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Preface

The most important feature of this book is the word
applied in the title. This implies that the emphasis of
this book lies more on the application of statistical
methods for longitudinal data analysis and not so
much on the mathematical background. In most
other books on longitudinal data analysis, the math-
ematical background is the major issue, which may
not be surprising since (nearly) all the books on this
topic have been written by statisticians. Although
statisticians fully understand the difficult mathemat-
ical material underlying longitudinal data analysis,
they often have difficulty in explaining this complex
material in a way that is understandable for the
researchers who have to use the method or interpret
the results. Therefore, this book is not written by a
statistician, but by an applied medical researcher. In
fact, an applied researcher is not primarily interested
in the basic (difficult) mathematical background of

the statistical methods, but in finding the answer to a
specific research question; the applied researcher
wants to know how to apply a statistical method
and how to interpret the results. Owing to their
different basic interests and different level of think-
ing, communication problems between statisticians
and applied researchers are quite common. This, in
addition to the growing interest in longitudinal stud-
ies, initiated the writing of this book: a book on
longitudinal data analysis, which is especially
suitable for non-statistical applied researchers.
The aim of this book is to provide a practical
guide on how to handle data from a longitudinal
study. The purpose of this book is to build a
bridge over the communication gap that exists
between statisticians and applied researchers
regarding the (complicated) topic of longitudinal
data analysis.
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Introduction

1.1 Introduction

Longitudinal studies are defined as studies in which
the outcome variable is repeatedly measured; i.e.
the outcome variable is measured in the same sub-
ject on several occasions. In longitudinal studies,
the observations of a subject over time are not
independent of each other, and therefore it is neces-
sary to apply special statistical methods, which take
into account the fact that the repeated observations
within a subject are correlated. The definition of
longitudinal studies (used in this book) implicates
that statistical methods like survival analyses are
beyond the scope of this book. Those methods basic-
ally are not longitudinal data analysing methods
because (in general) the outcome variable is an irre-
versible endpoint and therefore strictly speaking
only measured at one occasion. After the occurrence
of an event no more observations are carried out on
that particular subject.

Why are longitudinal studies so popular these
days? One of the reasons for this popularity is that
there is a general belief that with longitudinal
studies the problem of causality can be solved.
This is, however, a typical misunderstanding and
is only partly true. Table 1.1 shows the most
important criteria for causality, which can be
found in every epidemiological textbook. Only
one of them is specific for a longitudinal study:

Table 1.1 Criteria for causality
Strength of the relationship

Consistency in different populations and under
different circumstances

Specificity (cause leads to a single effect)
Temporality (cause precedes effect in time)
Biological gradient (dose-response relationship)
Biological plausibility

Experimental evidence

the rule of temporality. There has to be a time-lag
between the outcome variable (effect) and the
covariate (cause); in time the cause has to precede
the effect. The question of whether or not causal-
ity exists can only be (partly) answered in specific
longitudinal studies (e.g. randomized controlled
trials) and certainly not in all longitudinal studies.
In Chapter 6 the problem of causality in observa-
tional longitudinal studies will be discussed, while
Chapter 10 deals with the analysis of data from
randomised controlled trials.

What then is the advantage of performing a
longitudinal study? A longitudinal study is expen-
sive, time consuming, and the data are difficult to
analyse. If there are no advantages over cross-
sectional studies why bother? The main advantage
of a longitudinal study compared to a cross-
sectional study is that the individual development
of a certain outcome variable over time can be
studied. In addition to this, the individual develop-
ment of an outcome variable can be related to the
individual development of particular covariates.

1.2 Study Design

Medical studies can be roughly divided into obser-
vational and intervention studies (see Figure 1.1).
Observational studies can be further divided into
case-control studies and cohort studies. Case-
control studies are never longitudinal, in the way
that longitudinal studies were defined in Section 1.1.
The outcome variable (a dichotomous outcome
variable distinguishing case from control) is meas-
ured only once. Furthermore, case-control studies
are always retrospective in design. The outcome
variable is observed at a certain time-point, and
the covariates are measured retrospectively.

In general, observational cohort studies can be
divided into prospective, retrospective and cross-
sectional cohort studies. A prospective cohort
study is the only cohort study that can be charac-
terized as a longitudinal study. Prospective cohort
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medical studies

Figure 1.1 Schematic illustration of
different medical study designs.

observational

I cohort l case-control

intervention

retrospective retrospective

cross-sectional

prospective

studies are usually designed to analyse the longitu-
dinal development of a certain outcome over time.
It is argued that this longitudinal development
concerns growth processes. However, in studies
investigating the elderly, the process of deterior-
ation is the focus of the study, whereas in other
developmental processes, growth and deterior-
ation can alternately follow each other. Moreover,
in many studies one is interested not only in the
actual growth or deterioration over time, but also
in the longitudinal relationship between an out-
come and several covariates. Intervention studies,
e.g. randomised controlled trials, are by definition
prospective, i.e. longitudinal. The outcome vari-
able is measured at least twice (the classical pre-
test, post-test design), and other intermediate
measures are usually also added to the research
design in order to evaluate short-term and long-
term effects of the particular intervention.

1.2.1 Observational
Longitudinal Studies

In observational longitudinal studies investigating
individual development, each measurement taken
on a subject at a particular time-point is influ-
enced by three factors: (1) age (time from date of

prospective

birth to date of measurement), (2) period (time or
moment at which the measurement is taken), and
(3) birth cohort (group of subjects born in the
same year). When studying individual develop-
ment, one is mainly interested in the age effect.
One of the problems of most of the designs used
in longitudinal studies of development is that the
main age effect cannot be distinguished from the
period and cohort effects.

There is an extensive amount of literature
describing age, period and cohort effects (e.g.
Lebowitz, 1996; Robertson et al., 1999; Holford
et al., 2005). However, most of the literature deals
with classical age—period-cohort models, which are
used to describe and analyse trends in (disease-
specific) morbidity and mortality (e.g. Kupper
et al., 1985; Mayer and Huinink, 1990; Holford,
1992; McNally et al., 1997; Robertson and Boyle,
1998; Rosenberg and Anderson, 2010). In this book,
the main interests are the individual development
over time, and the longitudinal relationship between
an outcome and several covariates. In this respect,
period effects or time of measurement effects are
often related to a change in measurement method
over time, or to specific environmental conditions at
a particular time of measurement. A hypothetical
example is given in Figure 1.2. This figure shows the

https://doi.org/10.1017/9781009288002.002 Published online by Cambridge University Press
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physical activity (arbitrary units)

Figure 1.2 [llustration of a possible time
of measurement effect (dotted line: real
age trend, solid line: observed age trend).

10 15
age (years)

body height (arbitrary units)

20

Figure 1.3 [llustration of a possible
cohort effect (dotted line: cohort specific,
solid line: observed).

5 10

age (years)

longitudinal development of physical activity with
age. Physical activity patterns were measured with a
five-year interval, and were measured during the
summer in order to minimise seasonal influences.
The first measurement was taken during a summer
with normal weather conditions. During the summer
when the second measurement was taken, the
weather conditions were extremely good, resulting
in activity levels that were very high. At the time of
the third measurement, the weather conditions were
comparable to the weather conditions at the first
measurement, and therefore the physical activity
levels were much lower than those recorded at the
second measurement. When all the results are pre-
sented in a graph, it is obvious that the observed age
trend is highly biased by the period effect at the
second measurement.

One of the most striking examples of a cohort
effect is the development of body height with age.

There is an increase in body height with age, but
this increase is highly influenced by the increase in
height of the birth cohort. This phenomenon is
illustrated in Figure 1.3. In this hypothetical study,
two repeated measurements were carried out in
two different cohorts. The purpose of the study
was to detect the age trend in body height. The
first cohort had an initial age of five years; the
second cohort had an initial age of 10 years. At the
age of five, only the first cohort was measured, at
the age of 10, both cohorts were measured, and at
the age of 15 only the second cohort was meas-
ured. The body height obtained at the age of 10 is
the average value of the two cohorts. Combining
all measurements in order to detect an age trend
will lead to a much flatter age trend than the age
trends observed in both cohorts separately.

Both cohort and period effects can have an influ-
ence on the interpretation of results of longitudinal
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performance (arbitrary units)

............ X‘AX

Figure 1.4 Test or learning effects;
comparison of repeated measurements
of the same subjects with non-
negative repeated measurements in comparable
test subjects (different symbols indicate

effect different subjects, dotted line: cross-
sectional, solid line: longitudinal).

positive

test

effect

studies. An additional problem is that it is very
difficult to disentangle the two types of effects.
They can easily occur together. Logical consider-
ations regarding the type of variable of interest can
give some insight into the plausibility of either a
cohort or a period effect. When there are (con-
founding) cohort or period effects in a longitudinal
study, one should be careful with the interpretation
of age-related results.

In studies investigating development, in which
repeated measurements of the same subjects are
performed, cohort and period effects are not the
only possible confounding effects. The individual
measurements can also be influenced by a changing
attitude towards the measurement itself, a so-called
test or learning effect. This test or learning effect,
which is illustrated in Figure 1.4, can be either
positive or negative.

One of the most striking examples of a posi-
tive test effect is the measurement of memory in
older subjects. It is assumed that with increasing
age, memory decreases. However, even when the
time interval between subsequent measurements
is as long as three years, an increase in memory
performance with increasing age can be observed:
an increase which is totally due to a learning effect
(Dik et al., 2001).

1.3 General Approach

The general approach to explain the statistical
methods covered in this book will be: the research
question as basis for analysis. Although it may
seem quite obvious, it is important to realise
that a statistical analysis has to be carried out in
order to obtain an answer to a particular research

question. The starting point of each analysis will
be a research question, and throughout the book
many research questions will be addressed. The
book is further divided into chapters regarding
the characteristics of the outcome variable. Each
chapter contains extensive examples, accompan-
ied by computer output, in which special atten-
tion will be paid to the interpretation of the
results of the statistical analyses.

1.4 Prior Knowledge

Although an attempt has been made to keep the
(complicated) statistical methods as understandable
as possible, and although the basis of the explan-
ations will be the underlying research question, it
will be assumed that the reader has some prior
knowledge about (simple) cross-sectional statistical
methods such as linear regression analysis, logistic
regression analysis, and analysis of variance.

1.5 Example

In general, the examples used throughout this
book are taken from the same longitudinal dataset.
The dataset is taken from the Amsterdam Growth
and Health Longitudinal Study, an observational
longitudinal study investigating the longitudinal
relation between lifestyle and health in adolescence
and young adulthood (Kemper, 1995).

This dataset consists of a continuous outcome
variable (serum cholesterol in mmol/liter) which
is measured six times on the same subjects. In
the examples, in general, two covariates are used.
Body fatness, which is operationalised by the sum
of the thickness of four skinfolds, is continuous
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Table 1.2 Descriptive information’ for the data used in most of the examples

Cholesterol
(mmol/liter)

1 4.43 (0.67)
2 4.32 (0.67)
3 4.27 (0.71)
4 4.17 (0.70)
5
6

Time-point

4.67 (0.78)
5.12 (0.92)

Sum of skinfolds Sex
(cm)

3.26 (1.24) 69/78
3.36 (1.34) 69/78
3.57 (1.46) 69/78
3.76 (1.50) 69/78
4.35 (1.68) 69/78
4.16 (1.61) 69/78

! For cholesterol and sum of skinfolds, mean and between brackets standard deviation are given, while for sex the numbers

(males/females) are given.

Table 1.3 lllustration of two different data structures

Broad data structure

Id Y Yo Yes
1 3 5 8
2 2 4 9
3 4 6 7

Long data structure

X1
10
14
16
13
15
15
12
13
16

w w w NN
N oA O AN OO U W o<

and also measured six times on the same subjects
and sex, which is dichotomous and which is
measured only once and has the same value at
all six repeated measurements.

In the chapter dealing with dichotomous out-
come variables (i.e. Chapter 7), the continuous
outcome variable cholesterol is dichotomised
(i.e. the highest tertile versus the other two ter-
tiles) and in the chapter dealing with categorical
outcome variables (i.e. Chapter 8), the continuous
outcome variable cholesterol is divided into three

X1y X1 X3 X2
10 14 16 1
13 15 15 1
12 13 16 0

X2 Time

1 1

1 2

1 3

1 1

1 2

1 3

0 1

0

0 3

equal groups based on tertiles. Table 1.2 shows
descriptive information for the variables used in
the example.

All the example datasets used throughout the
book are available on request by jwr.twisk@am-
sterdamumc.nl.

1.6 Software

Most of the example analyses performed in this
book are performed in STATA (version 17).
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However, SPSS (version 26) is also used for some
of the example analyses. STATA is chosen as the
main software package for the longitudinal
data analyses, because almost all statistical ana-
lyses can be performed in STATA and because of
the simplicity of the syntax and the output. In
Chapter 13, an overview (and comparison) will
be given of other software packages such as
R (version 4.0.3) and SAS (version 8). In all these
packages, algorithms to perform longitudinal data
analysis are implemented in the main software.
Both syntax and output will accompany the over-
view of the different software packages.

1.7 Data Structure

It is important to realise that different statistical
software packages need different data structures
in order to perform longitudinal data analyses. In
this respect a distinction must be made between a
long data structure and a broad data structure. In
a long data structure, each subject has as many
data records as there are measurements over time,
while in a broad data structure each subject has

one data record, irrespective of the number of
measurements over time (see Table 1.3).

1.8 Whatis New in the Third Edition?

In addition to changes made throughout the book
to update the material and to make some of the
explanations clearer, some new chapters have been
added. In the new Chapter 5, hybrid models are
introduced. Hybrid models are used to disentangle
the between- and within-subjects interpretation of
the regression coefficient obtained from a longitu-
dinal data analysis. The new Chapter 6 contains a
discussion regarding causality in observational
longitudinal studies, while in the new Chapter 9,
the analysis of outcome variables with floor or ceil-
ing effects is discussed. In Chapter 10, ‘Analysis
of Longitudinal Intervention Studies’, three new
sections have been added: one section about an
alternative repeated measures analysis to take into
account regression to the mean; one section about
the analysis of data from a stepped wedge trial
design; and one section about the difference in dif-
ference method.
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2.1 Two Measurements

The simplest form of longitudinal study is that in
which a continuous outcome variable is measured
twice in time. With this simple longitudinal design,
the following question can be answered: Does the
outcome variable change over time? Or, in other
words: Is there a difference in the outcome variable
between two time-points?

To obtain an answer to this question, a paired ¢-
test can be used. Consider the hypothetical dataset
presented in Table 2.1. The dataset consists of 10
subjects, who were measured on two occasions.
The paired t-test is used to test the hypothesis that
the mean difference between Y, and Y,, equals
zero. Because the individual differences are used
in this statistical test, the longitudinal problem of
the dependency of the repeated observations within
the subjects is reduced to a cross-sectional problem.
The test statistic of the paired -test is the average of
the differences divided by the standard deviation of
the differences divided by the square root of the
number of subjects (Equation 2.1).

Table 2.1 Hypothetical dataset for a longitudinal study
with two measurements

Id Ya1 Yoo Difference (d)
1 35 3.7 —02
2 4.1 4.0 0.1
3 38 35 0.3
4 38 39 —0.1
5 4.0 44 —04
6 4.1 49 —038
7 4.0 34 06
8 5.1 6.8 —1.7
9 3.7 6.3 —26

10 4.1 52 —1.1

Continuous Outcome Variables

=/ (%) C.)
where t is the test statistic, d is the average of the
differences, s; is the standard deviation of the
differences, and N is the number of subjects.

This test statistic follows a t-distribution with
(N — 1) degrees of freedom. The assumptions for
using the paired t-test are twofold, namely (1) that the
observations of different subjects are independent
and (2) that the differences between the two meas-
urements are approximately normally distributed. In
research situations in which the number of subjects is
quite large (say above 25), the paired t-test can be
used without any problems. With smaller datasets,
however, the assumption of normality becomes
important. When the assumption is violated, the
non-parametric equivalent of the paired #-test can
be used (see Section 2.2). In contrast to its non-
parametric equivalent, the paired t-test is not only a
testing method. With the paired t-test the average of
the paired differences with the corresponding 95%
confidence interval can also be estimated.

It should be noted that when the differences are
not normally distributed and the sample size is
rather large, the paired t-test provides a valid result
regarding the p-value, but interpretation of the aver-
age differences can be complicated, because the aver-
age is not a good indicator of the mid-point of the
distribution even when the sample size is large.

2.1.1 Example

One of the limitations of the paired t-test is that
the method is only suitable for two measurements
over time. It has already been mentioned that the
example dataset used throughout this book con-
sists of six repeated measurements. To illustrate
the paired t-test in the example dataset, only the
first and last measurement of this dataset are
used. The question to be answered is: Is there a
difference in cholesterol between t = 1 and t = 6?
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cholesterol

Figure 2.1 Longitudinal
development of cholesterol between
t=1landt=6.

time

Figure 2.1 shows the graphical representation of
the data, while Output 2.1 shows the result of the
paired t-test.

The first lines of the output show descriptive
information (i.e. mean values, standard deviation
(SD), number of pairs, etc.), which is not really
important in light of the research question. The
second part of the output provides the more
important information. First of all, the mean of
the paired differences is given (i.e. —0.68687), and
also the 95% confidence interval around this
mean (—0.81072 to —0.56302). A negative value
indicates that there is an increase in cholesterol
between t = 1 and ¢t = 6. Furthermore, the result
of the actual paired t-test is given: the value of the
test statistic (f = —10.961), with (N — 1) degrees
of freedom (146), and the corresponding p-value
(0.000). The result indicates that the increase in
cholesterol is statistically significant (p < 0.001).
The fact that the increase over time is statistically
significant was already clear in the 95% confi-
dence interval confidence interval of the mean
difference, which did not include zero.

2.2 Non-parametric Equivalent of
the Paired t-test

When the assumptions of the paired ¢-test are vio-
lated, it is possible to perform the non-parametric

equivalent of the paired t-test, the (Wilcoxon)
signed rank sum test. This signed rank sum test is
based on the ranking of the individual difference
scores, and does not make any assumptions about
the distribution of the outcome variable. Consider
the hypothetical dataset presented in Table 2.2.
Again, the dataset consists of 10 subjects, who were
measured on two occasions.

The signed rank sum test evaluates whether
the sum of the rank numbers with a positive
difference is equal to the sum of the rank numbers
with a negative difference. When those two are
equal, it suggests that there is no change over
time. In the hypothetical dataset, the sum of the
rank numbers with a positive difference is 11.5
(ie. 1.5 + 4 + 6), while the sum of the rank
numbers with a negative difference is 43.5. The
exact calculation of the level of significance is
complicated, and goes beyond the scope of this
book. All statistical handbooks contain tables in
which the level of significance can be found (see
for instance Altman, 1991), and with all statistical
software packages the level of significance can
be calculated. For the hypothetical example, the
p-value is between 0.2 and 0.1, indicating no sig-
nificant change over time.

The (Wilcoxon) signed rank sum test can be used
in all longitudinal studies with two measurements. It
is a testing method which only provides p-values,
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Output 2.1 Results of a paired t-test performed to analyse the difference in cholesterol
betweent=1and t=6

Paired samples statistics

Mean N Std. deviation Std. error mean
cholesterol at t=1 4.435 147 .6737 .0556
cholesterol at t=6 5.1216 147 .92353 .07617
Paired samples test
Paired differences t df Sig.
(2-tailed)

Mean Std. Std. error
deviation mean
cholesterolat t=1- —.68687 .75977 .06266

cholesterol at t =6

Table 2.2 Hypothetical dataset for a longitudinal study
with two measurements

Id Y, Yo Difference (d) Rank number
1 35 37 —02 3

2 41 40 0.1 15'
3 38 35 0.3 4

4 38 39 -0.1 15
5 40 44 —04 5

6 41 49 —08 7

7 40 34 0.6 6

8 51 68 =17 9

9 37 63 —26 10
10 41 52 —1.1 8

' The average rank is used for tied values.

without effect estimation. In real life situations, it will
only be used when the sample size is very small (i.e.
less than 25).

2.2.1 Example

Although the sample size in the example dataset is
large enough to perform a paired t-test, in order
to illustrate the method, the (Wilcoxon) signed
rank sum test will be used to test whether or not
the difference between cholesterol at t = 1 and at
t = 6 is significant. Output 2.2 shows the result of
this analysis.

95% confidence
interval
of the difference

Lower Upper

—.81072 —.56302 —10.961 146 .000

The first part of the output provides the mean
rank of the rank numbers with a negative differ-
ence and the mean rank of the rank numbers with
a positive difference. It also gives the number of
cases with a negative and a positive difference.
A negative difference corresponds with the situ-
ation that cholesterol at t = 6 is less than choles-
terol at t = 1. This corresponds with a decrease in
cholesterol over time. A positive difference cor-
responds with the situation that cholesterol at
t = 6 is greater than cholesterol at t = 1, i.e. cor-
responds with an increase in cholesterol over
time. The last line of the output shows the z-value.
Although the (Wilcoxon) signed rank sum test is
a non-parametric equivalent of the paired t-test,
in many software packages a normal approxima-
tion is used to calculate the p-value. This z-value
corresponds with a highly significant p-value
(0.0000), which indicates that there is a significant
change (increase) over time in cholesterol. Because
there is a highly significant change over time,
the p-value obtained from the paired #-test is the
same as the p-value obtained from the signed rank
sum test. In general, however, the non-parametric
tests are less powerful than the parametric equiva-
lents and will therefore give slightly higher
p-values.

