of the estimate for the quadratic time trend along with the negative
estimates for the linear trends suggests that the rate of exacerbation decreases faster at
the beginning of the trial and slower towards the end of the 3-year period.

Since the time trends in the three treatment arms appear to be similar, these analyses
suggest an early (within the first 6-week period) effect of the high dose of Betaseron on
both the number of active lesions and the probability of exacerbations. On the other
hand, the nature of the treatment effect on the EDSS scores appears to differ. All
attempted longitudinal analyses, the repeated measures ANOVA, MANOVA, GEE ap-
proach or random effects regression approaéh on the re-expressed EDSS scores as well as
mixed effects ordinal regression analysis on the original EDSS scores, indicated differences
in patterns over time in three treatment arms. In particular, these analyses suggested
that, even though there is no evidence of an early Betaseron effect on the EDSS scores,

the EDSS scores increase more slowly in the high dose arm than in the placebo arm.

7.2 Methods of Analyses

The previous chapters have illustrated application of several methods to longitudinal
analysis for binary, count and ordinal responses. As a preliminary step the repeated

observations for each patient were summarized over time to create a univariate response.

Summarizing the data in this way allows one to use simple techniques for the analysis
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but does not allow analysis of the patterns over time. Therefore longitudinal analysis
techniques are essential for extracting maximum information about the treatment effects
from the available repeated observations.

Repeated-measures anaiysis of variance and multivariate analysis of variance are com-
monly used to analyze longitudinal data on continuous responses. These two methods
of analysis were applied to the EDSS data with the original scores re-expressed to treat
them as continuous responses. These analysis of variance methods are appropriate only
when the responses for each subject are multivariate Gaussian with a common covariance
matrix for all subjects. In addition, all subjects are required to have measurements at
exactly the same times, and no missing values may be present. In our case, however, the
re-expressed EDSS scores did n.ot:sz;.tisfy these assumptions. A large percentage of the
data was missing due to the removal from the data set of EDSS scores obtained during
periods of relapse and the covariance structure did  not satisfy either the sphericity or the
homogeneity assumptions. This example illustrated that application of these traditional
methods of longitudinal analysis is rather limited. One of the purposes of this thesis was
to explore the use of several more recently ‘developed methods of longitudinal analysis.

One of these methods, the GEE approach, applies equally well to binary, count and
continuous response variables and prévides asymptotically valid inference even when
the correlation structure of the repeated observations is misspecified. Thus, the GEE
approach provides a broadly applicable and unified methdd for the analysis of longitudinal
data. One advantage of the GEE approach is that it does not require specification of
the joint likelihood of the data. Another advantage of this approach is that it can
incorporate time-dependent covariates and different times of observations for different
subjects (including missing data). But the GEE approach has some drawbacks, namely
that the lack of full distributional éssumptions limits the availability of diagnostic tools

and can lead to an over-reliance on estimated regression coefficients and their standard
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errors [24].

Random effects regression models were also applied to the analysis of the continuous
response. One of the disadvantages of these models is the requirement of more restrictive
assumptions about the data structure. The approach allows time-dependent covariates
and different times of observations for different subjects. Whereas the GEE approach to
longitudinal data analysis estimates only avérage Iparameters in a population, the random
effects regression approach can also estimate individual parameters for each subject. This
can be particularly useful in the medical setting where a proportion of subjects may
respond to therapy in quite different ways from the average response.

The mixed effects ordinal regression model can be employed for the analysis of re-
peated or clustered responses which are either binary or ordinal. It allows for time-
dependent covariates and different times of observations. This approach has the same
advantage of accounting fof individual differences for each sub ject while estimating pop-
ulation parameters as the random effects regression model. Due to the complexity of the
estimation processes, the approach, at least as implemented in the MIXOR software, is

rather limited to data with relatively few response categories and simple models with few

random effects.
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Appendix A. Listings of Data

Table A.55: Placebo Group: Number of Active Lesions Data
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Appendix A. Listings of Data

Table A.57: High Dose Group: Number of Active Lesions Data
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Table A.58: UBC cohort: Baseline Covariates

o
o]
1723
¢]