2.3 More than Two Measurements

In alongitudinal study with more than two measure-
ments performed on the same subjects (Figure 2.2),
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Output 2.2 Results of a (Wilcoxon) matched pairs signed rank sum test to analyse the difference in
cholesterol between t=1and t=6

Wilcoxon matched-pairs signed-ranks test
choltl cholesterol at tl

with cholté6 cholesterol at t6

10

Mean rank Cases

34.84 29 — Ranks (cholt6 Lt choltl)

83.62 118 + Ranks (cholt6 Gt choltl)
0 Ties (cholt6 Eq choltl)
147 Total

Z=-8.5637 Two-tailedp=0.0000

the situation becomes somewhat more complex.
A design with only an outcome variable, which is
measured several times on the same subjects, is
known as a one-within design. This refers to the
fact that there is only one factor of interest (i.e. time)
and that this factor varies only within-subjects. In a
situation with more than two repeated measure-
ments, a paired t-test cannot be carried out.
Consider the hypothetical dataset, which is pre-
sented in Table 2.3.

The question: Does the outcome variable change
over time? can be answered with a generalised linear
model (GLM) for repeated measures. The basic idea
behind this statistical method, which is also known
as multivariate analysis of variance (MANOVA) for
repeated measures is the same as for the paired t-test.
The statistical test is carried out for the T' — 1 differ-
ences between subsequent measurements. In fact,
GLM for repeated measures is a multivariate analy-
sis of these T — 1 differences between subsequent
time-points. Multivariate refers to the fact that
T — 1 differences are used simultaneously as out-
come variables. The T — 1 differences and corres-
ponding variances and covariances form the test
statistic for the GLM for repeated measures
(Equation 2.2).

Y, is the row vector of differences between subse-
quent measurements, Y, is the column vector of
differences between subsequent measurements, and
S is the variance/covariance matrix of the differ-
ences between subsequent measurements.

The F-statistic follows an F-distribution with
(T—1),(N—T+1) degrees of freedom. For a
detailed description of how to calculate H” using
Equation 2.2b, reference should be made to other
textbooks (Crowder and Hand, 1990; Hand and
Crowder, 1996; Stevens, 1996).! As with all statis-
tical methods, GLM for repeated measures is
based on several assumptions. These assumptions
are more or less comparable to the assumptions of
a paired t-test: (1) observations of different sub-
jects at each of the repeated measurements need to
be independent, and (2) the observations need to
be multivariate normally distributed, which is
comparable but slightly more restrictive than the
requirement that the differences between subse-
quent measurements are normally distributed.
The calculation described above is called the multi-
variate approach because several differences are
analysed together. However, to answer the same
research question, a univariate approach can also
be used. This univariate approach is comparable to
a simple analysis of variance (ANOVA) and is

N-T+1
F— (+) H? (2.2)
(N=1)(T-1) -y N
0 H~ is also known as Hotelling’s T, and is often
H? =N x Y::l X (Sé) X Yy (2.2b) referred to as T°. Because throughout this book T is

where F is the test statistic, N is the number of
subjects, T is the number of repeated measurements,

used to denote the number of repeated
measurements, H” is the preferred notation for
this statistic.
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Table 2.3 Hypothetical dataset for a longitudinal study with more than two measurements

Id Y Ye d, Y
1 35 37 —02 39
2 4.1 4.1 0.0 42
3 38 35 0.3 35
4 38 39 —0.1 38
5 4.0 44 —04 4.7

d, Yie ds
—02 30 0.2
—0.1 4.6 0.0
0.0 34 —-04
0.1 38 03
—03 43 —03

arbitrary value

Figure 2.2 A few possible shapes of
relationship between a continuous
outcome variable and time ( - - - linear,
+ —— quadratic, * - - - cubic).

based on the sum of squares, ie. the squared
differences between observed values and an average
value. The univariate approach is only valid when,
in addition to the earlier mentioned assumptions,
another assumption is met: the assumption of
sphericity. This assumption is also known as the
compound symmetry assumption. It implies,
firstly, that all correlations in the outcome variable
between repeated measurements are equal, irre-
spective of the time interval between the measure-
ments. Secondly, it implies that the variances of the
outcome variable are the same at each of the
repeated measurements.

Whether or not the assumption of sphericity
is met can be expressed by the sphericity
coefficient epsilon (noted as ¢). In an ideal
situation the sphericity coefficient will equal
one, and when the assumption is not entirely
met, the coefficient will be less than one. When
the assumption is not met, the degrees of
freedom of the F-test used in the univariate

approach can be changed: instead of (T — 1),
(N —=1)(T — 1) the degrees of freedom will be
&T—1),e(N—1)(T —1). It should be noted
that the degrees of freedom for the univariate
approach are different from the degrees of free-
dom for the multivariate approach. In many
software packages, when GLM for repeated
measures is carried out, the sphericity coeffi-
cient is automatically estimated and the degrees
of freedom are automatically adapted. The
sphericity coefficient can also be tested for sig-
nificance (with the null hypotheses tested:
sphericity coefficient ¢ =1). However, one
must be very careful with the use of this test.
If the sample size is large, the test for sphericity
will (almost) always give a significant result,
whereas in a study with a small sample size
the test for sphericity will (almost) never give
a significant result. In the first situation, the
test is over-powered, which means that even
very small violations of the assumption of
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sphericity will be detected. In studies with small
sample sizes, the test will be under-powered, i.e.
the power to detect a violation of the assump-
tion of sphericity is too low.

In the next section a numerical example will
be given to explain the univariate approach within
a GLM for repeated measures.

2.3.1 The Univariate Approach:
A Numerical Example

Consider the simple longitudinal dataset pre-
sented in Table 2.4.

When the fact that each subject is measured
four times is ignored, the question of whether
there is a difference between the various time-
points can be answered by applying a simple
ANOVA, considering the measurements at the
four time-points as four independent groups. The
ANOVA is then based on a comparison between
the between-group (in this case between-time)
sum of squares (SS;) and the within-group (i.e.
within-time) sum of squares (SS,,). The latter is
also known as the error sum of squares. The sums
of squares are calculated as follows:

=3 Ni(Y;-Y)?

where N; is the number of subjects per group, T is
the number of repeated measurements, Y; is the

(2.3)

(30.83 — 27)%] = 224.79, and SS,, = (31 — 27)* +
(24 —27)*+-- -+ (29 — 30.83)* + (34 — 30.83)* =
676.17. These sums of squares are used in the
ANOVA'’s F-test. In this test it is not the total sums
of squares that are used, but the mean squares. The
mean square (MS) is defined as the sum of squares
divided by the degrees of freedom. For SS;, the
degrees of freedom are (T — 1), and for SS,, the
degrees of freedom are (T) x (N —1). In the
numerical example, MS, = 224.79/3 = 74.93
and MS,, = 676.17/20 = 33.81. The F-statistic is
equal to MS,/MS,, and follows an F-distribution
with ((T —1),(T(N —1)) degrees of freedom.
Applied to the example, the F-statistic is 2.216 with
3 and 20 degrees of freedom. The corresponding
p-value (which can be found in a table of the
F-distribution, available in all statistical textbooks)
is 0.12, i.e. no significant difference between the
four time-points. OQutput 2.3 shows the result of
the ANOVA, applied to this numerical example.

It has already been mentioned that in the
above calculation the dependency of the observa-
tions within the subjects was ignored. It was
ignored that the same subject was measured four
times. In a design with repeated measurements,
the individual sum of squares (SS;) can be calcu-
lated (Equation 2.5)

Table 2.4 Simple longitudinal dataset with four
measurements in six subjects

average value of the outcome at time-point ¢, and Id Yer Ye Yes Yea Mean
Y is the overall average of the outcome.
1 31 29 15 26 2525
T N —\2
SS,, = thlznzl (Yu —Y,) (2.4) 2 24 28 20 32 26.00
3 14 20 28 30 23.00
where T is the number of repeated measurements,
N is the number of subjects, Y;; are observations . 52 2 - = —
of the outcome for subject i at time ¢, and Y, is the 5 25 29 25 29 27.00
average value of the outcome at time-point ¢. 6 30 28 16 34 2700
Applied to the dataset presented in Table 2.4,
Mean 2700 2800 2233 3083 27.00

$S, = 6[(27 — 27)* + (28 — 27)* + (22.33 — 27)* +

Output 2.3 Results of an ANOVA with a simple longitudinal dataset (see Table 2.4), ignoring the

dependency of observations

Source Sum of squares df Mean square F Sig.
Between groups 224.792 3 74.931 2.216 0.118
Within groups 676.167 20 33.808

Total 900.958 23

12
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Y—Y

SS; —TZ

where T is the number of repeated measurements,
N is the number of subjects, Y; is the average value
of the outcome at all time-points for individual i,
and Y is the overall average of the outcome.

Applied to the example dataset presented in
Table 2.4, SS; = 4[(25.25 — 27)* + (26 — 27)* + - - -
+ (27 — 27)%] = 276.21. It can be seen that a certain
proportion (276.21/676.17) of the error sum of
squares (i.e. the within-time sum of squares) can
be explained by individual differences. So, in this
design with repeated measurements, the total error
sum of squares of 676.17 is split into two compon-
ents. The part which is due to individual differences
(276.21) is now removed from the error sum of
squares for the time effect. The latter is reduced to
399.96 (ie. 676.17 — 276.21). The SS, is still the
same, because this sum of squares reflects the differ-
ences between the four time-points. Output 2.4
shows the output of the analysis of this example.

As mentioned before for the ANOVA, to carry
out the F-test, the total sum of squares is divided by
the degrees of freedom to create the mean square. To
obtain the appropriate F-statistic, the mean square
of a certain effect is divided by the mean square of
the error of that effect. The F-statistic is used in the
testing of that particular effect. As can be seen from
Output 2.4, the SS; is divided by (T — 1) degrees of
freedom, while the corresponding error term is
divided by (T — 1) x (N — 1) degrees of freedom.
The p-value is 0.075, which indicates no significant
change over time. Note, however, that this p-value is
somewhat lower than the p-value obtained from the
ANOVA, in which the dependency of the observa-
tions within the subjects was ignored.

(2.5)

The intercept sum of squares, which is also
provided in the output, is the sum of squares
obtained when an overall average of zero is
assumed. In this situation, the intercept sum of
squares is useless, but it will be used in the analy-
sis to investigate the shape of the relationship
between the outcome and time (see Section 2.3.2)

2.3.2 The Shape of the Relationship

between an Outcome Variable and Time

In the preceding sections of this chapter, the
question of whether or not there is a change over
time in the outcome variable was answered. When
such a change over time is found, this implies that
there is some kind of relationship between the
outcome variable and time. In this section, the
shape of the relationship between outcome vari-
able and time will be investigated. In Figure 2.2 a
few possible shapes are illustrated.

It is obvious that this question is only of interest
when there are more than two measurements. When
there are only two measurements, the only possible
relationship with time is a linear one. The question
about the shape of the relationship can also be
answered by applying a GLM for repeated measures.
Within GLM for repeated measures, the relationship
between the outcome variable and time is compared
to a hypothetical linear relationship, a hypothetical
quadratic relationship, and so on. When there are T
repeated measurements, T'— 1 possible functions
with time can be tested. Although every possible
relationship with time can be tested, it is important
to have a certain idea or hypothesis of the shape of
the relationship between the outcome variable and
time. It is highly recommended only to test that

Output 2.4 Results of a GLM for repeated measures with a simple longitudinal dataset (see Table 2.4)

Within-subjects effects

Source Sum of squares df
Time 224.792 3
Error (time) 399.958 15

Between-subjects effects

Source Sum of squares df
Intercept 17550.042 1
Error 276.208 5

Mean square F Sig.
74.931 2.810 0.075
26.664

Mean square F Sig
17550.042 317.696 0.000
55.242
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particular hypothesis and not to test all possible
relationships routinely.

For each possible relationship, an F-statistic is
calculated which follows an F-distribution with
(1), (N —1) degrees of freedom. The shape of
the relationship between the outcome variable
and time can only be analysed with the univariate
approach. In the following section this will be
illustrated with a numerical example.

2.3.2.1 A Numerical Example

Consider the same simple longitudinal dataset that
was used in Section 2.3.1 and presented in Table 2.4.
To answer the question regarding the shape of the
relationship between the outcome variable and
time, the outcome variable must be transformed.
When there are four repeated measurements, the
outcome variable is transformed into a linear com-
ponent, a quadratic component and a cubic com-
ponent. This transformation is made according to
the transformation factors presented in Table 2.5.

Each value of the original dataset is multiplied
by the corresponding transformation factor to
create a transformed dataset. Table 2.6 presents
the linear transformed dataset. The asterisk above
the name of a variable indicates that the variable
is transformed.

These transformed variables are used to test
the different relationships with time. Assume that
one is interested in the possible linear relationship
with time. Therefore, the individual sum of

Table 2.5 Transformation factors used to test different
shapes of the relationship between an outcome variable
and time

Linear Quadratic Cubic
Yh —0671 0.500 —0.224
Yo —0224 —0.500 0671
Y 0.224 —0500 —0671
Yiq 0.671 0.500 0224

squares for the linear transformed variables is
related to the individual sum of squares calculated
when the overall mean value of the transformed
variables is assumed to be zero (i.e. the intercept).

The first step is to calculate the individual sum
of squares for the transformed variables according
to Equation 2.5. For the transformed dataset
SS;" = 4[(—1.62 — 0.33)* + (0.89 — 0.33)* + - - -
+ (0.00 — 0.33)’] = 54.43. The next step is to
calculate the individual sum of squares when the
overall mean value is assumed to be zero. When
this calculation is performed for the transformed
dataset SS;° = 4[(—1.62 — 0.00)* + (0.89 — 0.00)*
+ -+ -+ (0.00 — 0.00)*] = 56.96.

The difference between these two individual
sums of squares is called the intercept and is shown
in the computer output (see Output 2.5). In the
example, this intercept is equal to 2.546, and this
value is used to test for the linear development over
time. The closer this difference comes to zero, the
less likely it is that there is a linear relationship with
time. In the example, the p-value of the intercept is
0.65, which is far from significance, i.e. there is no
significant linear relationship between the out-
come variable and time.

When a GLM for repeated measures is per-
formed on the original dataset used in Section

Table 2.6 Original dataset transformed by linear
transformation factors

* * * *

Id Y Yo Y Yia Mean

—2038 —6.5 34 17.5 —1.62
2 —16.1 —6.3 45 21.5 0.89
3 —94 —4.5 6.3 20.1 3.13
4 —255 =76 67 228  —090
5 —168 —65 56 19.5 045
6 —20.1 —63 36 22.8 0.00
Mean 033

Output 2.5 Results of a GLM for repeated measures, applied to the linear transformed dataset

Between-subjects effects

Source Sum of squares df
Intercept 2.546 1
Error 54.425 5

Mean square F Sig.
2.546 0.234 0.649
10.885
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Output 2.6 Results of a GLM for repeated measures with a simple longitudinal dataset (see Table 2.4)

Within-subjects contrasts

Source Sum of squares
Time (linear) 10.208
Error (linear) 217.442

2.3.1, these transformations are automatically
carried out and the related test values are shown
in the output (see Output 2.6). Because the esti-
mation is slightly different to that explained here,
the sum of squares given in this output are the
sum of squares given in Output 2.5 multiplied
by T. Because it is basically the same method,
the p-values are exactly the same.

Exactly the same procedure can be carried out
to test for a possible second-order (quadratic)
relationship with time and for a possible third-
order (cubic) relationship with time.

2.3.3 Example

Output 2.7 shows the result of the GLM for
repeated measures performed on the example
dataset with six repeated measurements on 147
subjects, while Figure 2.3 shows the graphical
representation of the data.

The analysis was performed to answer the
question of whether there is a change over time
in cholesterol (using the information of all six
repeated measurements).

The first part of the output (multivariate tests)
shows directly the answer to the question of whether
there is a change over time for cholesterol, some-
where between t = 1 and t = 6. The F-values and
the significance levels are based on the multivariate
test. In the output there are several multivariate tests
available to test the overall time effect. The various
tests are named after the statisticians who developed
the tests, and they all use slightly different estima-
tion methods. However, the final conclusions of the
various tests are almost always the same.

The second part of Output 2.7 provides infor-
mation on whether or not the assumption of
sphericity is met. In this example, the sphericity
coefficient (epsilon) calculated by the Greenhouse-
Geisser method is 0.741. The output also gives
other values for epsilon (Huynh-Feldt and lower-
bound), but these values are seldom used. The value

df

Mean square F Sig.
10.208 0.235 0.649
43.488

of epsilon can be tested for significance by
Mauchly’s test of sphericity. The result of this test
indicates that epsilon is significantly different from
the ideal value of one. This indicates that the degrees
of freedom of the F-test should be adjusted. In the
computer output presented, this adjustment is auto-
matically carried out and is shown in the next part
of the output (tests of within-subjects effects), which
shows the result of the univariate approach. The
output of the univariate approach gives four differ-
ent estimates of the overall time effect. The first
estimate is the one which assumes sphericity. The
other three estimates (Greenhouse-Geisser, Huynh-
Feldt and lower-bound) adjust for violations of the
assumption of sphericity, by changing the degrees
of freedom. The three estimates are slightly differ-
ent, but it is recommended that the Greenhouse-
Geisser adjustment is used, although this adjust-
ment is slightly conservative. From the output it
can be seen that the F-values and significance levels
are equal for all estimation methods. They are all
highly significant, which indicates that there is a
significant change over time in cholesterol. From
the output, however, there is no indication of
whether there is an increase, a decrease or whatever;
it only shows a significant difference over time.
The last part of the output (tests of within-
subjects contrasts) provides an answer to the
second question (what is the shape of the relation-
ship with time?). The first line (linear) indicates
the test for a linear development. The F-value
(obtained from the mean square (40.322) divided
by the error mean square (0.319)) is very high
(126.240), and is highly significant (0.000). This
result indicates that there is a significant linear
development over time. The following lines show
the same values belonging to the other functions
with time. The second line shows the second-
order function (i.e. quadratic), the third line
shows the third-order function (i.e. cubic), and
so on. All F-values are significant, indicating that
all developments over time (second-order, third-
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Output 2.7 Results of a GLM for repeated measures to analyse the development over time
in cholesterol

Multivariate tests?®

Effect Value F Hypothesis df Errordf Sig.
Time Pillai’s Trace .666 56.615° 5.000 142.000 .000
Wilks’ Lambda .334 56.615° 5.000 142.000 .000
Hotelling’s Trace 1.993 56.615° 5.000 142.000 .000
Roy’s Largest Root 1.993 56.615° 5.000 142.000 .000

a. Design: intercept
Within-subjects design: time

b. Exact statistic

Mauchly’s test of sphericity®

Measure: MEASURE 1

Within- Mauchly’s Approx. df Sig. Epsilonb
subjects W Chi-
Effect Square
Greenhouse- Huynh- Lower-
Geisser Feldt bound
Time .435 119.961 14 .000 .741 .763 .200

Tests the null hypothesis that the error covariance matrix of the orthonormalised transformed dependent variables is proportional
to an identity matrix.

Q

. Design: intercept
Within-subjects design: time

b. May be used to adjust the degrees of freedom for the averaged tests of significance. Corrected tests are displayed in the Tests of
within-subjects effects’ table.

Tests of within-subjects effects

Measure: MEASURE 1

Source Type III sumof Df Mean F Sig.
squares Square
Time Sphericity 89.987 5 17.997 99.987 .000
assumed
Greenhouse- 89.987 3.707 24.273 99.987 .000
Geisser
Huynh-Feldt 89.987 3.816 23.582 99.987 .000
Lower-bound 89.987 1.000 89.987 99.987 .000
Error Sphericity 131.398 730 .180
(time) assumed
Greenhouse- 131.398 541.272 .243
Geisser
Huynh-Feldt 131.398 557.126 .236
Lower-bound 131.398 146.000 .900
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Tests of within-subjects contrasts

Measure: MEASURE 1

Source time Type III sum of df Mean F Sig.
squares square
Time Linear 40.332 1 40.332 126.240 .000
Quadratic 44.283 1 44.283 191.356 .000
Cubic 1.547 1 1.547 11.424 .001
Order 4 1.555 1 1.555 12.537 .001
Order 5 2.270 1 2.270 25.322 .000
Error Linear 46.646 146 231G
(time)
Quadratic 33.787 146 .231
Cubic 19.770 146 .135
Order 4 18.108 146 .124
Order 5 13.088 146 .090
Tests of between-subjects effects
Measure: MEASURE 1
Transformed variable: average
Source Type III sum of squares df Mean square F Sig.
Intercept 17845.743 1 17845.743 7273.162 .000
Error 358.232 146 2.454
cholesterol Figure 2.3 Longitudinal

development of cholesterol between
t =1and t = 6, including the in-
between measurements.

time
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Output 2.8 Results of a GLM for repeated measures to analyse the development over time in

cholesterol including the explained variance

Tests of within-subjects effects

Measure: MEASURE 1

Source Type III sum df
of squares
Time Sphericity 89.987 5
assumed
Greenhouse- 89.987 3.
Geisser
Huynh-Feldt 89.987 3.
Lower-bound 89.987 1.
Error Sphericity 131.398 730
(time) assumed
Greenhouse- 131.398 541.
Geisser
Huynh-Feldt 131.398 557.
Lower-bound 131.398 146.

order, etc.) are statistically significant. The mag-
nitudes of the F-values indicate further that the
best way to describe the development over time is
a quadratic function, but the simpler linear func-
tion with time is also quite good. Again, from the
result there is no indication of whether there is an
increase or a decrease over time. In fact, the result
of the GLM for repeated measures can only be
interpreted correctly if a graphical representation
of the change over time is made. Figure 2.3 shows
that the significant development over time, which
was found with a GLM for repeated measures, is
first characterised by a small decrease, which is
followed by an increase over time.

Within GLM for repeated measures, there is
also the possibility to obtain a magnitude of the
strength of the effect (i.e. the within-subjects
time effect). This magnitude is reflected in a
measure called eta squared, which can be seen
as an indicator for the explained variance in
cholesterol due to a particular effect. Eta squared
is calculated as the ratio between the sum of
squares of the particular effect and the total
sum of squares. Output 2.8 shows part of the
output of a GLM for repeated measures includ-
ing eta squared.

Mean F Sig. Partial
square eta
squared
17.997 99.987 .000 .406
707 24.273 99.987 .000 .406
816 23.582 99.987 .000 .406
000 89.987 99.987 .000 .406
.180
272 .243
126 .236
000 .900

From Output 2.8 it can be seen that eta
squared is 0.406 (i.e. 89.99/(131.40 + 89.99)),
which indicates that 41% of the variance in chol-
esterol is explained by the time effect.

To put the result of the GLM for repeated
measures in a somewhat broader perspective, the
result of a naive analysis is shown in Output 2.9,
naive in the sense that the dependency of the
repeated observations within the subject is ignored.
Such a naive analysis is an analysis of variance
(ANOVA), in which the mean values of cholesterol
are compared among all six measurements, i.e. six
groups, each representing one time-point. For only
two measurements, this comparison would be the
same as the comparison between an independent
sample t-test (the naive method) and a paired t-test
(the adjusted method).

From Output 2.9 it can be seen that the F-
statistic for the time effect (the effect in which we
are interested) is 32.199, which is highly signifi-
cant (0.000). This result indicates that at least one
of the mean values of cholesterol at a certain time-
point is significantly different from the mean
value of cholesterol at one of the other time-
points. However, as has been mentioned before,
this method ignores the fact that a longitudinal
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Output 2.9 Results of a (naive) analysis of
variance (ANOVA) to analyse the development
over time in cholesterol, ignoring the
dependency of observations

Source Sumof df Mean F Sig.
squares square

Between 89.987 5 17.997 32.199 .000

groups

Within 489.630 876 .559

groups

Total 579.617 881

study is performed, i.e. that the same subjects are
measured on several occasions. The most import-
ant difference between the GLM for repeated
measures and the naive ANOVA is that the error
sum of squares in the ANOVA is much higher
than the error sum of squares in the GLM for
repeated measures. In the ANOVA, the residual
mean square is 0.559 (see Output 2.9), while for
the GLM for repeated measures the residual mean
square (indicated by Error (TIME) Sphericity
Assumed) was more than three times lower,
i.e. 0.180 (see Output 2.7). This has to do with
the fact that in the GLM for repeated measures,
the individual sum of squares is calculated to
adjust for the dependency of the observations
within the subject. This individual sum of squares
is subtracted from the error sum of squares.

2.4 The Univariate or the
Multivariate Approach?

Within GLM for repeated measures, a distinction
can be made between the multivariate approach
(the multivariate extension of a paired ¢-test) and
the univariate approach (an extension of ANOVA).
The problem is that the two approaches do not
produce the same results. So, the question is:
Which approach should be used?

One of the differences between the two
approaches is the assumption of sphericity. For
the multivariate approach this assumption is not
necessary, while for the univariate approach it is
an important assumption. The restriction of the
assumption of sphericity (i.e. equal correlations
and equal variances over time) leads to an
increase in degrees of freedom, i.e. an increase in
power for the univariate approach. This increase

in power becomes more important when the
sample size becomes smaller. Historically, the
multivariate approach was developed later than
the univariate approach, especially for situations
when the assumption of sphericity does not hold.
So, one could argue that when the assumption of
sphericity is violated, the multivariate approach
should be used. However, in the univariate
approach, adjustments can be made when the
assumption of sphericity is not met. So, in
principle, both approaches can deal with a situ-
ation in which the assumption of sphericity does
not hold. It is sometimes argued that when the
number of subjects N is less than the number of
repeated measurements plus 10, the multivariate
approach should not be used. In every other situ-
ation, however, it is recommended that the results
of both the multivariate and the univariate
approach are used to obtain the most valid answer
to the research question addressed. Only when
both approaches lead to the same conclusion, it
is fairly certain that there is either a significant or
a non-significant change over time. When both
approaches lead to different conclusions, the con-
clusions must be drawn with many restrictions
and considerable caution. In such a situation, it
is highly recommended not to use the approach
with the lowest (i.e. significant) p-value!

2.5 Comparing Groups

In the first sections of this chapter, longitudinal
studies were discussed in which a continuous out-
come variable is repeatedly measured over time (i.e.
the one-within design). In this section, the research
situation will be discussed in which the develop-
ment of a particular continuous outcome variable
is compared between different groups. This design
is known as the one-within, one-between design.
Time is the within-subjects factor and the group
variable is the between-subjects factor. This group
variable can be either dichotomous or categorical.
The question to be addressed is: Is there a differ-
ence in change over time for the outcome variable
between two or more groups? This question can
also be answered with a GLM for repeated
measures. The same assumptions as have been
mentioned earlier (Section 2.3) apply for this
design, but it is also assumed that the covariance
matrices of the different groups that are compared
to each other are homogeneous. This assumption is
comparable with the assumption of equal variances

https://doi.org/10.1017/9781009288002.003 Published online by Cambridge University Press

19


https://doi.org/10.1017/9781009288002.003

Applied Longitudinal Data Analysis for Medical Science

in two groups that are cross-sectionally compared
to each other using the independent sample ¢-test.
Although this is an important assumption, in rea-
sonably large samples a violation of this assump-
tion is generally not problematic.

From a one-within, one-between design the
following effects can be obtained: (1) an overall
time effect, i.e. is there a change over time in the
outcome variable for the total population?, (2) a
general group effect, i.e. is there on average over
time a difference in outcome variable between the
compared groups?, and (3) a group by time inter-
action effect, i.e. is the change over time in the
outcome variable different for the compared
groups? The within-subjects effects can be calcu-
lated in two ways: the multivariate approach, which
is based on the multivariate analysis of the differ-
ences between subsequent points of measurements,
and the univariate approach, which is based on the
comparison of several sums of squares (see Section
2.5.1). In most longitudinal studies the group by
time interaction effect is probably the most inter-
esting, because it gives an answer to the question of
whether there is a difference in change over time
between groups.

With respect to the shape of the relationship with
time (linear, quadratic, etc.) specific questions can
also be answered for the one-within, one-between
design, such as is there a difference in the linear
development over time between the groups?, is there
a difference in the quadratic development over time
between the groups?, etc. However, especially for
interaction terms, the answers to those questions
can be quite complicated; i.e. the result of the GLM
for repeated measures can be difficult to interpret.

It should be noted that an important limita-
tion of the GLM for repeated measures is that the

between-subjects factor can only be a time-
independent dichotomous or categorical variable,
such as treatment group, gender, etc.

2.5.1 The Univariate Approach:
A Numerical Example

The simple longitudinal dataset used to illustrate
the univariate approach in a one-within design will
also be used to illustrate the univariate approach in
a one-within, one-between design. Therefore, the
dataset used in the earlier example, and presented
in Table 2.4, is extended to include a group indica-
tor. The new dataset is presented in Table 2.7.

To estimate the different effects, it should first
be noted that part of the remaining error sum of
squares is related to the difference between the two
groups. To calculate this part, the individual sum
of squares (SS;) must be calculated for each of the
groups (see Equation 2.5). For group 1, SS; = 4
[(25.25 — 24.75)% + (26 — 24.75)% + (23 — 24.75)’]
= 19.5, and for group 2, SS; = 4[(34 — 29.33)* +
(27 — 29.33)% + (27 — 29.33)*] = 130.7.

These two parts can be added together to give a
sum of squares of 150.2. If the group indication is
ignored, the error sum of squares was 276.2 (see
Section 2.3.1). This means that the between-
subjects sum of squares caused by group differ-
ences is 126.0 (i.e. 276.2 — 150.2). The next step is
to calculate the SS,, and the SS, for each group. This
can be done in the same way as has been described
for the whole population (see Equations 2.3 and
2.4). The result is summarised in Table 2.8.

The two within-subjects error sums of squares
can be added together to form the total within-
subjects error sum of squares (adjusted for
group). This total within-subjects error sum of

Table 2.7 Simple longitudinal dataset with four measurements in six subjects divided into two groups

Id Group Ya1 Yoo Y Yea Mean
1 1 31 29 15 26 2525
2 1 24 28 20 32 26.00
3 1 14 20 28 30 23.00
Mean 23.00 2567 21.00 29.33 24.75
4 2 38 34 30 34 34.00
5 2 25 29 25 29 27.00
6 2 30 28 16 34 27.00
Mean 31.00 30.33 23.67 32.33 29.33

20

https://doi.org/10.1017/9781009288002.003 Published online by Cambridge University Press


https://doi.org/10.1017/9781009288002.003

Continuous Outcome Variables

squares is 373.17. Without taking the group into
account, a within-subjects error sum of squares of
399.96 was found. The difference between the two
is the sum of squares belonging to the interaction
between the within-subjects factor time and the
between-subjects factor group. This sum of
squares is 26.79. Output 2.10 shows the compu-
terized result of the GLM for repeated measures
for this numerical example.

2.5.2 Example

In the example dataset with six repeated measure-
ments performed on 147 subjects, sex is a dichotom-
ous time-independent covariate, so this variable will
be used as a between-subjects factor in this example.
The result of the GLM for repeated measures from
a one-within, one-between design is shown in
Output 2.11.

Part of Output 2.11 is comparable to the output
of the one-within design, shown in Output 2.7. One

Table 2.8 Summary of the different sums of squares
calculated for each group separately

Group 1 Group 2
SSp 116.9 134.7
SOM 2993 224.0
SS; 19.5 130.7
Within- 2993 — 195 2240 — 130.7
subjects error = 279.83 =9333
sum of
squares

of the differences is found in the first part of the
output, in which the result of the tests of between-
subjects effects is given. The F-value belonging to
this test is 6.382 and the significance level is 0.013,
which indicates that there is an overall (i.e. averaged
over time) significant difference between the two
groups indicated by sex. The other difference
between the two outputs is the addition of a time
by sex interaction term. This interaction is interest-
ing, because it answers the question of whether
there is a difference in development over time
between the two groups indicated by sex (i.e. the
difference in development of cholesterol between
males and females). The answer to that question
can either be obtained with the multivariate
approach (Pillai, Wilks, Hotelling, and Roy) or with
the univariate approach. For the multivariate
approach (multivariate tests), firstly the overall time
effect is given and secondly the time by sex inter-
action. For the univariate approach, again the
assumption of sphericity has to hold and from the
output it can be seen that this is not the case
(Greenhouse-Geisser epsilon = 0.722, and the sig-
nificance of the sphericity test is 0.000). For this
reason, in the univariate approach it is recom-
mended that the Greenhouse-Geisser adjustment
is used. From the output of the univariate analysis,
firstly the overall time effect (F = 104.344, signifi-
cance 0.000) and secondly the time by sex inter-
action effect (F = 8.113, significance 0.000) can be
obtained. This result indicates that there is a signifi-
cant difference in development over time in choles-
terol between males and females.

Output 2.10 Results of a GLM for repeated measures with a simple longitudinal dataset with a group

indicator (see Table 2.7)

Within-subjects effects

Source Sum of squares df
Time 224.792 3
Time X group 26.792 3
Error (TIME) 373.167 12
Between-subjects effects

Source Sum of squares df
Intercept 17550.042 1
Group 126.042 1
Error 150.167 4

Mean square F Sig.
74.931 2.810 0.075
8.931 0.287 0.834
31.097

Mean square F Sig.
17550.042 317.696 0.000
126.042 3.357 0.141
37.542
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Output 2.11 Results of a GLM for repeated measures to analyse the difference in development over
time in cholesterol between males and females

Tests of between-subjects effects

Measure: MEASURE 1
Transformed variable: average

Source Type III sum of squares Df Mean square F Sig.
Intercept 17715.454 1 17715.454 7486.233 .000
Sex 15.103 1 15.103 6.382 .013
Error 343.129 145 2.366

Multivariate tests?®

Effect Value F Hypothesis df Error df Sig.
Time Pillai’s Trace .669 56.881° 5.000 141.000 .000
Wilks’ Lambda .331 56.881" 5.000 141.000 .000
Hotelling’s 2.017 56.881" 5.000 141.000 .000
Trace
Roy’s Largest 2.017 56.881" 5.000 141.000 .000
Root
Time * Pillai’s Trace .242 8.980"° 5.000 141.000 .000
sex
Wilks’ Lambda .758 8.980"° 5.000 141.000 .000
Hotelling’s .318 8.980° 5.000 141.000 .000
Trace
Roy’s Largest .318 8.980" 5.000 141.000 .000
Root

Q

. Design: intercept + sex
Within-subjects design: time

b. Exact statistic

Mauchly’s test of sphericity®

Measure: MEASURE 1

Within- Mauchly’s Approx. Chi- df Sig. Epsilonb
subjects W Square
Effect
Greenhouse- Huynh- Lower-
Geisser Feldt bound
Time .433 119.736 14 .000 .722 .748 .200

Tests the null hypothesis that the error covariance matrix of the orthonormalised transformed dependent variables is proportional
to an identity matrix.

Q

. Design: intercept + sex
Within-subjects sesign: time

b. May be used to adjust the degrees of freedom for the averaged tests of significance. Corrected tests are displayed in the Tests of
within-subjects effects’ table.

22

https://doi.org/10.1017/9781009288002.003 Published online by Cambridge University Press


https://doi.org/10.1017/9781009288002.003

Continuous Outcome Variables

(cont.)

Source

Time

Time *
sex

Error
(time)

Source

Time

Time * sex

Error (time)
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Sphericity
assumed

Greenhouse-
Geisser

Huynh-Feldt
Lower-bound

Sphericity
assumed

Greenhouse-
Geisser

Huynh-Feldt
Lower-bound

Sphericity
assumed

Greenhouse-
Geisser

Huynh-Feldt

Lower-bound

Time
Linear
Quadratic
Cubic
Order 4
Order 5
Linear
Quadratic
Cubic
Order 4
Order 5
Linear
Quadratic
Cubic
Order 4

Order 5

Tests of within-subjects effects

Measure: MEASURE 1

Type III sum of

squares

89.

89.

89.
89.

124.

124.

124.
124.

546

546

546
546

.962

.962

.962
.962

436

436

436
436

Df

3.741
1.000

3.741
1.000
725

523.707

542.443
145.000

Mean
square

Tests of within-subjects contrasts

Type III sumof squares
38.

45

1

42.
30.
19,
18.

13

668
.502

100
.016

Measure: MEASURE 1

df

38
45

1

N

N

17

24.

23.
89.
.392

909

793

937
546

.928

.861
.962
o L7 2

.238

.229
.858

Mean square

.668

.502

602

0562

.212

.872

.856

.154

.008

.072

.295

.213

.135

0 L25

.090

104.

104.

104.
104.

F

131.

213

11.

12
24

13.

13

344

344

344
344

odLiL3

.113

.113
.113

084

.307

838

.516
. 645

127

.388
.142
.060
.804

Sig.

.000

.000

.000
.000
.000

.000

.000
.005

Sig.
.000
.000
.001
.001
.000
.000
.000
.287
.806
.371
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Output 2.12 Results of a GLM for repeated measures to analyse the difference in development over
time in cholesterol between males and females, including the explained variance

Tests of within-subjects effects

Measure: MEASURE 1

Source Type III df Mean F Sig. Partial
sum of square eta
squares squared

Time Sphericity 89.546 5 17.909 104.344 .000 .418

assumed

Greenhouse- 89.546 3.612 24.793 104.344 .000 .418

Geisser

Huynh-Feldt 89.546 3.741 23.937 104.344 .000 .418

Lower-bound 89.546 1.000 89.546 104.344 .000 .418
Time * Sphericity 6.962 5 1.392 8.113 .000 .053
sex assumed

Greenhouse- 6.962 3.612 1.928 8.113 .000 .053

Geisser

Huynh-Feldt 6.962 3.741 1.861 8.113 .000 .053

Lower-bound 6.962 1.000 6.962 8.113 .005 .053
Error Sphericity 124.436 725 172
(time) assumed

Greenhouse- 124.436 523.707 .238

Geisser

Huynh-Feldt 124.436 542.443 .229

Lower-bound 124.436 145.000 .858

Tests of between-subjects effects
Measure: MEASURE 1
Transformed variable: average

Source Type III sumof df Mean F Sig. Partial eta

squares square squared

Intercept 17715.454 1 17715.454 7486.233 .000 .981

Sex 15.103 1 15.103 6.382 .013 .042

Error 343.129 145 2.366

From the next part of Output 2.11 (tests of
within-subjects contrasts) it can be seen that
this difference is significant for both the linear devel-
opment over time and the quadratic development
over time.

For all three effects, the explained variance
(which is an indicator of the magnitude of the
effect) can also be calculated (see Output 2.12).

From Output 2.12 it can be seen that 42% of
the variance in cholesterol is explained by the
time effect, that 5% is explained by the time by
sex interaction, and that 4% of the variance in
cholesterol is explained by the overall group
effect. Care must be taken in the interpretation
of these explained variances, because they cannot
be interpreted together in a straightforward way.
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cholesterol

Figure 2.4 Difference in
development over time in cholesterol
between males (solid line) and females
(dotted line).

time

The explained variances for the time effect and
the time by group interaction effect are only
related to the within-subjects error sum of
squares, and not to the total error sum of
squares.

As in the case for the one-within design, the
result of the GLM for repeated measures for a
one-within, one-between design can only be inter-
preted correctly when a graphical representation
is added to the result (see Figure 2.4).

2.6 Comments

One of the problems with GLM for repeated
measures is that the time periods under consider-
ation are weighted equally. A non-significant
change over a short time period can be relatively
greater than a significant change over a long time
period. So, when the time periods are unequally
spaced, the result of a GLM for repeated measures
cannot be interpreted in a straightforward way.
The length of the different time intervals must be
taken into account.

Another major problem with GLM for repeated
measures is that it only takes into account the sub-
jects with complete data, i.e. the subjects who are
measured at all time-points. When a subject has no
data available for a certain time-point, all other data
for that subject is deleted from the analysis. In
Chapter 11, the problems and consequences of
missing data in longitudinal studies and in the result

obtained from a GLM for repeated measures analy-
sis will be discussed.

Generalised linear model for repeated measures
can also be used for more complex study designs,
i.e. with more between-subjects and/or more
within-subjects factors. Because the ideas and the
potential questions to be answered are the same as
in the relatively simple designs discussed before,
the more complex designs will not be discussed
further. It should be kept in mind that the more
groups that are compared to each other (given a
certain number of subjects), or the more within-
subjects factors that are included in the design, the
less power there will be to detect significant effects.
This is important to realise, because a GLM for
repeated measures is basically a testing method,
so p-values are used to evaluate the development
over time. In principle, no interesting effect estima-
tions are provided by a GLM for repeated meas-
ures. As has been mentioned before, the explained
variance can be calculated, but the importance of
this indicator is rather limited.

2.7 Post-hoc Procedures

With GLM for repeated measures an overall time
effect and an overall group effect can be obtained.
As in cross-sectional ANOVA, post-hoc proced-
ures can be performed to investigate further the
observed overall relationships. In longitudinal
analysis there are two types of these post-hoc
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procedures. (1) When there are more than two
repeated measurements, it can be determined in
which part of the longitudinal time period the
observed effects occur. This can be done by per-
forming a GLM for repeated measures for a spe-
cific (shorter) time period or by analysing specific
contrasts (see Section 2.7). (2) When there are
more than two groups for which the longitudinal
development is analysed, a statistically significant
between-subjects effect indicates that there is a
difference between at least two of the compared
groups in the average value over time. Further
analysis can determine between which groups
the differences occur. This can be carried out by
applying the post-hoc procedures also used in the
cross-sectional ANOVA (e.g. Tukey, Bonferroni
or Scheffe). Each post-hoc procedure has its own
particularities, but in essence multiple compari-
sons are made between all groups; each group is
pairwise compared to the other groups and there
is a certain adjustment for multiple testing.