ID | age | edss | dur
420 42| 2.0 | 4.4
4211 35| 1.0| 2.8
443 | 27 1.5] 6.9
446 34| 15| 6.9
449 ) 38| 4.0 4.2
451 | 34| 2.5]17.1
498 | 31| 3.5 | 3.8
501 | 35} 2.0]16.2
504 | 33| 1.0 14.3
507 | 41| 2.5 | 6.9
522 | 36| 2.5 4.1
523 | 37| 1.0 1.1
539 | 35| 2.0| 8.0
540 | 25| 1.0 1.5
5451 30| 1.0| 9.1
5501 38| 1.5 5.4
5651 37| 1.0 }13.1
419 | 31 1.5 1121
424 | 29| 3.0 4.0
448 | 51 1.5 34
450 | 49 | 3.5 {20.0
452 | 39| 0.0 6.1
499 | 24| 1.5 9.1
502 | 48| 0.0 5.8
505 | 47| 3.0 |14.3

orig | gen | ID | age | edss | dur
508 | 31| 25| 1.5
521 | 35| 3.0 |10.9
525 | 36| 3.5|15.2
542 | 34| 1.0| 59
544 | 27| 1.5 | 3.7
547 | 42| 2.0| 1.8
548 | 47| 3.5 26.1
564 | 26| 2.0| 3.3
568 | 41| 3.5 |18.2
422 | 34| 1.5]12.5
444 | 44| 3.0 18.0
445 | 47| 2.5 149
453 | 35| 1.0 |10.1
454 | 42| 1.5|10.1
497 | 20| 35| 1.1
500 | 33| 1.5|104
503 | 30| 3.0| 3.2
506 | 22| 3.5| 9.5
524 | 36| 3.0| 7.5
526 | 46| 2.5 | 94
941 | 36| 25| 8.8
543 | 45| 1.5 23.8
546 | 49| 5.5 | 22.8
549 | 34| 1.5]10.5
566 | 42| 3.0 2.6
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ID: patient study identification number
age: age (in years)
~edss: EDSS score
dur: duration of disease (in years)
dose: treatment group: 0=Placebo; 1=Low Dose; 2=High Dose
orig: origin: 0=Washington State; 1=B.C.
gen: gender: 0=male; 1=female
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Table A.60: Low Dose'Grdlip (first 18 patients): Exacerbation Data
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Table A.61: High Dose Group (first 18 patients): Exacerbation Data
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Table A.62: Placebo Group (first 35 patients): EDSS Data

ID 1 21 3| 4| 5| 6| 7| 8 91 10| 11| 12| 13| 14
202 4 4| 3|45 4|45y 5| 5| S| 54545145 | 5
206 31 5| 5| 53545 2| 4| 2| 2| 3|25 2|15
200125 |15 |15 (15|28 2{25| 21525 2] 2115
212 125 25|25 2|15} 2 2|25 2[25|25(25|25]|2.5
214 1 1 1 1 1 2 115 1.5 1115
215 || 3.5 2.5 25135 3 2(95| 61 6|35| 6
220 || 1.5 1 1 0f 0 1 1 1 0 0 0 1
222 0 0f Of O O 2125123 0y 0 2| 2| 2
226 1 1 1 1 1115 1115 1 1 of 0 0| O
228 1115 2135125 2] 3
232 (351352535 3|35]|35 3 31 3| 3
233 || 2.5 25| 3| 31|35 4.5 4.5
239 || 1.5 1 1.5 2 1 1]2.5 2] 2 1 1 2
244 41 3|135|35| 3| 4| 4] 6| 6| 6 2545 5
249 4135 5| 5 4.5 | 4.5 3| 4| 5
250 | 3.5 (35 (3525|125 3| 2125|135 3| 2|15| 3|35
256 1]1.5 1 0 1 1 1 1.5 1 1 1 2
259 31 335} 3 3{ 2| 2 21 5| 3| 3| 3[35
262 21 2| 3 2| 2|15 2 251 3] 3125|2525
266 |15 2| 2(15]|156) 2|15 1 2 1 2115 1 1
268 3135|158 3115 2| 3| 4 3 3.5 |95.3
2712 135 3| 2 31 3 3.5 4| 645
273 41 4| 4155 6
277 | 1.5 1 1 1 1 1 1115 1 1 1 1 2 1
279 | 1.5 | 1.5 2125|1515} 2[15) 2|15]|1.5
282 0o 0] O 0 0( 0y 0 O] O] O
288 || 4.5 213535 3 3125 3 2 3.5
280 125 2| 2115|115 2| 2 1 2115 1 2
291 3 3| 2| 2 1 1 1 1 1 0
296 || 1.5 1 1 20 211525 2
298 2|1 2 1y15)( 3| 3| 2 251 24 3135
303 || 45|45 35135135 3| 3| 3| 3| 3 2125
307 13535352525 3| 3| 3|35 3| 3| 335|335
309 2 25125 35| 3 41 3135( 3
312 3135(35(35(35| 33535 41 4| 4
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Table A.63: Low Dose Group (first 35 patients): EDSS Data