2.8 Different Contrasts

In an earlier part of this chapter, attention was paid
to answering the question: What is the shape of the
relationship between the outcome variable and
time? In the example it was mentioned that the
answer to that question can be found in the output
section: test of within-subjects contrasts. In the
example a so-called polynomial contrast was used
in order to investigate whether one is dealing with a
linear development over time, a quadratic develop-
ment over time, and so on. In longitudinal research
this is an important contrast, but there are many
other possible contrasts (depending on the software
package used). With a simple contrast, for instance,
the value at each measurement is related to the first
measurement. With a difference contrast, the value
of each measurement is compared to the average of
all previous measurements. A Helmert contrast is
comparable to the difference contrast, however, the
value at a particular measurement is compared to
the average of all subsequent measurements. With
the repeated contrast, the value of each measure-
ment is compared to the value of the first subsequent
measurement. In Section 2.3 it was mentioned that
the testing of a polynomial contrast was based on
transformed variables. In fact, the testing of all con-
trasts is based on transformed variables. However,
for each contrast, different transformation coeffi-
cients are used.

2.8.1 Example

Outputs 2.13a to 2.13d show the results of the
GLM for repeated measures with different contrasts
performed on the example dataset with six repeated
measurements on 147 subjects. The output obtained
from the analysis with a polynomial contrast was
already shown in Section 2.4 (Output 2.7).

With the simple contrast, each measurement is
compared to the first measurement. From Output
2.13a it can be seen that all follow-up measure-
ments differ significantly from the first measure-
ment. From the output, however, it cannot be seen
whether, for instance, the value at t = 2 is higher
than the value at t = 1. It can only be concluded
that there is a significant difference.

With the difference contrast, the value at each
measurement is compared to the average value of
all previous measurements. From Output 2.13b it
can be seen that there is a significant difference
between the value at each measurement and the
average value of all previous measurements.

The Helmert contrast (Output 2.13c) is compar-
able to the difference contrast, but the other way
around. The value at each measurement is compared
to the average value of all subsequent measurements.
All these differences are also highly significant. Only
if we compare the first measurement with the aver-
age value of the other five measurements, is the
p-value of borderline significance (0.047).

With the repeated contrast, the value of each
measurement is compared to the value of the first
subsequent measurement. From Output 2.13d it
can be seen that the cholesterol value at t = 2 is
not significantly different from the cholesterol
value at t = 3 (p = 0.136). All the other differences
investigated were statistically significant. Again, it
must be stressed that there is no information
about whether the value at a particular time-point
is higher or lower than the value at the first subse-
quent time-point. Like all other results obtained
from the GLM for repeated measures, the results
of the analysis with different contrasts can only be
interpreted correctly if they are combined with a
graphical representation of the development of the
outcome variable, i.e. cholesterol.

When there are more than two groups to be
compared with a GLM for repeated measures, con-
trasts can also be used to perform post-hoc proced-
ures for the overall group effect. With the traditional
post-hoc procedures discussed in Section 2.7 all
groups are pairwise compared, while with contrasts
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Output 2.13a Results of a GLM for repeated measures to analyse the development over time in

cholesterol with a simple contrast

Within-subject contrasts

Source
Level 2 vs
Level 3 vs
Level 4 vs
Level 5 vs
Level 6 vs
Error
Level 2 vs
Level 3 vs
Level 4 vs
Level 5 vs

Level 6 vs

Output 2.13b Results of a GLM for repeated measures to analyse the development over time in
cholesterol with a difference contrast

Levell
Level 1
Level 1
Level 1

Level 1

Level
Level
Level

Level

I = T = T

Level

Sum of squares

1.
4.
10.
8.
69.

32.
41.
45.
57 o
84.

830
184
031
139
353

010
296
629
606
279

Within-subject contrasts

Source
Level 1 vs
Level 2 vs
Level 3 vs
Level 4 vs
Level 5 vs
Error
Level 1 vs
Level 2 vs
Level 3 vs
Level 4 vs

Level 5 vs
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Level 2

Previous
Previous
Previous

Previous

Level 2

Previous
Previous
Previous

Previous

Sum of squares

1
1

4.
20.
82.

32.
28.
21.
37.
61.

.830
.875
139
198
271

010
260
101
150
196

df

1

e

146
146
146
146
146

Df

T e

146
146
146
146
146

Mean square
1
4.

10.
8.

69.

o o o o o

Mean square
1o
1.
4.

20.

82.

o O O o o

830
184
031
139
353

.219
.283
.313
.395
.5717

830
875
139
198
271

.219
.194
.145
.254
.419

F

14
32
20.
120.

F

28.
79,
196.

.345
.792

096
629
144

.345
2 ®7Y

639
380
280

Sig.

@ © @ O [(@

.004
.000
.000
.000
.000

Sig.

o o o o o

.004
.002
.000
.000
.000
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Output 2.13c Results of a GLM for repeated measures to analyse the development over time in

cholesterol with a Helmert contrast

Within-subject contrasts

Source
Level 1 vs
Level 2 vs
Level 3 vs
Level 4 vs
Level 5 vs
Error
Level 1 vs
Level 2 vs
Level 3 vs
Level 4 vs

Level 5 vs

Output 2.13d Results of a GLM for repeated measures to analyse the development over time in
cholesterol with a repeated contrast

Later
Later
Later
Later

Level 6

Later
Later
Later
Later

Level 6

Sum of squares
0.
8.
22.
76.
29.

31.
28.
28.
40.
68.

852
092
247
695
975

061
684
609
365
399

Within-subject contrasts

Source
Level 1 vs
Level 2 vs
Level 3 vs
Level 4 vs
Level 5 vs
Error
Level 1 vs
Level 2 vs
Level 3 vs
Level 4 vs

Level 5 vs

28

Level 2
Level 3
Level 4
Level 5

Level 6

Level 2
Level 3
Level 4
Level 5

Level 6

Sum of squares
1.
0.

.258

36.

1

29.

32.
3.
22.

42

830
480

242
975

010
260
182

.036
68.

399

df

I o S

146
146
146
146
146

df

I = T S

146
146
146
146
146
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Mean square
0.
8.

22.
76.

29.

o o o o o

Mean square
1.
0.

.258

36.

1

29 ¢

@ < @ © (&

852
092
247
695
975

.213
.196
.196
.276
.468

830
480

242
975

.219
.214
.152
.288
.468

F

4.005
41.189
113.533
277.405
63.983

F

8.345
2.242
8.282
125.877
63.983

Sig.

o o o o o

.047
.000
.000
.000
.000

Sig.

.004
.136
.005
.000
.000
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this is not the case. With a simple contrast for
instance, the groups are compared to a certain refer-
ence group, and with a repeated contrast each group
is compared to the next group (dependent on the
coding of the group variable). The advantage of
contrasts in performing post-hoc procedures is when
an adjustment for particular covariates is applied. In
that situation, the traditional post-hoc procedures
cannot be performed, while with contrasts, the
adjusted difference between groups can be obtained.
Again, it is important to realise that the post-hoc
procedures for group differences performed with
different contrasts are only suitable (as the traditional
post-hoc procedures) for analysing the between-
subjects effect.

2.9 Non-parametric Equivalent of
GLM for Repeated Measures

When the assumptions of a GLM for repeated meas-
ures are violated, an alternative non-parametric
method can be applied. This non-parametric equiva-
lent of a GLM for repeated measures is called the
Friedman test and can only be used in a one-within
design. Like any other non-parametric test, the
Friedman test does not make any assumptions about
the distribution of the outcome variable under
study. To perform the Friedman test, for each sub-
ject the outcome variable at T time-points is ranked
from 1 to T. The Friedman test statistic is based on
these rankings. In fact, the mean rankings (averaged
over all subjects) at each time-point are compared to
each other. The idea behind the Friedman test is that
the observed rankings are compared to the expected

Table 2.9 Absolute values and ranks (between brackets) of
the hypothetical dataset presented in Table 2.4

Id Ya(rank) Ye(rank) Yea(rank)  Yes(rank)
1 31 4) 29 (3) 15 (1) 26 (2)

2 24 (2) 28 (3) 20 (1) 32 (4)

3 14 (1) 20 (2) 28 (3) 30 (4)

4 38 (4) 34 (25 30(1) 34 (2.5)

5 25(15) 2935 25(15) 29 (3.5)
6 30 (3) 28 (2) 16 (1) 34 (4)
Total 155 16 8.5 20

rank

rankings, assuming there is no change over time.
The Friedman test statistic can be calculated
according to Equation 2.6:

T
_ 125 R

N 3N(T +1)

(2.6)
where H is the Friedman test statistic, R, is the sum of
the ranks at time-point ¢, N is the number of subjects,
and T is the number of repeated measurements.

To illustrate this non-parametric test, consider
again the hypothetical dataset presented earlier in
Table 2.4. In Table 2.9 the ranks of this dataset
are presented.

Applied to the (simple) longitudinal dataset
the Friedman test statistic (H) is equal to:

12 X (15.5% + 162 + 8.5% + 20?)
6x4x5

—3X6x%x5=6.85

This value follows a Chi-square distribution with
T — 1 degrees of freedom. The corresponding p-
value is 0.077. When this p-value is compared to
the value obtained from a GLM for repeated
measures (see Output 2.4) it can be seen that they
are almost the same. That the p-value from the
non-parametric test is slightly higher than the p-
value from the parametric test has to do with the
fact that non-parametric tests are in general less
powerful than the parametric equivalents.

Output 2.14 Results of a non-parametric
Friedman test to analyse the development over
time in cholesterol

Friedman two-way ANOVA

Mean Variable

rank

3.49 choltl cholesterol at tl

2,93 choltt2 cholesterol at t2
2.79 cholt3 cholesterol at t3
2,32 cholt4 cholesterol at t4
4.23 choltb cholesterol at t5
5.24 cholt6 cholesterol at t6
Cases Chi- DF Significance
Square
147 244.1535 5 0.0000

29
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2.9.1 Example

Because the number of subjects in the example
dataset is reasonably high (i.e. 147), in practice the
Friedman test will not be used in the example
dataset. However, for educational purposes the
non-parametric Friedman test will be used to
answer the question of whether there is a devel-
opment over time in cholesterol. Output 2.14
shows the result of this analysis.

From Output 2.14 it can be seen that there is a
significant difference between the measurements

at different time-points. The Chi-square statistic
is 244.1535, and with five degrees of freedom
(the number of repeated measurements minus
one) this value is highly significant, i.e. a similar
result to that found with the GLM for repeated
measures. The Friedman test statistic gives no
direct information about the direction of the
development, although from the mean rankings
it can be seen that a decrease from the second to
the fourth measurement is followed by an increase
at the fifth and sixth measurement.
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3.1 Introduction

With a paired f-test and a generalised linear model
(GLM) for repeated measures it is possible to inves-
tigate changes in a continuous variable over time
and to compare the development of a continuous
outcome over time between different groups. These
methods, however, are not suitable for analysis of
the longitudinal relationship between a continuous
outcome and several covariates. Before the devel-
opment of longitudinal regression methods such as
mixed model analysis and generalised estimating
equations (GEE analysis), traditional methods
were used to analyse longitudinal data. The general
idea of these traditional methods was to reduce
the longitudinal problem into a cross-sectional
problem by, for instance, analysing the average
values of both the outcome and the covariates
(Twisk, 2013). However, nowadays these (limited)
methods are never used in practice and therefore,
they will not be discussed any further.

3.2 Longitudinal
Regression Methods

With the development of longitudinal regression
methods, such as mixed model analysis and GEE
analysis, it has become possible to analyse longi-
tudinal relationships using all available longitu-
dinal data, without summarising the longitudinal
development of each subject into one value. The
longitudinal relationship between a continuous
outcome and one or more covariate(s) can be
described by Equation 3.1:

Yi = ﬁo + ﬁIXit + &

where Y;; are observations of the outcome for
subject i at time f, f3, is the intercept, X; are
observations of the covariate for subject i at time
t, B, is the regression coefficient for the covariate
X and ¢; is the error for subject i at time ¢.

(3.1)

Continuous Outcome Variables:
Regression-based Methods

This model is almost the same as a cross-
sectional linear regression model, except for the
subscripts t. These subscripts indicate that the
outcome varijable is repeatedly measured on the
same subject, and that the covariate(s) also can be
repeatedly measured on the same subject. In this
model the coefficient of interest is 3;, because this
regression coefficient shows the magnitude of the
longitudinal relationship between the outcome
variable and the covariate.

Based on a long data structure (see Table 1.3),
the regression coefficient for a covariate can be
estimated with a cross-sectional linear regression
analysis. However, one of the assumptions of a
cross-sectional linear regression analysis is that
the observations are independent of each other.
In a longitudinal dataset, the observations per-
formed on the same subject are highly dependent
and therefore a cross-sectional linear regression
analysis cannot be used to estimate the regression
coefficients of Equation 3.1. Because of the depend-
ency of the repeated observations within the subject,
the relationship between the continuous outcome
and the covariate must be adjusted for the subject
(Equation 3.2):

Yy = /3')0 + ﬂ]Xit + ﬁzidnumber + &t (32)

where Y; are observations of the outcome for
subject i at time ¢, f3 is the intercept, X;; are obser-
vations of the covariate for subject 7 at time ¢, 3, is
the regression coefficient for the covariate X, f3, is
the regression coefficient for the variable represent-
ing subject i, id,,mper is the variable representing
subject i and ¢;; is the error for subject 7 at time t.

When the id,,.per is added as a discrete or
continuous variable to the regression model, the
regression coefficient (f8,) has a very strange inter-
pretation; i.e. when the id, 4., differs with one
unit, the outcome variable differs with f3, units.
This assumes a linear relationship between the
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id yumper and the outcome variable, which is rather
strange. The problem is that the variable id,mper
is not a discrete or continuous variable, but it is a
categorical one. When a categorical variable is
added to a regression model, it should be repre-
sented by dummy variables. In the example data-
set, there are 147 subjects, so when this method is
performed on the example dataset, 146 dummy
variables are needed to adjust for the subject
(Equation 3.3):

Yi‘ = ﬁo + /31Xit + ﬁzidnumberZ + /ggidnumberfa + ...
+ Bly7inumber1a7 + €t (3.3)

where Y;; are observations of the outcome for
subject i at time ¢, f, is the intercept, X;; are
observations of the covariate for subject i at time
t, B, is the regression coefficient for the covariate
X, B, is the regression coefficient for the dummy
variable representing subject 2, 3, is the regres-
sion coefficient for the dummy variable represent-
ing subject 3, f,,, is the regression coefficient for
the dummy variable representing subject 147, and
&; is the error for subject i at time ¢.

Using so many dummy variables in a cross-
sectional linear regression model is a very ineffi-
cient way to adjust for the subject. Especially
because the magnitude of the differences in the
outcome variable between the subjects (which is
the interpretation for the regression coefficients
belonging to the dummy variables representing
the subjects) is neither interesting nor informa-
tive. In fact, because of this problem, ie. the
idyumper cannot be added to the model as a con-
tinuous/discrete variable, but it can also not be
represented by dummy variables, longitudinal
data analysing methods are developed. The gen-
eral idea behind a longitudinal data analysing
method is that the adjustment for the subject is
performed in a very efficient way. The different
regression methods that are available for the ana-
lyses of longitudinal data differ from each other in
the way they perform this adjustment.

It should be noted that the regression models
with the efficient adjustment for the subject are
basically the same as cross-sectional regression
models. This means that the covariates can be
either continuous, dichotomous or categorical.
For the latter, the same method as in cross-
sectional linear regression analysis has to be
followed, i.e. dummy variables must be created

for each of the categories. In the following
sections the two most commonly used longitu-
dinal regression methods (mixed model analysis
and GEE analysis) will be discussed in great detail.
Both methods are highly suitable for estimation of
the regression coefficients of the general model
given in Equation 3.1. Besides that, also the
adjustment for covariance method will be briefly
discussed.

3.3 Mixed Model Analysis
3.3.1 Introduction

Mixed model analysis was initially developed in
the social sciences, more specifically for educa-
tional research. Investigating the performance of
pupils in schools, researchers realised that the
performance of pupils within the same class are
not independent, i.e. their performance is more or
less correlated. Similarly, the performance of
classes within the same school can be dependent
on each other. This type of study design is char-
acterised by a hierarchical structure. Students are
nested within classes, and classes are nested
within schools. Because various levels can be dis-
tinguished, mixed model analysis is also known
as multilevel analysis (Laird and Ware, 1982;
Longford, 1993; Goldstein, 1995; Twisk, 2006;
Twisk, 2019). Because the performance of pupils
within a class are not independent of each other,
an adjustment should be made for this depend-
ency in the analysis of the performance of the
pupils. Mixed model analysis is developed to
adjust for this dependency, for instance by
allowing different regression coefficients for dif-
ferent classes. As this technique is suitable for
correlated observations, it is obvious that it is also
suitable for use in longitudinal studies. In longi-
tudinal studies the observations within a subject
over time are correlated, so the observations over
time are nested within the subject.

3.3.2 Mixed Models for Longitudinal
Data Analysis

As for all longitudinal data analyses, the general
idea behind a mixed model analysis is that the
adjustment for the subject is performed in a very
efficient way. To understand the general idea
behind a mixed model analysis, it should be real-
ised that within regression analysis an adjustment
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for a certain variable means that different inter-
cepts are estimated for the different values of that
particular variable. For instance, when in a cross-
sectional regression analysis, an adjustment is
made for gender, for males and females, different
intercepts are calculated. In other words, when an
adjustment is made for the subject (i.e. the
id_number), a different intercept is calculated for
each subject. In the model in which the id_num-
ber is treated as a categorical variable and repre-
sented by dummy variables (see Equation 3.3), the
different intercepts for each subject can be calcu-
lated by B, + the regression coefficient for
the dummy variable representing that subject.
However, it has already been mentioned that
adding all the dummy variables to the model is
not a very efficient way to adjust for the subject.
Nevertheless, the first step in a mixed model
analysis is the estimation of different intercepts
for all subjects. In the next step within a mixed
model analysis a normal distribution is drawn
around the intercepts and in the third step the
variance of that normal distribution is estimated.
That variance is added to the longitudinal regres-
sion model in order to adjust for the subject.
This adjustment is very efficient because only
one additional parameter (i.e. the variance of the
normal distribution around the intercepts) is
added to the model. Because this variance is known
as the random intercept, mixed model analysis is
also known as random coefficient analysis. The
corresponding statistical model is given in
Equation 3.4:
Yir = Bo; + B Xie + €ir (34)
where Y;; are observations of the outcome for
subject i at time t, 3, is the random intercept,
X+ are observations of the covariate for subject
i at time ¢, 3, is the regression coefficient for the
covariate X, and ¢; is the error for subject i at
time .

It should be noted that the general idea behind
a mixed model analysis is the same as the general
idea behind a GLM for repeated measures. In
Section 2.3.1 the individual sum of squares was
introduced in order to take into account that the
measurements over time were performed in the
same subject. The individual sum of squares was
in fact an estimation of the differences between
the mean values over time between the subjects.
The latter is actually the same as the differences

between the intercepts of each subject. In this way,
a mixed model analysis can be seen as an exten-
sion of a GLM for repeated measures.

In a model with a random intercept the inter-
cepts are allowed to differ between the subjects,
but the regression coefficient for a particular cov-
ariate is the same for all subjects. In a longitudinal
study it is not uncommon that besides the inter-
cepts also the regression coefficients for a particu-
lar covariate differ between the subjects. When
the regression coefficients for a particular covari-
ate differ between subjects, there is basically an
interaction between the covariate and the subject.
As for the adjustment for the subject, also the
interaction with the subject has to be added to a
cross-sectional regression model with dummy
variables; i.e. for each dummy variable, an inter-
action term has to be created. In the example data-
set with 147 subjects, for each of the 146 dummy
variables representing the subjects, an interaction
term has to be created. This means that in total
292 additional coefficients must be estimated,
which is far from efficient. Within a mixed model
analysis, the solution for this inefficiency is the
same as the solution for the different intercepts.
Again, in the first step the regression coefficients
for all subjects are estimated, Then, in the second
step, a normal distribution is drawn around the
different regression coefficients and from that
normal distribution the variance is estimated. This
variance is then added to the regression model.
Analogue to the random intercept, the variance
around the different regression coefficients is
known as a random slope. The corresponding stat-
istical model is given in Equation 3.5:
Yii = ﬁoi + ﬁ]iXit + &t (3.5)
where Y;; are observations of the outcome for
subject i at time ¢, f; is the random intercept,
X;; are observations of the covariate for subject i
at time t, 3,,is the random regression coefficient
for the covariate X, and ¢; is the error for subject i
at time ¢.

The idea behind a mixed model analysis can be
effectively illustrated with an example in which the
development over time is analysed. In Figure 3.1,
there are different intercepts for each subject, but
the slopes (i.e. the developments over time) are
equal. In Figure 3.2 the development over time
is also different for each subject. It should be
realised that a random slope can only be added to
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arbitrary value

Figure 3.1 Development over time of
a continuous outcome; different
intercepts for different subjects (m ————
population, « = — — subjects 1 to n).

time

arbitrary value

Figure 3.2 Development over time of
a continuous outcome; different
intercepts and different slopes for
different subjects (m —— population,

+ — — = subjects 1 to n).

time

the mixed model analysis when the covariate is
time-dependent. When the covariate is time-
independent, there is no regression coefficient for
an individual subject. This is due to the fact that
each individual subject has only one value for the
particular covariate. When there is no regression
coefficient for each individual subject, there is no
random slope.

It should be realised that the assumption of
mixed model analysis is that the intercepts (and
slopes) of different subjects are normally distrib-
uted. Although the assumption of normality is
quite sufficient in many situations, sometimes the
individual intercepts (and/or slopes) are not nor-
mally distributed. This problem is mostly caused
by skewness of the outcome variable of interest and
can be solved by a proper transformation of the

34

outcome variable. However, some software pack-
ages provide the possibility of modelling (to some
extent) the distribution of the variation in the
regression coefficients (see for instance Rabe-
Hesketh et al., 2001a). However, the use of differ-
ent distribution for the variation in the regression
coefficients is not much used in practice.

3.3.3 Example

To illustrate the use of the longitudinal regression
methods, the longitudinal relationship between
cholesterol and the sum of skinfolds is analysed
(see Section 1.5). Both variables were measured
six times and Output 3.1 shows the result of a
linear mixed model analysis to analyse the rela-
tionship between cholesterol and the sum of
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Output 3.1 Results of a linear mixed model analysis with only a random intercept to analyse the
relationship between cholesterol and the sum of skinfolds

Mixed-effects ML regression
Group variable: id

Log likelihood =-830.19309

Number of obs = 882
Number of groups = 147
Obs per group:
min = 6
avg = 6.0
max = 6
Wald chi2 (1) = 103.88
Prob > chi2 = 0.0000

chol | Coef. Std. Err z P>|z| [ 95% Conf. Interval]
______ _+_________________________________________
skinf | .1871179 .018359 10.19 0.000 .1511349 .2231008
cons | 3.799312 .0838674 45.30 0.000 3.634935 3.963689
Random-effects Parameters | Estimate Std. Err. [ 95% Conf. Interval]
7777777777777777777 +77777777777777777777777777777
id: Identity \
var (_cons) | .293719 .0397034 .2253571 .3828185
___________________ +_____________________________
var (Residual) | .2755989 .0143773 .2488127 .3052687
LR test vs. linearmodel: chibar2 (01) = 345.41 Prob >=chibar2=0.0000

skinfolds in which a random intercept is modelled
(Equation 3.4).

The first line of Output 3.1 refers to the fact
that a mixed model analysis has been performed.
Furthermore, it is mentioned that it is a ML
regression analysis. ML stands for maximum
likelihood, which is the default estimation method
for a linear mixed model analysis in STATA. In
other software programmes, a restricted max-
imum likelihood estimation method is used by
default. In Section 3.3.5 the difference between
maximum likelihood and restricted maximum
likelihood will be further discussed.

In the last line of the first part of the output,
the log likelihood value of the model is given
(—830.19309). The log likelihood is an indication
of the adequacy (or fit) of the model. The value by
itself is useless, but can be used in the likelihood
ratio test. This likelihood ratio test used within

mixed model analyses is exactly the same as known
from, for instance, logistic regression analysis
(Hosmer and Lemeshow, 1989; Kleinbaum, 1994)
and can be used to compare different models with
each other.

In the right column of the first part of the
output, some general information of the model
is given. It shows the number of observations
(882), the number of subjects (147) and the aver-
age minimum and maximum number of observa-
tions within a subject. From these numbers it can
be seen that there is no missing data in the
example dataset. The Chi-square test shown in
the last line of the right column is a test to evalu-
ate the significance of the whole model. In other
words, it is a test to evaluate the importance of all
covariate(s) in the model, which is basically not
very interesting. The second part of the output
shows the regression coefficients. This part of the
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output is known as the fixed part of the model.
For the sum of skinfolds, the output gives the
regression coefficient, the standard error, the z-
statistic (which is obtained by dividing the regres-
sion coefficient by its standard error), the corres-
ponding p-value and the 95% confidence interval
around the regression coefficient. The latter is
calculated in the usual way (i.e. the regression
coefficient +1.96 times the standard error). Besides
the regression coefficient for the sum of skinfolds,
in the fixed part of the output also the constant (i.e.
the average intercept value) is given.

The last part of the output shows the random
part of the model. In general, the idea of a mixed
model analysis is that the overall error (or
residual) variance is divided into different parts.
In this example, the overall error variance is
divided into two parts, one which is related to
the random variation around the intercept (i.e.
var(_cons)), and one which is the remaining error
variance (i.e. var(Residual)). Besides the variances
(0.293719 and 0.2755989 respectively), also the
standard errors and 95% confidence intervals
around the variances are given. Because the vari-
ance is skewed to the right, the 95% confidence
intervals around the variances are not symmetric.
However, both the standard errors and 95% con-
fidence intervals around the random variances are
not very informative. Based on the random vari-
ation around the intercept (i.e. the differences
between the subjects), the so-called intraclass correl-
ation coefficient (ICC) can be calculated. The ICC is
an indication of the within-subjects dependency
(Twisk, 2019) and can be calculated by the variance
around the intercept divided by the total variance.
In this example the ICC is equal to 0.293719 /
(0.293719 + 0.2755989) = 52%.

The last line of the output gives the result of a
likelihood ratio test. This likelihood ratio test is
related to the random part of the model, and for
this test, the —2 log likelihood of the presented
model is compared to the —2 log likelihood
which would have been found if the same analysis
was performed without a random intercept.
Apparently, the difference in —2 log likelihood
between the two models is 345.41, which follows
a Chi-square distribution with one degree of
freedom; one degree of freedom, because the dif-
ference in estimated parameters between the two
models is one (i.e. the random variation around
the intercept). This value is highly significant

(Prob > chi2 = 0.0000), which indicates that in
this situation a model with a random intercept is
significantly better than a model without a random
intercept. Not a very surprising finding, because in
the case of a longitudinal mixed model analysis,
adding a random intercept to the model is a theor-
etical necessity. It has already been mentioned that
in the random part of the output in which the two
variance components are given, the standard error
is also given for each variance. It is very tempting
to use the z-statistic of the random variation
around the intercept to evaluate the importance
of considering a random intercept. However, one
must realise that the z-statistic is a normal approxi-
mation which is not very valid in the evaluation of
variance parameters because the variance is skewed
to the right. In other words, it is advised to use the
likelihood ratio test to evaluate the importance of
allowing random coefficients.

For illustrative purposes, Output 3.2 shows
the result of an analysis in which no random
intercept is considered (i.e. a naive cross-sectional
linear regression analysis).

First of all, it can be seen that the total error
variance (i.e. 0.5690835) is comparable to the sum
of the random intercept variance and the remaining
error variance shown in Output 3.1. Secondly,
the log likelihood of this model is —1002.8997.
Performing the likelihood ratio test between the
model with and without a random intercept gives
(as expected from Output 3.1) a value of 348.63,
which is highly significant.

Again, it should be realised that the likelihood
ratio test performed to evaluate whether or not a
random intercept must be considered is not very
useful in a longitudinal study. Not adding a
random intercept to the model is theoretically
wrong, because such a model ignores the depend-
ency of repeated observations within the subject.
Or in other words, a model without a random
intercept ignores the longitudinal nature of the
data.

In the two models considered, the regression
coefficient for the sum of skinfolds is considered
to be fixed (i.e. not assumed to vary between
individuals). The next step in the modelling pro-
cess can be to add a random slope for the sum of
skinfolds to the model, i.e. to allow the regression
coefficients to vary among subjects (see Equation
3.2). As has been mentioned before, adding a
random slope to the model is only possible for
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Output 3.2 Results of a linear mixed model analysis without a random intercept to analyse the
relationship between cholesterol and the sum of skinfolds

Mixed-effects ML regression Number of obs = 882
Wald chi2 (1) = 140.84

Loglikelihood=-1002.8997 Prob > chi2 = 0.0000
chol | Coef. Std. Err Z P>|z| [ 95%Conf. Interval]
________ +________________________________________
skinf | .1971277 .0166107 11.87 0.000 .1645713 .2296841
cons | 3.761841 .0671691 56.01 0.000 3.630192 3.89349
Random-effects Parameters | Estimate Std. Err. [ 95% Conf. Interval]
777777777777777777 +777777777777777777777777777
var (Residual) | .5690835 .0270992 .5183733 .6247545

covariates that change over time. Because in the
present example, the sum of skinfolds is a time-
dependent covariate, a random slope for the sum
of skinfolds can be added to the model. The result
of a linear mixed model analysis with both a
random intercept and a random slope for the
sum of skinfolds is shown in Output 3.3.

Output 3.3 looks more or less the same as the
output of a linear mixed model analysis with only a
random intercept (Output 3.1). The important
information in the first part of the output is the
log likelihood (i.e. —828.92752). This is the likeli-
hood value related to the total model, including the
regression coefficients (the fixed part) and the
variance components (the random part). This
value can be used to evaluate the importance of
the inclusion of a random slope for the sum of
skinfolds in the model. Therefore, the —2 log like-
lihood of this model must be compared to the
—2 log likelihood of the model without a random
slope for the sum of skinfolds. The difference
between the -2 log likelihoods is 1660.4 — 1657.9
= 2.5. This value follows a Chi-square distribution
with a number of degrees of freedom equal to the
difference in the number of parameters estimated
by the two models. Although only a random
slope is added to the model it can be seen from
the output that two additional parameters
are estimated. Obviously, one of the estimated

parameters is the variance of the slopes (var
(skinf)), and the other (not so obviously) is the
covariance between the random intercept and the
random slope (cov(skinf, _cons)). The magnitude
and direction of the covariance between the
random intercept and the random slope give infor-
mation about the interaction between random
intercept and slope. When a negative covariance
is found, subjects with a high intercept have a low
slope. When a positive covariance is found, sub-
jects with a high intercept also have a high slope
(see Figure 3.3).

Because the covariance between the random
intercept and random slope is also added to the
random part of the model, the model with a
random slope has two more parameters than the
model with only a random intercept. So, the value
calculated earlier with the likelihood ratio test
(i.e. 2.5) follows a Chi-square distribution with
two degrees of freedom. This value is not statis-
tically significant because the critical value of the
Chi-square distribution with two degrees of free-
dom is 5.99 (the actual p-value of the likelihood
ratio test is 0.28), so in this situation a random
slope for the sum of skinfolds does not seem to be
important. So, the best linear mixed model to
analyse the longitudinal relationship between
cholesterol and the sum of skinfolds is a model
with only a random intercept.
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Output 3.3 Results of a linear mixed model analysis with both a random intercept and a random slope
for the sum of skinfolds to analyse the relationship between cholesterol and the sum of skinfolds

Mixed-effects ML regression Number of obs = 882

Group variable: id Number of groups = 147
Obs per group:

min = 6

avg = 6.0

max = 6

Wald chi2 (1) = 84.22

Log likelihood = -828.92752 Prob > chiz 0.0000

chol | Coef. Std. Err. z P>|z| [ 95% Conf. Interval]
_______ +______________________________________
skinf | .1919554 .0209166 9.18 0.000 .1509597 .2329511
_cons | 3.790025 .0927074 40.88 0.000 3.608322 3.971729
Random-effects Parameters | Estimate Std. Err. [ 95% Conf. Interval]
7777777777777777 7+7777777777777777_7777777777
id: Unstructured |
var (skinf) | .0094033 .00713 .0021274 .0415627
var (_cons) | .4729297 .1540841 .2497288 .8956214
cov (skinf, cons) | -.0413358 .0309756 -.1020469 .0193753
777777777777777777 +77777777777777777_7777777777
var (Residual) | .2656575 .0151428 .237576 2970582

LR test vs. linear model: chi2 (3) = 347.94 Prob > chi2 =0.0000

3.3.4 Interpretation of the
Regression Coefficient

Basically, the regression coefficient 3, for a par-
ticular covariate relates the vector of the outcome
over time to the vector of the covariate over time:

Y, T FX, T
Y, X,
Y; X3
Y, :ﬁ0+ﬁ1 X, +...
Ys Xs

L Y | | X |

Unfortunately, there is no simple straightforward
interpretation of the regression coefficient f3;. In

38

fact, the mixed model analysis based on the model
presented here includes a pooled analysis of lon-
gitudinal and cross-sectional relationships; or
in other words, it combines a between-subjects
relationship with a within-subjects relationship,
resulting in one single regression coefficient.
Although the interpretation of the regression
coefficient seems to be different from the inter-
pretation of a regression coefficient in a cross-
sectional regression analysis, this is not the case.
The regression coefficient derived from a cross-
sectional regression analysis is interpreted as the
difference in the outcome variable when the cov-
ariate differs with one unit. This is further simpli-
fied by comparing two subjects who differ one
unit in the covariate. In a longitudinal data analy-
sis, only the latter is not the case, because the
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Figure 3.3 (A) Negative covariance between random slope and random intercept. (B) Positive covariance between random slope

and random intercept.

difference between two observations in a longitu-
dinal dataset with a long data structure (see
Table 1.3) can be either between-subjects or
within-subjects. This double interpretation has
the following implications for the interpretation
of the regression coefficient derived from a longi-
tudinal regression analysis. Suppose that for a
particular subject the value of an outcome vari-
able is relatively high at each repeated measure-
ment, and that this value does not change much
over time. Suppose further that for that subject

the value of a particular covariate is also relatively
high at each repeated measurement, and also does
not change much over time. This indicates a lon-
gitudinal between-subjects relationship between
the outcome variable and the covariate. Suppose
that for another subject the value of the outcome
variable increases rapidly along the longitudinal
period, and suppose that for the same subject this
pattern is also found for the covariate. This indicates
a within-subjects relationship between the outcome
variable and the covariate. Both relationships are
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time

time

Figure 3.4 |llustration of the relationship between two continuous variables. (A) The between-subjects relationship and (B) the
within-subjects relationship (m — — — outcome variable, -——covariate).

part of the overall longitudinal relationship
between the outcome variable and the particular
covariate, so both should be taken into account in
the analysis of the longitudinal relationship.
The regression coefficient f; estimated with a
longitudinal regression analysis combines the
two possible relationships into one regression
coefficient. Both phenomena are illustrated in
Figure 3.4.

The interpretation of the regression coefficient
for the sum of skinfolds in the example dataset is,
therefore, twofold: (1) the between-subjects inter-
pretation indicates that a difference between two
subjects of 1 unit in the sum of skinfolds is associ-
ated with a difference of 0.187 units in cholesterol;
(2) the within-subjects interpretation indicates
that a change of 1 unit in the sum of skinfolds
within a subject is associated with a change of
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0.187 units in cholesterol. The real interpretation is
a weighted average of both relationships.

It should be realised that this double interpret-
ation of the regression coefficient of a longitudinal
regression analysis only holds for time-dependent
covariates. For time-independent covariates (i.e.
covariates that do not change over time), such as
gender, the regression coefficient reflects only the
between-subjects relationship.

In Chapter 5, alternative models will be dis-
cussed with which it is possible to disentangle the
between-subjects and within-subjects relationships.

3.3.5 Comments

In the first line of the output of a linear mixed model
analysis it was indicated that a maximum likelihood
estimation method had been performed. There is
some debate in the literature about whether max-
imum likelihood or restricted maximum likelihood

is the best way to estimate the regression coefficients
in a linear mixed model analysis. It is sometimes
argued that a maximum likelihood estimation is
more suitable for the estimation of the fixed effects
(i.e. for the estimation of the regression coeffi-
cients), while restricted maximum likelihood esti-
mation is more suitable for the estimation of the
different variance components (Harville, 1977;
Laird and Ware, 1982; Pinheiro and Bates, 2000).
To illustrate the difference between the two estima-
tion methods, Output 3.4 shows the result of a linear
mixed model analysis with only a random intercept,
to analyse the relationship between cholesterol and
the sum of skinfolds, performed with a restricted
maximum likelihood estimation method.

From Output 3.4 it can be seen that all the
estimated parameters (ie. regression coefficients,
standard errors, log likelihood and random vari-
ances) of a linear mixed model analysis with only
a random intercept estimated with restricted

Output 3.4 Results of a linear mixed model analysis with only a random intercept estimated with
restricted maximum likelihood to analyse the relationship between cholesterol and the sum of skinfolds

Mixed-effects REML regression Number of obs = 882

Group variable: id Number of groups = 147
Obs per group:

min = 6

avg = 6.0

max = 6

Wald chi2 (1) = 103.56

Log restricted-likelihood = -835.38517 Prob > chiz = 0.0000

chol | Coef. Std. Err. z P>|z| [ 95% Conf. Interval]
_____ _+______________________________________
skinf | .1870887 .0183847 10.18 0.000 .1510553 .223122
_cons | 3.799421 .0840631 45.20 0.000 3.63466 3.964182
Random-effects Parameters | Estimate Std. Err. [ 95% Conf. Interval]
777777777777777777 +77777777777777777777777777__

id: Identity \
var (_cons) | .2965547 .0401821 .2273893 .3867583
_________________ +___________________________
var (Residual) | .2758851 .0143979 .249061 .3055982

LR test vs. linear model: chibar2 (01) = 346.89 Prob >=chibar2 =0.0000
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maximum likelihood are slightly different from the
parameters estimated with a maximum likelihood
estimation method (see Output 3.1). However, the
differences are very small.

3.4 Generalised
Estimating Equations

3.4.1 Introduction

As has been mentioned before, the different lon-
gitudinal regression methods differ from each
other in the way the adjustment for the depend-
ency of the repeated observations within the sub-
ject is performed. Within mixed model analysis,
the adjustment was performed by modelling the
differences between the subjects by estimating a
random intercept variance and (if necessary) a
random slope variance. Within GEE analysis the
adjustment is performed by modelling directly the
correlation between the repeated observations
within the subject. Besides the difference in
adjusting for the dependency of the repeated
observations within the subject, GEE analysis also
uses quasi-likelihood instead of maximum or
restricted maximum likelihood to estimate the
regression coefficients (Liang and Zeger, 1986;
Zeger and Liang, 1986; Zeger et al., 1988; Zeger
and Liang, 1992; Liang and Zeger, 1993; Lipsitz
et al., 1994a). An extensive explanation of the
details of quasi-likelihood goes beyond the scope
of this book, but it can be found in several other
publications (McCullagh, 1983; Nelder and
Pregibon, 1987; Zeger and Qaqish, 1988; Nelder
and Lee, 1992).

3.4.2 Correlation Structures

It has already been mentioned that within GEE
analysis, the adjustment for the dependency of
the observations within the subject is performed
to model directly the correlation between the
repeated measurements. This is done by assuming
a priori a certain (working) correlation structure
for the repeated measurements of the outcome
variable. Depending on the software package, there
is a choice between various correlation structures.
The first possibility is an independent structure.
With this structure the correlations between sub-
sequent measurements are assumed to be zero. In
fact, this option is counterintuitive because a
special method is being used to adjust for the

Table 3.1 lllustration of an independent correlation
structure

Yt'l Yt2 Yl‘3 Yl’4 Yt5 Yt6
Yo — 0 0 0 0 0
Yo — 0 0 0 0
Yo — 0 0 0
Yos — 0 0
Yis — 0
Y —

Table 3.2 lllustration of an exchangeable correlation
structure

Yea Yis

Yo — p P
Yo _

Vs —
Vi —
Yes —
Yr 6 J—

™ v ©
™ D™ ™ o

dependency of the observations and this correl-
ation structure assumes independence of the
observations. In the correlation structures shown
in the next tables, a longitudinal study with six
repeated measurements is assumed (i.e. compar-
able to the example dataset used throughout the
book). Table 3.1 shows an independent correlation
structure.

A second possible choice for a correlation
structure is an exchangeable structure. In this
structure the correlations between subsequent
measurements are assumed to be the same, irre-
spective of the length of the time interval, which
means that one (average) correlation coefficient is
estimated (see Table 3.2).

A third possible correlation structure, the
so-called (stationary) m-dependent structure assumes
that the correlations t measurements apart are equal,
the correlations f + 1 measurements apart are equal,
and so on for t =1 to t = m. Correlations more
than m measurements apart are assumed to be zero.
When, for instance, a 2-dependent correlation
structure is assumed, all correlations one measure-
ment apart are assumed to be the same, all
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Table 3.3 lllustration of a 2-dependent correlation

structure

Ye Yo Y @ Yu o Ys Ve
1 — Py Py 0 0 0
Yo - P (2] 0 0
Y — Pi P2 0
Via — Pi P>
Yis - P
Yie —
Table 3.4 lllustration of a 5-dependent correlation
structure

Yﬂ YtZ Yl'3 Yl'4 Yt5 Yt6
Ya - Pi P2 P3 P4 Ps
£ - Pi P2 P3 Pa
Y — Pi P2 P3
2 - Pi P2
Yis — P
Y6 —

correlations two measurements apart are assumed
to be the same, and the correlations more than
two measurements apart are assumed to be zero
(see Table 3.3).