ID 1 21 3| 4 5| 6 T 8y 9110 11| 12| 13| 14
204 21 2] 2 31353535 35135 313513535
205 (5.5 3.5 4 3135 4135 3 313535 3.5
207 21 2 2 3 3| 2115|1515 |15 3 3| 3
211 2 2125 2 2| 2|15(15|15 21 015
213 41 4135 4 4| 4 4| 4| 4| 4454545
218 1125 2 2 2 1.5 (151515 2115
20115115 O 1 1 1115
221 20 2 2 2 2 2| 2| 2| 2| 2| 2 21 2| 2
225135 (35| 3¢ 3|35 6| 4| 33535 3 3.5
229 1252512513535 (35(|35(35|35(35| 4| 4|45
234 135 (35|35 4|35 4| 4| 4| 4| 4| 4| 4| 4| 4
236 41 4| 4| 4| 4| 4| 4 4| 4| 4| 4| 4
23711 3.53.5 3.513.5 45]3.5 4.5 4
238 1251252512525 2515|1515 15115 2| 2
243 41 3125 3 3 21 3 2 3 2 3
245 3 2 1.5 (1.5 2 1.5 2 31 2| 3
253 125 (25|15 3|18} 2|15 2 3 2.5
254 1 1]1.5 0 1 151 0 1 0 0 2 1
27T |25 2| 2| 2 351351252525 |25]|25 21 2
258 || 3.5 3.5 35|45 4 41 5145|45 )

261 41 4| 31(135(35

265 |45 4| 4| 4| 4| 4 4| 4| 4| 4| 4|45] 4|45
260125 2| 2} 2| 2 2|15 225|158 2|15(15]|15
270 2115|135 1115y 0| O O] Of O O 015 0
274 21 2 2 2 3145 3|35 31 3 65535
275 | 45| 21358 2135 551555555 5| 5185
280 | 1.5 | 1.5 3 2125125 21 2 3
284 135 4} 2(35]135|25| 2 3 3125135 3 3
286 3| 312382515 2| 2| 2|15]|15|15{1.5 2
290 0| 0f O 0 0 1 0 0f 0 O 0 4
293 31 5| 35| 5 ) ) 4| 5

294 0 O 1 0 0 O 1 0} 0y O 0 1
306 210 2 2| 21515 2y 2! 2| 2|15 2| 2
311 21 21 3 25125 2 3.5|1.5 ) 2

313 311515 2 21151151158 3[25(35 |15 1115
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Table A.64: High Dose Group (first 35 patients): EDSS Data

ID 1 21 3| 4| 5} 6 7] 8 9|10 11] 12} 13| 14
201 3 251153535 2 1115 3 1.5

203 3 3| 3| 3 31 3 3 3{35| 3 313535
208 | 45145 | 54545145145 5145 5 9.5 | 5
209 | 55|45 (354545 6| 4,35 4| 6| 5 3 5| 4
216 2125 2| 21515} 2| 3(35|25|25(2525|25
217 3 4| 4| 4| 4| 4|45 41 4145 3| 3

224 21 2125125 21 2] 2| 2 011515 1
227 1 1 0 O 1 115 0 0] 2 15 0] O
230 1145135 3 1 5| 44 3|25 1 0 0 O 1
231 || 2.5 2115151515 |15(15(15]15| 2|15|15]1.5
235 21 2| 2|15 1.5 1.5 2115|1515 |15]1.5
241 3125 3 35| 4| 4| 4 41 4 6| 6

242 3 3| 3 3.5 413.5 35| 4| 4

247 4135 3.5(3.5 2115 _

248 | 1.5 25|15 |15 2115 3| 3|15 1 3|15(125] 3
251 d 4.5 | 4.5 4| 3145 3| 4| 4
252 1 21 2|15 1115 1 2 1[1.5 1115
255 || 4.5 31 3 1.9 1 1.5 1 1 1 111 0
263 |3.5(35(35| 4| 4| 4| 435 4| 4|35 41 4135
264 112525125 3 3115 3| 312525 2 312525
269 41 4135 6| 4 65| 6 6 6 7

271 3| 5| 4| 4455545145145 5| b 3| 3

283 || 2.5 1.5 11.5 252525135 2[25|35| 2

285 3 51 5] 5 3| 9| 3| 8| 8| 5| 5 S I 3
287 || 45145 3| 3 2.5 4145 4| 4135

292 211511515 1 1 1] 1 1 0 0 1 1
295 3| 2125 2(25| 2| 2 31 3 3.5
304 3125 2115|115 2|25 2151515151515
310 5135 (252525152525 3| 3|15 3 2| 2
314 21 2115|1515 21 2125 2| 2 0] 2 0
317 3|1 3| 3(35{35(35(35(35(35(|35(35[35135]3.5
321 4125 3| 3 4 4125 2 25| 2 2 2
326 || 3.5 2| 3(35(3.5 21 2125 3 2.5 3 3
327 125 25| 3| 6125 _ 6| 6| 2

331 2|15 2| 3145 4| 2| 2 2 4 1
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