It should be noted that in a longitudinal
study with six repeated measurements, it makes
a lot of sense to use a 5-dependent structure (see
Table 3.4), because the correlations between the
repeated measurements are in general quite high,
even if the time intervals between the repeated
measurements are long.

A fourth possibility is an autoregressive cor-
relation structure, i.e. the correlations one meas-
urement apart are assumed to be p; correlations
two measurements apart are assumed to be pz;
correlations ¢ measurements apart are assumed
to be p’ (see Table 3.5).

The least restrictive correlation structure is the
unstructured correlation structure. With this struc-
ture, all correlations are assumed to be different
(see Table 3.6).

In the literature it is assumed that GEE analysis
is robust against a wrong choice of the correlation
structure (i.e. it does not matter which correlation
structure is chosen, the results of the GEE analyses
will be more or less the same). This robustness has

Table 3.5 lllustration of an autoregressive correlation

structure

Ye Yo Ys @ Yu @ Ys Ve
Y, . p' p? P o P
Yo _ p! p P o
Vs _ p' p? P
Vg . p! P
Yis = p'
Yi6 —
Table 3.6 lllustration of an unstructured correlation
structure

Yen Yo Ys @Yu Ys Ve
Vi - P P2 P3 P4 Ps
Y2 - Ps P7 Pg Py
Vi3 — Pio P11 P12
Yia — P13 P4
Yis — Pis
Yi6 —

to do with the fact that within a GEE-analysis the
Huber-White sandwich estimator is used for the
estimation of the parameters of the model (Liang
and Zeger, 1986; Zeger and Liang, 1986). However,
this is only the case when there is no missing data
and when the model correctly specifies the mean.
So, when the results of analyses with different
correlation structures on real data are compared
to each other, they can differ remarkably (Twisk,
1997; Twisk, 2013). It is therefore important to
realise which correlation structure is most appro-
priate for the analysis. Unfortunately, within GEE
analysis there is no straightforward way to deter-
mine which correlation structure should be used.
One of the possibilities is to analyse the within-
subjects correlation structure of the observed data
to find out which possible structure is the best
approximation of the real correlation structure.
Furthermore, the simplicity of the correlation
structure has to be taken into account when choos-
ing a certain correlation structure. The number of
parameters (in this case correlation coefficients)
that need to be estimated differs for each of the
various correlation structures. For instance, for an
exchangeable correlation structure only one cor-
relation coefficient has to be estimated, while for
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a stationary 5-dependent correlation structure,
five correlation coefficients must be estimated.
Assuming an unstructured correlation structure
in a longitudinal study with six repeated measure-
ments, 15 correlation coefficients must be esti-
mated. As a result, the efficiency of the statistical
analysis is influenced by the choice of a certain
structure. Basically, the best choice is the simplest
correlation structure which fits the data well. It
should be realised that, in fact, GEE analysis
adjusts for correlated residuals. The correlated
residuals are caused by the correlated observations,
but they are not exactly the same. Adding covari-
ates to the longitudinal regression model, for
instance, can lead to another correlation structure
in the residuals than the one approximated by the
within-subjects correlation structure of the
observed data.

In order to enhance insight in GEE analysis, the
estimation method can be seen as follows. First a
naive linear regression analysis is carried out,
assuming the observations within the subject are
independent. Then, based on the residuals of this
analysis, the parameters of the correlation structure
are calculated. The last step is to re-estimate the
regression coefficients, adjusting for the dependency
of the observations. Although the whole method is
slightly more complicated (i.e. the estimation pro-
cess alternates between steps two and three, until the
estimates of the regression coefficients and standard
errors stabilise), it basically consists of the three
above-mentioned steps (Burton et al., 1998).

In GEE analysis, the within-subjects correlation
structure is treated as a nuisance variable (i.e. as a
sort of confounder). So, in principle, the way in
which GEE analysis adjusts for the dependency of
observations within the subject is the way that has
been shown in Equation 3.6:

Yit = ﬁO + ﬁlXit + corry + €i (36)

where Y;; are observations of the outcome for
subject i at time f, f, is the intercept, X;; are
observations of the covariate for subject i at time
t, B, is the regression coefficient for the covariate
X, corr; is the correlation structure, and ¢;; is the
error for subject i at time £.

3.4.3 Example

Before carrying out a GEE analysis, the correl-
ation structure must be chosen. As mentioned
before, a possible choice for this correlation struc-
ture can be based on the correlation structure of
the observed data. Output 3.5 shows the observed
correlation structure for the outcome variable of
the example dataset, i.e. cholesterol.

The first correlation structure that should be
considered is an independent structure; i.e. all
correlations are assumed to be zero. From
Output 3.5 it can be seen that the lowest correl-
ation coefficient is 0.59, i.e. far from zero, so an
independent correlation structure does not appear
to fit the observed data. The second possibility is
an exchangeable structure, ie. all correlations
are assumed to be the same. The correlation
coefficients range from 0.59 to 0.85. They are
not equal, but they are generally of the same
magnitude. Another possible correlation structure
to consider is an m-dependent structure. With six
repeated measurements, the highest order for an
m-dependent structure is a 5-dependent structure
(five time intervals). A lower-order-dependent
structure does not appear to fit, because it implies
that there are correlations close to zero, which
is not the case in this particular situation.
A 5-dependent correlation structure indicates that

Output 3.5 Within-subjects correlation structure for the outcome variable cholesterol

| choltl cholt2 cholt3 cholt4 cholth cholt6
_______ o Ll
choltl | 1.0000
cholt2 | 0.7557 1.0000
cholt3 | 0.7040 0.7741 1.0000
cholt4 | 0.6703 0.7790 0.8468 1.0000
cholt5 | 0.6369 0.6675 0.7134 0.7437 1.0000
cholte | 0.5863 0.5909 0.6284 0.6528 0.6896 1.0000
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all correlations one measurement apart are equal,
all correlations two measurements apart are equal,
etc. Looking at the observed correlation structure,
the correlations one measurement apart range
from 0.69 to 0.85, the correlations two measure-
ments apart range between 0.65 and 0.78, the
correlations three measurements apart range
between 0.63 and 0.67, and the correlations four
measurements apart range between 0.59 and 0.64.
In other words, a 5-dependent correlation struc-
ture fits the observed data quite well. From
Output 3.5 it can be seen that an autoregressive
correlation structure is less appropriate than a 5-
dependent correlation structure. An autoregres-
sive correlation structure assumes a steep decrease
in correlation coefficients when the time interval
between measurements increases. From Output
3.5 it can be seen that there is only a marginal
decrease in the magnitude of the correlation coef-
ficients with an increasing time interval. In every
situation the unstructured correlation structure
fits the data best, but it is questionable whether
in this particular situation the loss of efficiency
due to the estimation of 15 correlation coefficients
is worthwhile — probably not. Another issue that
should be taken into account is the fact that an
unstructured correlation structure is highly data
driven. Because of that, in real life practice, an

unstructured correlation structure is almost
never used.

So, neither an exchangeable structure nor a
5-dependent structure are perfect, but both
seem to fit the observed data well. In such a
situation, the correlation structure for which the
least number of parameters need to be estimated
is the best choice. Therefore, in the example,
GEE analysis with an exchangeable correlation
structure is chosen.

Output 3.6 shows the result of a linear GEE
analysis with an exchangeable correlation structure
to analyse the relationship between cholesterol and
the sum of skinfolds

The output is short, simple and straightfor-
ward. The left column of the first part of the
output indicates that a linear GEE analysis was
performed, i.e. a GEE analysis with a continuous
outcome variable. This is indicated by the link
function (i.e. identity) and the family (i.e.
Gaussian). Furthermore, it is indicated that an
exchangeable correlation structure is chosen. In
this part of the output also the scale parameter is
given. The scale parameter is an indication of the
unexplained variance of the model and can be
used to obtain an indication of the explained
variance of the model. To obtain this indication,
Equation 3.7 must be applied:

Output 3.6 Results of a linear GEE analysis with an exchangeable correlation structure to analyse the
relationship between cholesterol and the sum of skinfolds

GEE population-averaged model Number of obs 882

Group variable: id Number of groups = 147
Link: identity Obs per group:

Family: Gaussian min = 6

Correlation: exchangeable avg = 6.0

max = 6

Wald chi2 (1) = 86.10

Scale parameter: .5693178 Prob > chi2 = 0.0000

(Std. Err. adjusted for clustering on id)

| Robust
chol | Coef. Std. Err.
______ e
skinf | .1871179 .0201657
_cons | 3.799312 .0907438

Z P>|z| [ 95% Conf. Interval]
9.28 0.000 .1475938 .226642
41.87 0.000 3.621457 3.977166
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Output 3.7 Descriptive information of the data used in the example

Variable | Obs Mean
________ +_________________
chol | 882 4.498141
skinf | 882 1.975476
S
RP=1- ( ’"‘;del> (3.7)
S
Y

where R? is percentage of explained variance,
Smodel is the variance of the model (given as
Scale parameter in the GEE output), and S} is
the variance of the outcome variable Y, calculated
over all available data.

The standard deviation of the outcome variable
cholesterol can be found in the descriptive infor-
mation of the data, which is shown in Output 3.7.

From Output 3.7 it can be seen that the stand-
ard deviation of cholesterol is 0.811. Applying
Equation 3.7 to the result of the GEE analysis
leads to an explained variance of 1 — (0.565)/
(0.811)* = 14.1%. So, 14.1% of the variance in
cholesterol is explained by the sum of skinfolds.

The right column of the first part of the output
of the GEE analysis (Output 3.6) is exactly the same
as has been shown in the output of the mixed model
analysis. It shows the number of observations
(i.e. 882), the number of subjects (i.e. 147), the
average number of observations for each subject as
well as the minimum and maximum number of
observations. Here, it can be seen that there is no
missing data in the example dataset. The last part of
the right column shows a Chi-square value and a
corresponding p-value. The test performed here is
an overall test of all covariates in the model, which is
not very interesting.

The second part of the output contains the most
important part of the output, i.e. the regression
coefficient for the sum of skinfolds, the standard
error, the z-statistic (which is obtained by dividing
the regression coefficient by its standard error), the
corresponding p-value and the 95% confidence
interval around the regression coefficient. The
latter can be obtained by taking the regression
coefficient + 1.96 times the standard error.

The interpretation of the magnitude of the
regression coefficient for a particular covariate is
exactly the same as has been mentioned for mixed
model analysis, i.e. twofold: (1) the between-subjects

Std. Dev. Min Max
.811115 2.4 7.46
.2188769 1.45625 2.525831

interpretation indicates that a difference between
two subjects of 1 unit in the sum of skinfolds is
associated with a difference of 0.187 units in choles-
terol; (2) the within-subjects interpretation indicates
that a change within a subject of 1 unit in the sum of
skinfolds is associated with a change of 0.187 units
in cholesterol. Again, the real interpretation of
the regression coefficient is a combination (ie. a
weighted average) of both relationships.

It should be noted that the estimated standard
errors are called robust. It was already mentioned
that the parameters of a GEE model are estimated
with the Huber-White sandwich estimator. In the
output this is indicated by a robust estimation of
the standard error.

3.4.3.1 Different Correlation Structures

Based on the observed correlation structure presented
in Output 3.5, an exchangeable correlation structure
was found to be the most appropriate choice in this
particular situation. It has already been discussed in
Section 3.4.2 that in the literature it is assumed that
the GEE method is robust against a wrong choice of
the correlation structure. To verify this, the example
dataset was reanalysed using different correlation
structures. Output 3.8 shows the results of the GEE
analyses with different correlation structures. In the
first column of the output the correlation structure is
given; ie. an independent structure, a stationary
5-dependent structure, an autoregressive structure
and an unstructured structure.

Table 3.7 summarises the results of the analyses
with different correlation structures. From Table 3.7
it can be seen that, although the conclusions based
on p-values are the same, there are differences in the
magnitude of the regression coefficients. This is
important, because it is far more interesting to esti-
mate the magnitude of the relationship by means of
the regression coefficients and the 95% confidence
intervals than just estimating p-values. Based on the
results of Table 3.7, it is obvious that it is important
to choose a suitable correlation structure before a
GEE analysis is performed.
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Output 3.8 Results of a linear GEE analysis with different correlation structures to analyse the
relationship between cholesterol and the sum of skinfolds

GEE population-averaged model

Group variable:
Link:

Family:
Correlation:

Scale parameter:

Pearson chi2 (882) :
Dispersion (Pearson) :

id
identity
Gaussian

independent

.5690835

501.93
.5690835

Number of obs =
Number of groups =

Obs per group:

min =

avg =
max =
Wald chi2 (1) =
Prob > chi2
Deviance =
Dispersion

882
147
6
6.0
6

70.87
0.0000

501.93
.5690835

(Std. Err. adjusted for clustering on id)

chol Coef
skinf | .1971277
_cons | 3.761841

Robust
Std. Err. z

.0234164 8.42
.1028083 36.59

P>|z| [ 95% Conf. Interval]

0.000 .1512324

0.000 3.56034

.243023

3.963341

GEE population-averaged model

Group and time vars:
Link:

Family:
Correlation:

Scale parameter:

chol Coef
skinf | .1685182
_cons | 3.887956

id time
identity
Gaussian

stationary (5)

.5713592

Number of obs
Number of groups
Obs per group:
min
avg
max
Wald chi2 (1)
Prob > chi?2

70.75
0.0000

(Std. Err. adjusted for clustering on id)

Robust
Std. Err. z

.0200345 8.41
.0928468 41.87

GEE population-averaged model

Group and time vars:
Link:

Family:
Correlation:

Scale parameter:

id time
identity
Gaussian

AR (1)

.587524
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P>|z| [ 95% Conf. Interval]

0.000 .1292514

.207785

0.000 3.705979 4.069932

Number of obs
Number of groups
Obs per group:

min =

avg

max
Wald chi2 (1)
Prob > chi?2

53.97
0.0000
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Output 3.8 (cont.)

(Std. Err. adjusted for clustering on id)

| Robust
chol | Coef. Std. Err. z P>|z| [ 95% Conf. Interval]
______ +_______________________________________
skinf | .1451045 .0197525 7.35 0.000 .1063903 .1838187
_cons | 4.066639 .0962832 42.24 0.000 3.877927 4.25535
GEE population-averaged model Number of obs = 882
Group and time vars: id time Number of groups = 147
Link: identity Obs per group:
Family: Gaussian min = 6
Correlation: unstructured avg = 6.0
max = 6
Wald chi2 (1) = 55.13
Scale parameter: .5867011 Prob > chi2 = 0.0000
(Std. Err. adjusted for clustering on id)
| Robust
chol | Coef Std. Err. zZ P>|z| [ 95% Conf. Interval]
______ +_______________________________________
skinf | .1397279 .0188181 7.43 0.000 .102845 .1766108
_cons | 4.076277 .0943363 43.21 0.000 3.891381 4.261172

Table 3.7 Regression coefficients and standard errors for
the sum of skinfolds estimated by a linear GEE analysis with
different correlation structures

Correlation Regression
structure coefficient (se)
Exchangeable 0.187 (0.020)
Independent 0.197 (0.023)
Stationary 5- 0.169 (0.020)
dependent

Autoregressive 0.145 (0.020)
Unstructured 0.140 (0.019)

3.5 Comparison between Mixed
Model Analysis and GEE Analysis

In the preceding sections the general ideas behind
mixed model analysis and GEE analysis have been
discussed. Both methods are highly suitable for
the analysis of longitudinal data, because in both

methods an adjustment is made for the depend-
ency of the observations within the subject in a
very efficient way: within mixed model analysis,
by allowing the regression coefficients to vary
between subjects, and within GEE analysis, by
assuming a certain correlation structure. The
question then arises: Which of the two methods
should be used? Theoretically, GEE analysis with
an exchangeable correlation structure is the same
as a mixed model analysis with only a random
intercept. The adjustment for the dependency of
observations with an exchangeable correlation
structure is the same as allowing subjects to have
different intercepts. When an exchangeable cor-
relation structure is not appropriate, GEE analysis
with a different correlation structure can be used
and when there is significant and relevant random
variation in the regression coefficients of one or
more covariates, mixed model analysis has the
additional possibility of allowing these regression
coefficients to vary between subjects. The latter
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Output 3.9 Results of a linear GEE analysis without a robust estimation of the standard error to analyse
the relationship between cholesterol and the sum of skinfolds

GEE population-averaged model Number of obs = 882
Group variable: id Number of groups = 147
Link: identity Obs per group:
Family: Gaussian min = 6
Correlation: exchangeable avg = 6.0
max = 6
Wald chi2 (1) = 103.88
Scale parameter: .5693178 Prob > chi?2 = 0.0000
chol | Coef Std. Err 4 P>|z| [ 95% Conf. Intervall
,,,,,, o o Ll
skinf | .1871179 .018359 10.19 0.000 .1511349 .2231008
_cons | 3.799312 .0838674 45.30 0.000 3.634935 3.963689

makes mixed model analysis slightly more flexible
compared to GEE analysis. Especially because the
necessity of random slopes can be statistically
evaluated with the likelihood ratio test.

It should be noted that the standard errors
derived from the two analyses were different.
Because within GEE analysis the standard errors
are estimated in a robust way, the standard errors
obtained from a GEE analysis were higher than
the ones obtained from a mixed model analysis.
However, when the standard errors within a GEE
analysis would have been estimated in a non-
robust way, the standard errors would have been
exactly the same as the ones obtained from
the mixed model analysis. To illustrate this,
Output 3.9 shows the results of a linear GEE
analysis to analyse the relationship between chol-
esterol and the sum of skinfolds without estimat-
ing the standard error in a robust way.

It is very important to realise that the differences
and commonalities between GEE analysis and
mixed model analysis described in this section only
hold for continuous outcome variables and for data-
sets without missing data. For dichotomous and
categorical outcome variables, the situation is differ-
ent (see Chapters 7 and 8) as well as for datasets with
missing data (see Chapter 11). In Chapter 11 it will
be shown that mixed model analysis deals better
with missing data than GEE analysis. In fact, that is
the most important reason why mixed model
analysis is preferred above GEE analysis when a

continuous outcome variable is analysed in a
longitudinal study.

To facilitate the discussion, all the models
have been restricted to simple linear models, i.e.
no squared terms, no interactions between cov-
ariates, etc. This does not mean that it is not
possible to use more complicated models. In fact,
both GEE analysis and mixed model analysis with
a continuous outcome variable are extensions of
cross-sectional linear regression analysis. This
means that for instance confounding and effect
modification can be investigated with mixed
model analysis and GEE analysis in exactly the
same way as in cross-sectional linear regression
analysis.

3.6 The Adjustment for
Covariance Method

Besides using mixed model analysis or GEE analy-
sis, the adjustment for the correlated observations
within the subject can also be performed with the
adjustment for covariance method. This method
is comparable to a GEE analysis, but instead of
using a correlation matrix, a covariance matrix is
used to adjust for the correlated observations
within the subject. The covariance between two
measurements is a combination of the correlation
between the two measurements and the variances
(i.e. standard deviations) of the two measure-
ments (Equation 3.8):
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cov(Yy, Yiig) = corr(Yy, Yig) X sd(Yy) X sd(Yiiq)
(3.8)

where cov(Yy, Yyy1) is the covariance between Y,

and Y., corr(Y,, Y1) is the correlation

between Y; and Y1, sd(Y,) is the standard devi-

ation of Y, and sd(Y;. ) is the standard deviation
of Yt+1-

Comparable to the adjustment for the correl-
ation between the repeated measurements used in
GEE analysis, there are many different possibilities

for the adjustment for covariance between repeated
measurements. Again, basically the adjustment is
made for the covariance of the residuals, which is

equal to the observed covariance of the repeated

measurements in an analysis without any covari-

ates. The general idea behind this method is to
select a priori a certain covariance structure, which

is used in the estimation of the regression

coefficients. It is not surprising that the possible
choice of structures is comparable to the choice of
correlation structures for GEE analysis (see Section
3.4.2). As in GEE analysis, one possibility is the
exchangeable covariance structure, which assumes
equal correlations (irrespective of the time interval

between the repeated measurements), and equal

Table 3.8 lllustration of an exchangeable covariance

structure

Yt'l Yt2 Yt3 Yt4 Yt5 Yl’G
Yo o o2 o’p d’p op dp o
Yo o’ a’p a’p a’p a’p
Yes o’ op dp d’p
Yia o’ a’p a’p
Yis 0’ a’p
Yie o2

variances of the repeated measurements. An
exchangeable covariance structure for a longitudinal
study with six repeated measurements is shown in
Table 3.8.

The most extensive covariance structure is an
unstructured covariance structure (see Table 3.9).

Although the unstructured covariance struc-
ture is obviously the best choice for the covariance
structure, it can be seen that, when using this
structure in a study with six repeated measure-
ments, 21 parameters must be calculated (six vari-
ance parameters and 15 correlation coefficients).
As in GEE analysis, it is worthwhile to choose the
least complicated covariance structure, which fits
the data well. It has already been mentioned that
for GEE analysis there was no indication of the fit
of the longitudinal model which could be used to
evaluate the different correlation structures. In the
adjustment for covariance method, however, the
regression coefficients are estimated with max-
imum likelihood or restricted maximum likelihood,
so models with different covariance structures can
be compared with each other by using the likeli-
hood ratio test.

3.6.1 Example

Output 3.10 shows the result of an adjustment for
covariance analysis with an exchangeable covar-
iance structure to analyse the relationship between
cholesterol and the sum of skinfolds.

The output of the adjustment for covariance
analysis looks similar to the output of the linear
mixed model analysis. This is due to the fact that
the adjustment for covariance analysis is performed
within the mixed model environment. This can also
be seen from the random part of the model: no
random intercept is estimated. This makes sense
because the adjustment for the dependency of
the repeated measurements is performed by an

Table 3.9 lllustration of an unstructured covariance structure

Y Ye Yis
Vi o} P120102 P130103
Yo a3 P230203
Ytg o %
Yea
Yis
Yie

Yea Yes Yes
P140104 P150105 P169106
P240204 P250205 P269206
P340304 P350305 P369306
o P4s0405 P450406
o5 Ps69596

7
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Output 3.10 Results of an adjustment for covariance analysis with an exchangeable covariance
structure to analyse the relationship between cholesterol and the sum of skinfolds

Mixed-effects ML regression Number of obs = 882
Group variable: id Number of groups = 147
Obs per group:

min = 6

avg = 6.0

max = 6

Wald chi2 (1) 103.88

Log likelihood = -830.19309 Prob > chi?2 = 0.0000

chol | Coef Std. Err Z P>|z| [ 95% Conf. Interval]

______ +_______________________________________

skinf | .1871179 .018359 10.19 0.000 .1511349 .2231008

_cons | 3.799312 .0838674 45.30 0.000 3.634935 3.963689

Random-effects Parameters | Estimate Std. Err. [ 95% Conf. Interval]

__________________ _|._____________________________
id (empty) |

__________________ +___________________________
Residual: Exchangeable |

var(e) | .5693177 .0413985 .493695 .6565241

cov(e) | .2937188 .0397033 .2159017 .3715359

IR test vs. linear model: chi2 (1) = 345.41

adjustment for covariance and not by the estimation
of a random intercept. From Output 3.10 it can
further be seen that with an exchangeable covariance
structure only two covariance parameters are esti-
mated (var(e) and cov(e)). It should be noted that
the value for cov(e) is exactly the same as the random
intercept variance obtained from a linear mixed
model analysis with only a random intercept (see
Output 3.1). Besides that, it can also be seen that all
the other values are exactly the same as in the mixed
model analysis with only a random intercept. This
holds for the —2 log likelihood as well as for the
regression coefficient for the sum of skinfolds and its
standard error.

One of the advantages of the use of the adjust-
ment for covariance method is that the param-
eters are estimated with maximum likelihood.
Therefore, in the output the log likelihood is
provided, and based on the log likelihood the

Prob > chi2 =0.0000

likelihood ratio test can be performed. With the
likelihood ratio test, different models can be com-
pared to each other. To illustrate this, Output 3.11
shows the result of an adjustment for covariance
analysis with an unstructured covariance struc-
ture to analyse the relationship between choles-
terol and the sum of skinfolds.

From Output 3.11 it can be seen that in this
analysis 21 parameters are estimated to adjust
for the dependency of the observations within
the subject. Six variance parameters (var(el) to var
(e6)) and 15 covariance parameters (cov(el,e6) to
cov(e5,e6)).

The likelihood ratio test can be used to decide
which covariance structure is to be preferred in
the analysis. Therefore, the difference between
the -2 log likelihoods of both models has to be
calculated. This difference follows a Chi-square
distribution with 19 degrees of freedom. Again,
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Output 3.11 Results of an adjustment for covariance analysis with an unstructured covariance
structure to analyse the relationship between cholesterol and the sum of skinfolds

Mixed-effects ML regression Number of obs = 882
Group variable: id Number of groups 147

Obs per group:

min = 6

avg = 6.0

max = 6

Wald chi2 (1) = 48.39

Log likelihood = -680.74451 Prob > chi2 = 0.0000

chol | Coef. Std. Err. Z P>|z| [ 95% Conf. Interval]

______ +_______________________________________

skinf | .1216995 .0174956 6.96 0.000 .0874088 .1559903

_cons | 3.920117 .0791613 49.52 0.000 3.764964 4.07527

Random-effects Parameters | Estimate Std. Err [ 95% Conf. Interval]

___________________ e L ______
id (empty) |

__________________ e L __________
Residual: Unstructured |

var (el) | .4571604 .0566516 .3585808 .582841

var (e2) | .4091829 .047744 .3255353 .514324

var (e3) | .4423262 .0536723 .3487041 .5610845

var (ed) | .4586168 .0628011 .350663 .599805

var (e5) | .5641309 .0769756 .4317511 .7370998

var (e6) | 1.255289 .1860593 .9388117 1.678453

cov(el,e2) | .3194199 .0452447 .2307421 .4080978

cov(el,e3) | .2910988 .0442932 .2042857 .377912

cov (el,ed) | .2550142  .0439305 .168912 .3411164

cov (el,e5) | .3089937 .0565647 .198129 .4198585

cov (el,eb) | .3964422 .0962182 .2078579 .5850265

cov(e2,e3) | .3195029 .0446176 .2320539 .4069518

cov(e2,ed) | .3163264  .0474911 .2232456 .4094073

cov(e2,eb) | .2854775 .0496163 .1882314 .3827236

cov(e2,e6) | .3042992  .0849226 .137854 .4707445

cov(e3,ed) | .3663268  .0535731 .2613255 .4713282

cov(e3,eb) | .2960743  .0496323 .1987968 .3933518

cov (e3,e6) | .29401 .082363 .1325815 .4554385

cov (e4,eb) | .2725047  .0481962 .1780419 .3669675

cov (e4,eb6) | .2000177 .0765935 .0498971 .3501383

cov (e5,e6) | .5614837 .1142978 .3374641 .7855033

LR test vs. linear model: chi2 (20) = 644.31 Prob > chi2 =0.0000
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Output 3.12 Results of an adjustment for covariance analysis with a Toeplitz 5 covariance structure to
analyse the relationship between cholesterol and the sum of skinfolds

Mixed-effects ML regression Number of obs = 882

Group variable: id Number of groups = 147
Obs per group:

min = 6

avg = 6.0

max = 6

Wald chi2 (1) = 56.59

Log likelihood = -781.9781 Prob > chiz = 0.0000

chol | Coef. Std. Err. P>|z| [ 95% Conf. Interval]

_______ +__________________________________________

skinf | .1465355 .0194787 7.52 0.000 .1083579 .184713

_cons | 4.023712 .0879447 45.75 0.000 3.851343 4.19608

Random-effects Parameters | Estimate Std. Err. [ 95% Conf. Interval]
,,,,,,,,,,,,,,,,,, o L L ____
id (empty) |
__________________ L __________
Residual: Toeplitz (5) |

covl | .4214187 .0461136 .3310378 .5117997
cov2 | .3085257 .0449446 .2204359 .3966155
cov3 | .2515171 .0440767 .1651285 .3379058
covd | .2246511 .0457451 .1349924 .3143098
covb | .2276423 .0483785 .1328221 .3224624
var (e) | .6053248 .0464042 .5208772 .7034636

the number of degrees of freedom is based on the
difference in the number of parameters estimated
with each analysis. With the unstructured
covariance structure 21 variance and covariance
parameters were estimated, while for the
exchangeable covariance structure only two par-
ameters were estimated. The difference between
the —2 log likelihoods (i.e. 298.9) is highly signifi-
cant or, in other words, the model with an

unstructured covariance structure is statistically
better than the model with an exchangeable cov-
ariance structure. Because there are other possible
covariance structures that can be considered with
less parameters to be estimated than with the
unstructured covariance structure, the data were
reanalysed with a 5-dependent (i.e. Toeplitz (5))
covariance structure. Output 3.12 shows the result
of this analysis.
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Output 3.13 Correlation matrix of the residuals after a linear mixed model analysis with only a random
intercept to analyse the relationship between cholesterol and the sum of skinfolds

| resl res?2 res3 resd res5 res6

______ e L ________

resl | 1.0000

res2 | 0.1887 1.0000

res3 | -0.1155 0.0054 1.0000

res4 | -0.2176 0.0510 0.1815 1.0000

res5 | -0.2757 -0.3023 -0.2314 -0.1567 1.0000

res6 | -0.3085 -0.3983 -0.2150 -0.2922 -0.0059 1.0000

Based on the result of the likelihood ratio test
comparing the different models with each other, it
is obvious that an unstructured covariance struc-
ture seems to be the most appropriate in this
particular situation. However, it is questionable
whether the choice for a particular model should
only be based on the fit of the model (i.e. on the
result of the likelihood ratio test). For instance,
using an unstructured covariance structure is
highly data driven and it is debatable whether a
highly data driven choice is the best option.
Besides that, when the model becomes too com-
plex it can lead to overfitting, which leads to
considerable uncertainty of the scientific import-
ance of the result (Baybak, 2004). Therefore, in
actual use, a simpler covariance structure is gen-
erally employed to adjust for the dependency of
the observations. This is a strategy which was also
used for the choice of the correlation structure
within GEE analysis (see Section 3.4.3).

3.6.2 Extension of Mixed Model Analysis

It is sometimes argued that a linear mixed model
analysis must be extended by adding an additional
adjustment to the model. The reason for this
argument is that adding only a random intercept
to the model is not enough to take into account
the dependency of the repeated observations
within the subject. The additional adjustment
is than basically an additional adjustment for
covariance. It is, however, highly questionable
whether this additional adjustment is necessary.
To illustrate this, Output 3.13 shows the correl-
ation matrix of the residuals from the example
dataset after a linear mixed model analysis
with only a random intercept to analyse the

relationship between cholesterol and the sum of
skinfolds.

From Output 3.13 it can be seen that there are
no strong positive correlations between residuals
at the different time-points. So, in the example an
additional adjustment for the correlated residuals
is not necessary. A situation which is very
common in real life data. So, again, it is highly
questionable whether this additional adjustment
is necessary.

3.6.3 Comments

In the previous sections it has often been men-
tioned that special longitudinal methods are needed
to adjust for correlated observations within the
subject. However, it has already been stated that
the adjustment in longitudinal data analysis is
carried out for correlated residuals. When there
are no covariates in the model, the magnitude of
the within-subjects correlation in the observations
is equivalent to the magnitude of the within-
subjects correlation in the residuals. It is possible
that by adding particular covariates to the model
(part of) the within-subjects correlation is
explained. Because of this, in the literature it is
sometimes argued that there are correlated obser-
vations given the covariates in the statistical model.
This issue can be illustrated by comparing the
observed correlation structure for cholesterol (see
Output 3.5) with the estimated within-subjects cor-
relation structure derived from a linear GEE analy-
sis with an exchangeable correlation structure.
Output 3.14 shows the estimated within-subjects
correlation matrix derived from a linear GEE analy-
sis to evaluate the longitudinal relationship between
cholesterol and the sum of skinfolds.
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Output 3.14 Correlation matrix derived from a linear GEE analysis (with an exchangeable correlation
structure) to analyse the relationship between cholesterol and the sum of skinfolds

Estimated within-id correlation matrix R:

rl
r2
r3
r4
r5
r6

O O O o o

cl

.0000
.5163
.5163
.5163
.5163
.5163

O O O o

c2

.0000
.5163
.5163
.5163
.5163

c3 c4 c5 cb6
1.0000
0.5163 1.0000
0.5163 0.5163 1.0000
0.5163 0.5163 0.5163 1.0000

From Output 3.14 it is obvious that the estimated ~ data. This indicates that in the example, part of the
within-subjects correlation is much lower than the  within-subjects correlation in cholesterol is explained
average observed within-subjects correlation in the by the sum of skinfolds.
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4.1 Growth Curve Analysis

In Chapter 2, the generalised linear model (GLM)
for repeated measures was introduced as a way to
analyse the development over time in a continu-
ous outcome variable. With the regression-based
methods introduced in Chapter 3, i.e. mixed
model analysis, generalised estimating equations
(GEE) analysis and the adjustment for covariance
method, it is also possible to analyse the develop-
ment over time. To do so, the longitudinal regres-
sion analysis has to be performed with the time
variable as covariate of interest. The simplest
way of analysing the development over time in
a continuous outcome variable is to assume a
linear development. Using the example dataset,
Output 4.1 shows the result of a linear mixed
model analysis in which the linear development
over time is analysed for cholesterol. This analysis
is also known as a (linear) growth curve mixed
model analysis.

From Output 4.1 it can be seen that there is a
significant increase over time in cholesterol.
Because time is coded as yearly intervals (1, 2, 3,
4, 5 and 6) this increase is with 0.1252128 units
per year. The same analysis can also be performed
with a linear GEE analysis (see Output 4.2).

As expected, the magnitude of the regression
coefficient for time is exactly the same as the
one estimated with a linear mixed model analysis
with only a random intercept. The difference
between the two analyses is the standard error of
the regression coefficient, which is a bit higher for
the coefficient estimated with the GEE analysis.
This is caused by the robust estimation of the
standard error within GEE analysis (see Section
3.4.3). Because it is known that a linear mixed
model analysis is preferred above a linear GEE
analysis for a longitudinal analysis of a continu-
ous outcome variable (see Section 3.5), in the
remaining part of this chapter, linear mixed
model analysis will be used for the analyses.

The Modelling of Time

The next step in the linear mixed model analy-
sis is to add a random slope for time to the model.
Output 4.3 shows the result of that analysis.

It was already mentioned that within mixed
model analysis, the likelihood ratio test can be used
to evaluate whether or not it is necessary to add a
random slope to the model. Therefore, the —2 log
likelihood of the model with only a random inter-
cept (Output 4.1) can be compared to the —2 log
likelihood of the model with both a random inter-
ceptand a random slope for time (Output 4.3). The
difference between the two —2 log likelihoods
follows a Chi-square distribution with (in this
case) two degrees of freedom. Two degrees of free-
dom, because besides the variance of the slopes,
also the covariance between the random intercept
and the random slope is estimated. In the example,
the difference between the two -2 log likelihoods is
equal to 18. On a Chi-square distribution with two
degrees of freedom, this is highly significant; i.e.
the model with both a random intercept and a
random slope for time is significantly better than
the model with only a random intercept.

One of the disadvantages of the analyses per-
formed to investigate the development over time
in cholesterol so far is that a linear development is
assumed, while the data suggests a more quadratic
development over time (see Chapter 2). Within
the regression-based methods, this can be done
by adding a quadratic term to the models. In
statistical terms, this means that a second order
polynomial function with time is modelled.
Output 4.4 shows the result of the linear mixed
model analysis including a quadratic term for time
(i.e. time squared).

The question that should be answered now
is whether this model (assuming a quadratic
development over time) is better than the model
assuming a linear development over time. This
can be done by evaluating the importance of the
quadratic term in the model, which is normally
done by looking at the significance level of the
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Output 4.1 Results of a linear mixed model analysis with only a random intercept to analyse the linear
development over time for cholesterol

Mixed-effects ML regression Number of obs = 882

Group variable: id Number of groups = 147
Obs per group:

min = 6

avg = 6.0

max = 6

Wald chi2 (1) = 165.59

Log likelihood = -804.40727 Prob > chi?2 0.0000

chol | Coef. Std. Err. z P>|z| [ 95% Conf. Interval]

______ +________________________________________

time | .1262974 .0098147 12.87 0.000 .1070609 .1455338

_cons | 4.057732 .062835 64.58 0.000 3.934578 4.180887

.3656268 .0475139 .283415 .4716862

.247804 .0129265 .2237208 .2744799

LR test vs. linear model: chibar2 (01) =463.17 Prob >=chibar2 =0.0000

Output 4.2 Results of a linear GEE analysis with an exchangeable correlation structure to analyse the
linear development over time for cholesterol

GEE population-averaged model

Number of obs =
Number of groups =
Obs per group:
min =
avg =
max =
Wald chi2 (1) =
Prob > chi?2

882
147

6

6.0

6
127.92
0.0000

adjusted for clustering on id)

Group variable: id
Link: identity
Family: Gaussian
Correlation: exchangeable
Scale parameter: .6134308
(Std. Err.
| Robust
chol Coef Std. Err. z
time .1262974 .0111668 11.31
cons 4.057732 .0563626 71.99

P>|z|
0.000 .1044108
0.000 3.947264

.148184
4.168201
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Output 4.3 Results of a linear mixed model analysis with both a random intercept and a random slope
for time to analyse the linear development over time for cholesterol

Mixed-effects ML regression Number of obs = 882
Group variable: id Number of groups = 147

Obs per group:

min = 6

avg = 6.0

max = 6

Wald chi2 (1) = 128.79

Log likelihood = -795.2782 Prob > chi?2 = 0.0000

chol | Coef. Std. Err z P>|z| [ 95% Conf. Interval]

______ +_______________________________________

time | .1262974 .0111288 11.35 0.000 .1044853 .1481094

_cons | 4.057732 .0561706 72.24 0.000 3.94764 4.167825

Random-effects Parameters | Estimate Std. Err [ 95% Conf. Interval]

__________________ +____________________________
id: Unstructured |

var (time) | .0050572 .0022578 .0021081 .012132

var (_cons) | .2643811 .0553354 .1754174 .3984632

cov (time, cons) | .0060351 .0086904 -.0109977 .0230679

__________________ +____________________________

var (Residual) | .230104 .0134199 .205249 .2579688

LR test vs. linear model: chi2 (3) =481.43 Prob > chi2 =0.0000

regression coefficient for the quadratic term.  the quadratic term for the time variable is better

From Output 4.4 it can be seen that the p-value  than the model without that random slope. The
belonging to the quadratic term is very low, ie.  difference between the two -2 log likelihoods is
highly significant and therefore it can be con-  equal to 32.6. This difference follows a Chi-square
cluded that the development over time can better  distribution with three degrees of freedom, which
be described with a quadratic function instead of  is highly significant. There are three degrees of
a linear one. In the next step of the modelling  freedom because, besides the random slope for
process, a random slope can also be added for the  the quadratic term for the time variable, two
quadratic term for the time variable. In addition, ~ covariances were also added to the model.
all covariances have to be added, i.e. the covar- In Chapter 2, it has already been shown that
iance between the random intercept and the  the development over time for cholesterol was
random slope for the quadratic term for time  quadratic (see Figure 2.3), so it is not really neces-
and the covariance between the random slope  sary to model the development over time with
for time and the random slope for the quadratic = more complicated functions, such as a cubic S-
term for time. Output 4.5 shows the result of  shaped function (i.e. a third degree polynomial).
this analysis. However, the method to evaluate a higher order
With the likelihood ratio test, it can be evalu-  function is exactly the same as has been described
ated whether the model with a random slope for ~ for a quadratic function.
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Output 4.4 Results of a linear mixed model analysis with both a random intercept and a random slope
for time to analyse the quadratic development over time in cholesterol

Mixed-effects ML regression Number of obs 882
Group variable: id Number of groups = 147
Obs per group:

min = 6

avg = 6.0

max = 6

Wald chi2 (2) = 417.57

Log likelihood =-677.81693 Prob > chi2 = 0.0000

chol | Coef. Std. Err. Z P>|z| [ 95% Conf. Interval]

7777777 +777777777777777777777777777777777777777

time | -.5044849 .0387514 -13.02 0.000 -.5804363 -.4285335

time2 | .0901118 .0053027 16.99 0.000 .0797186 .1005049

_cons | 4.898775 .0748638 65.44 0.000 4.752045 5.045506

Random-effects Parameters | Estimate Std. Err.[ 95% Conf. Interval]

___________________ +_____________________________
id: Unstructured |

var (time) | .0093879 .002185 .0059492 .0148143

var (_cons) | .3300639 .0546587 .2385826 .4566224

cov(time, cons) | =-.0091225 .0084592 -.0257023 .0074573

____________ +_________________________________

var (Residual) | .1543161 .0089999 .1376474 1730033

LR test vs. linear model: chi2 (3) = 640.54

The use of a mathematical function to model
the development over time always assumes a par-
ticular shape of the development over time. An
elegant solution is to model time as a categorical
variable instead of a continuous one. With time as
a categorical variable, the development over time is
modelled without assuming a certain shape of the
development. Table 4.1 illustrates part of the
example dataset with time as a categorical variable.

A limitation of the use of time as a categorical
variable is the fact that this is only possible when
the time intervals between the repeated measure-
ments are the same for each subject. In other words,
the measurements have to be fixed. It is obvious
that with unequal time intervals between subjects
(i.e. when the measurements are not fixed), the
dummy coding goes wrong. On the other hand,
the time intervals between the fixed time-points
do not have to be the same over the whole longitu-
dinal measurement period, a situation which is not
uncommon in longitudinal studies.

Prob > chi2 =0.0000

In the examples presented in this chapter, each
subject was assumed to be measured at the same
time-points. Time was simply coded as [1, 2, 3, 4,
5, 6]. However, with the regression-based methods
it is also possible to model the actual time of each
measurement. For instance, the number of days or
weeks after at the first measurement can be used as
a time indicator (see Table 4.2). This is sometimes
more realistic, because subjects are almost never
measured at exactly the same time. For each sub-
ject this indicates that a different time sequence of
the measurements is modelled, which directly
implies that time cannot be modelled as a categor-
ical variable, represented by dummy variables. In
that case, only a mathematical function can be
used to analyse the development over time.

Output 4.6 shows the result of a linear mixed
model analysis with only a random intercept to
analyse the development over time in cholesterol,
with time treated as a categorical variable, repre-
sented by five dummy variables.
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Output 4.5 Results of a linear mixed model analysis with both a random intercept and random slopes
for time and time squared to analyse the quadratic development over time in cholesterol

Mixed-effects ML regression Number of obs 882

Group variable: id Number of groups = 147
Obs per group:

min = 6

avg = 6.0

max = 6

Wald chi2 (2) = 252.64

Log likelihood = -661.47223 Prob > chi?2 = 0.0000

chol | Coef Std. Err. z P>|z| [ 95% Conf. Interval]

_______ +______________________________________

time | -.5044849 .0433872 -11.63 0.000 -.5895222 -.4194477

time2 | .0901118 .0064676 13.93 0.000 .0774354 .1027881

_cons | 4.898775 .0764881 64.05 0.000 4.748862 5.048689

b
id: Unstructured |

var (time) | .0997162 .0344086 .0507044 .1961038

var (time2) | .0026875 .0007542 .0015505 .0046582

var(_cons) | .4464672 .1041104 .2826834 .7051454

cov (time, time2) | -.0157557 .0050116 -.0255783 -.0059331

cov (time, cons) | -.1089017 .0528508 -.2124874 -.005316

cov (time2, cons) | .0176128 .0075938 .0027292 .0324963

,,,,,,,,,,,,,,,,,,, e o

var (Residual) | .1292332 .008703 .1132534 .1474678

IR test vs. linear model: chi2 (6) =673.23

The regression coefficients of the five dummy
variables (time 2 to 6) can be interpreted as follows:
compared to the first measurement (which is the
reference category), there is a decrease in choles-
terol at the second measurement of 0.1115646. At
the third measurement the decrease continues (the
regression coefficient for the second dummy vari-
able (i.e. -0.1687075) represents the difference
between the third measurement and the first meas-
urement), and at the fourth measurement the
lowest point is reached. At the fifth and the sixth
measurements the value of cholesterol is higher
than at the first measurement, indicating a (steep)
increase during the last two measurements. In

Prob > chi2 =0.0000

theory it is possible to add random slopes for the
five dummy variables to the model, but this
leads to a very complicated model with the risk of
overfitting. Moreover, in most situations, these
complicated models will not converge, which
means that the modelling will not lead to a proper
solution. Therefore, in models treating time as a
categorical variable, generally, random slopes are
not considered.

4.2 Comparing Groups

In Chapter 2 it was mentioned that with a GLM
for repeated measures, it is possible to compare
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Table 4.1 Example dataset with time as a continuous variable and as a categorical variable with dummy variable

coding
Time Time (categorical)

Id (continuous) Dummy1 Dummy2 Dummy3 Dummy4 Dummy5
1 1 0 0 0 0 0
1 2 1 0 0 0 0
1 3 0 1 0 0 0
1 4 0 0 1 0 0
1 5 0 0 0 1 0
1 6 0 0 0 0 1
2 1 0 0 0 0 0
2 2 1 0 0 0 0
2 3 0 1 0 0 0
2 4 0 0 1 0 0
2 5 0 0 0 1 0
2 6 0 0 0 0 1

Table 4.2 Example of a dataset with four repeated
measurements (N = 3) with time as a continuous
variable with equal measurement points and time as
the actual date of measurement

Id Time (continuous) Time (in days)
1 1 0
1 2 20
1 3 45
4 100
30
40
80

NoOowoN

o

25
50
70

w w w w NN NN

NoOow N

the development over time in a continuous out-
come variable between two (or more) groups.
With regression-based methods, it is also possible
to compare the development over time between
two (or more) groups. Therefore, the interaction

between the time variable and the group variable
must be added to the model. In the example
dataset, sex is a dichotomous time-independent
covariate (i.e. males versus females) and this vari-
able is used to illustrate this analysis. Output 4.7
shows the result of a linear mixed model analysis
to analyse the difference in development over
time in cholesterol between males and females.

From Output 4.7 it can be seen that the inter-
action between sex and time is statistically significant
(the z-value equals 4.03 and the p-value is less than
0.001). This indicates that the linear development
over time is significantly different for males and
females. For males (coded 0 in the example dataset)
there is a yearly increase of 0.0847205 units per year,
while for females (coded 1 in the example dataset)
there is a yearly increase of 0.0847205 + 0.0783564 =
0.1630769 units per year.

It should be noted that this analysis assumes a
linear development over time, while in Section 4.1
it was already shown that the development over
time in cholesterol could be better described with
a quadratic development over time, or could be
better analysed with time as a categorical variable,
represented by dummy variables. The latter in par-
ticular is very popular these days and especially in
intervention studies in which the effect of an inter-
vention is evaluated at different time-points (see
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Output 4.6 Results of a linear mixed model analysis with only a random intercept to analyse the
development over time in cholesterol with time treated as a categorical variable, represented by five

dummy variables

Mixed-effects ML regression
Group variable: id

Log likelihood = -686.40878

chol | Coef. Std. Err
time |
2 | -.1115646 .0494525
3| -.1687075 .0494525
4 | -.2612245 .0494525
5 | .2408163 .0494525
6 | .6911565 .0494525
|

_cons | 4.434694 .0615402

Number of obs = 882
Number of groups = 147

Obs per group:

min = 6
avg = 6.0
max = 6
Wald chi2 (5) = 506.57
Prob > chi?2 = 0.0000

0.024 -.2084897 -.0146396
0.001 -.2656325 -.0717824
-5.28 0.000 -.3581495 -.1642994
0.000 .1438913 .3377414
0.000 .5942314 .7880815

72.06 0.000 4.314077 4.55531

Random-effects Parameters | Estimate Std. Err. [ 95% Conf. Interval]
777777777777777777 +777777777777777777777777777

id: Identity |
var (_cons) | .3769695 .0474907 .2944907 .4825483
__________________ +___________________________
var (Residual) | .1797477 .0093764 .1622786 .1990973

LR test vs. linear model: chibar2 (01) =613.60 Prob >= chibar2 =0.0000

Chapter 10). Output 4.8 shows the result of a linear
mixed model analysis to analyse the difference in
quadratic development over time between males
and females.

From Output 4.8 it can be seen that both the
interaction between sex and time and the inter-
action between sex and time squared are statistically
significant, which indicates that the difference in
quadratic development over time between males
and females is statistically significant. However,
the interpretation of the regression coefficients of
this analysis is rather complicated. Therefore, if

62

https://doi.org/10.1017/9781009288002.005 Published online by Cambridge University Press

possible, time is better treated as a categorical vari-
able, represented by dummy variables. Output 4.9
shows the result of a linear mixed model analysis
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difference in development over time between males
and females.

Although Output 4.9 looks a bit complicated,
the regression coefficients can be interpreted in a
straightforward way. The regression coefficients
of the dummy variables have the same interpret-
ation as in Output 4.6, although they now repre-
sent the development over time in cholesterol for
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Output 4.7 Results of a linear mixed model analysis with only a random intercept to analyse the
difference in linear development over time between two groups

Mixed-effects ML regression Number of obs = 882
Group variable: id Number of groups = 147
Obs per group:
min = 6
avg = 6.0
max = 6
Wald chi2 (3) = 191.95
Log likelihood = -793.21116 Prob > chi2 0.0000
chol | Coef Std. Err z P>|z| [ 95%Conf. Interval]
________ +___________________________________
time | .0847205 .01417 5.98 0.000 .0569478 .1124931
sex | -.011557 .1236147 -0.09 0.926 -.2538374 .2307234
\
timef#sex | .0783564 .0194527 4.03 0.000 .0402298 .1164831
\

_cons | 4.063865 .0900448 45.13 0.000 3.88738 4.240349
Random-effects Parameters | Estimate Std. Err [ 95% Conf. Interval]
__________________ +___________________________
id: Identity |

var (_cons) | .3493319 .0455091 .2706127 .4509499
___________________ +_____________________________
var (Residual) | .2424519 .0126473 .2188888 .2685516

LR test vs. linear model: chibar2 (01) =453.88 Prob >=chibar2=0.0000

males (sex coded zero). For females (sex coded 1),
the difference between the second and first meas-
urement is equal to: —0. 2043478 + 0.1748607 =
—0.0294871, indicating a small decrease between
the first and the second measurement. In the same
way the difference between the other measure-
ments and the first measurement for females can
be calculated. For instance, the difference between
the third and first measurement is equal to:
—0.3884058 + 0.4140468 0.025641. So, for
females there is a slight increase in cholesterol
between the first and the third measurement,
while for males there is a (sharp) decrease (i.e.
—0.3884058). It should be noted that with this
analysis, only for the group which is coded 0,
the significance level for the change over time

can be directly derived from the output. For the
group which is coded 1, this is not directly pos-
sible. Therefore, the group variable should be
recoded and a new analysis with the recoded
variable should be performed. Output 4.10 shows
the same result of the mixed model analysis
reported in Output 4.9, only with sex recoded
(i.e. females coded as 0 and males coded as 1).

From Output 4.10 it can, for instance, be
seen that the difference between the first and
second measurement for females is equal to
—0.0294871. This number was already known
from the analysis reported in Output 4.9.
However, from Output 4.10, it can now be seen
that the p-value which belongs to this difference
is equal to 0.655.
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Output 4.8 Results of a linear mixed model analysis with only a random intercept to analyse the
difference in quadratic development over time between two groups

Mixed-effects ML regression Number of obs = 882
Group variable: id Number of groups = 147
Obs per group:
min = 6
avg = 6.0
max = 6
Wald chi2 (5) = 524.94
Log likelihood =-679.73704 Prob > chi2 = 0.0000
chol | Coef Std. Err z P>|z| [ 95% Conf. Interval]
________ +____________________________________
time | -.7134679 .0594487 -12.00 0.000 -.8299853 -.5969505
sex | -.4322185 .1593614 -2.71 0.007 -.7445611 -.1198758
|
time#sex | .3938525 .081612 4.83 0.000 .2338959 .5538091
|
time?2 | .1140269 .0083136 13.72 0.000 .0977325 .1303213
|
time2#sex | -.0450709 .0114131 -3.95 0.000 -.0674401 -.0227017
|
cons | 5.128116 .1160839 44.18 0.000 4.900596 5.355636
Random-effects Parameters | Estimate Std. Err [ 95% Conf. Interval]
___________________ +_____________________________
id: Identity |
var (_cons) | .3600665 .0454866 .2810942 .4612259
___________________ +_____________________________
var (Residual) | .1780439 .0092875 .1607404 .1972102

LR test vs. linear model: chibar2 (01) =596.97

4.3 Adjustment for Time

In Chapter 3, the longitudinal relationship between
cholesterol and the sum of skinfolds was investi-
gated. In all analyses the time variable was not
included in the model. A major point of discussion
in all longitudinal analyses is how to deal with the
time variable in a situation when the analysis of the
development over time is not the main purpose of
the study. In some studies, an a priori adjustment
for time is performed, while in other studies (as in
the examples in Chapter 3) the time variable is

64

Prob >= chibar2 =0.0000

ignored. In most studies, however, it is not clear
whether or not a time variable is part of the statis-
tical model. In this section, the influence of the time
variable in a longitudinal data analysis will be dis-
cussed. For this purpose, a different example data-
set will be used. The dataset is also taken from the
Amsterdam Growth and Health Longitudinal
Study (AGAHLS), but in this example a selection
is made of three repeated measurements performed
over a period of 10 years. The purpose of the
example was to investigate the relationship

https://doi.org/10.1017/9781009288002.005 Published online by Cambridge University Press


https://doi.org/10.1017/9781009288002.005

The Modelling of Time

Output 4.9 Results of a linear mixed model analysis with only a random intercept to analyse the
difference in development over time for cholesterol between males and females with time treated as a

categorical variable, represented by five dummy variables

Mixed-effects ML regression
Group variable: id

Log likelihood = -663.45381

Number of obs = 882
Number of groups = 147

Obs per group:

min = 6
avg = 6.0
max = 6
Wald chi2 (11) = 581.72
Prob > chi?2 = 0.0000

chol | Coef Std. Err Z P>|z]| [ 95% Conf. Interval]
________ +________________________________________
time
2 | -.2043478 .070264 -2.91 0.004 -.3420627 -.066633
3 | -.3884058 .070264 -5.53 0.000 -.5261206 -.250691
4 | -.5130435 .070264 -7.30 0.000 -.6507583 -.3753286
5 | -.0246377 .070264 -0.35 0.726 -.1623525 .1130772
6 | .5101449 .070264 7.26 0.000 .3724301 .6478598
|
sex |
females | -.0547937 .1205069 -0.45 0.649 -.290983 .1813955
|
timef#sex |
2#females | .1748607 .0964593 1.81 0.070 -.014196 .3639174
3#tfemales | .4140468 .0964593 4.29 0.000 .2249901 .6031035
4#females | .4745819 .0964593 4.92 0.000 .2855252 .6636386
S5#females | .5002787 .0964593 5.19 0.000 .3112219 .6893354
6#females | .3411371 .0964593 3.54 0.000 .1520804 .5301939
|
_cons | 4.463768 .087781 50.85 0.000 4.29172 4.635816
Random-effects Parameter | Estimate Std. Err. [ 95% Conf. Interval]
id: Identity |
var (_cons) \ .3613526 .0454844 .2823503 .46246
var (Residual) | .1703274 .008885 .1537738 .1886629

LR test vs. linear model: chibar2 (01) = 618.93
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Output 4.10 Results of a linear mixed model analysis with only a random intercept to analyse the
difference in development over time for cholesterol between males and females with time treated as a

categorical variable, represented by five dummy variables

Mixed-effects ML regression

Group variab

le: id

Log likelihood = -663.45381

sex
males

timefsex |
2#males |
3#males |
4#males |
S#males |
6#males |

_cons |

Coef.

Std. Err.

Number of obs
Number of groups

Obs per group:

min =
avg =

max

Wald chi2 (11)
Prob > chi2

= 882
= 147

-.0294871
.025641
-.0384615
.475641
.8512821

.0547937

-.1748607
-.4140468
-.4745819
-.5002787
-.3411371

4.408974

.0660861
.0660861
.0660861
.0660861
.0660861

.1205069

.0964593
.0964593
.0964593
.0964593
.0964593

.0825616

.45
-39
.58
.20
.88

.45

oo ooo
&
o
=

0.649

O O O O O
(@}
(@}
(@)

-.1590135
-.1038853
-.1679878
.3461147
.7217557

-.1813955

-.3639174
-.6031035
-.6636386
-.6893354
-.5301939

4.247157

.1000392
.1551673
.0910648
.6051673
.9808084

.290983

.014196
-.2249901
-.2855252
-.3112219
-.1520804

4.570792

.2823504 .46246

.1537738 .1886629

LR test vs. linear model: chibar2 (01) =618.93
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Table 4.3 Means and standard deviations (between
brackets) of cholesterol and body weight at three repeated
measurements

Measurement
1 2 3

Number of 437 379 338
subjects
Cholesterol 44 (0.9 50(09) 55 (0.8)
(mmol/I)
Body weight 727 754 776
(kg) (12.3) (13.1) (13.6)

between cholesterol as the outcome variable and
body weight as the time-dependent covariate.
Table 4.3 shows descriptive information regarding
the data used in this example.

In the first analysis, a linear mixed model analy-
sis with only a random intercept was performed
without an adjustment for time. In the second
analysis, time (a continuous variable coded 1 to 3)
was added to the model and the same mixed model
analysis was performed. Output 4.11 and Output
4.12 show the results of the two analyses.

The results of the mixed model analyses show
that the regression coefficient for body weight
decreases by about 40% when time is added to
the model. So obviously, adding time to the model
has a huge influence on the magnitude of the
regression coefficient of interest. It is therefore
important to address the question which of the
two results gives the real longitudinal relationship
between cholesterol and body weight?

In Chapter 3 it has already been mentioned that
one of the most difficult parts of longitudinal data
analysis is the interpretation of the regression
coefficient, especially the interpretation of a regres-
sion coefficient of a time-dependent covariate, as in
this example. It has previously been discussed that
when both the outcome variable and the covariate
are time-dependent, the regression coefficient has
to be interpreted as a combination of a between-
subjects and a within-subjects relationship (see
Section 3.3.4). It is often suggested that when the
time varijable is added to the longitudinal model,
the interpretation of the regression coefficient of a
time-dependent covariate is limited to the within-
subjects interpretation (i.e. a change of one unit in
the time-dependent covariate is associated with a
change of regression coefficient units in the outcome
variable). This is, however, not true. An adjustment

for time only leads to a more relative interpretation
of the regression coefficient. Figure 4.1 shows an
(extreme) example, which illustrates the impact of
an adjustment for time in a longitudinal data
analysis.

From Figure 4.1 it can be seen that both the
outcome variable and the covariate increase over
time. Furthermore, it can be seen that at each
time-point, both variables are hardly related.
A longitudinal analysis between the Y- and X-vari-
able without adjusting for time would reveal a
strong positive relationship. Adjustment for time
will attenuate the relationship enormously. In fact,
in an adjusted analysis, no relationship would be
found between Y and X. Theoretically, by adding
time to the model, the variance between the time-
points is removed from the statistical model. In the
example, time can be seen as a huge confounder in
the longitudinal relationship between the outcome
variable and the covariate. From the results
reported in Output 4.11 and Output 4.12 it can be
seen that in the cholesterol and body weight
example more or less the same phenomenon occurs;
both variables increase over time, which causes the
crude analysis to reveal a much stronger relation-
ship than the time-adjusted analysis.

The same idea can be achieved by performing
an analysis with time-specific z-scores (calculated
at each time-point separately by subtracting the
mean value from the observed value and divided
by the standard deviation) of the outcome vari-
able and the covariate instead of the observed
values. Basically, using time-specific z-scores also
removes the variance between the time-points. In
longitudinal studies, the use of time-specific z-
scores is quite common, for instance, when there
is a change in measurement equipment over time.
To illustrate the effect of using time-specific z-
scores, Output 4.13 shows the result of a linear
mixed model analysis to analyse the relationship
between time-specific z-scores of cholesterol and
body weight.

Although the regression coefficient and stand-
ard error for body weight are different from the
earlier analyses reported in Output 4.12 (which is
due to the fact that the scale of both variables has
changed), the test statistic (z-value) is almost
equal to the test statistic obtained from the time-
adjusted analysis which shows that both analyses
are similar.

It is important to realise that the potential con-
founding effect of time only holds for covariates that
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Output 4.11 Results of a linear mixed model analysis to analyse the relationship between cholesterol
and body weight

Mixed-effects ML regression Number of obs = 1,148

Group variable: id Number of groups = 468
Obs per group:

min = 1

avg = 2.5

max = 3

Wald chi2 (1) = 100.93

Log likelihood =-1491.0945 Prob > chi?2 = 0.0000

chol | Coef. Std. Err. Z P>z [ 95% Conf. Interval]

_______ +______________________________________

weight | .0272757 .002715 10.05 0.000 .0219543 .032597

_cons | 2.873453 .206916 13.89 0.000 2.467905 3.279001

Random-effects Parameters | Estimate Std. Err. [ 95% Conf. Interval]

___________________ +____________________________

id: Identity |

var(_cons) | .4624268 .0495219 .3748751 .5704261

__________________ +____________________________

var (Residual) | .4874143 .0274546 .4364682 .544307

are time-dependent. When the longitudinal rela-
tionship is analysed with covariates that are time-
independent, an adjustment for time is not neces-
sary. This has to do with the definition of a
confounder: a variable can only be a confounder
in a particular relationship when the possible con-
founder is related to both the outcome and the
covariate. Because time is not associated with a
time-independent covariate, time cannot be a con-
founder in such a relationship.

So, although it depends on the research question,
time should be treated as a potential confounder and
therefore, it is recommended to report both the
results (ie. with and without an adjustment for
time), and interpret the possible differences between
the two results. However, again this only holds for
time-dependent covariates.

IR test vs. linear model: chibar2 (01) =184.51

Prob >=chibar2=0.0000

4.3.1 Time versus Age

In the example dataset, the subjects started the
longitudinal study exactly at the same age. So,
the adjustment for time is exactly the same as
the adjustment for age. In this situation time
and age are collinear. In many other longitudinal
studies, however, subjects do not start the longi-
tudinal study at the same age. In those situations,
age and time can play a different role in the
analysis. There are a few options to deal with this
problem. In most studies, age at the start of the
study is treated as a time-independent covariate
and the time variable is treated as the time-
dependent covariate. In that case, the two influ-
ences of age at the start of the study and the time
development are disentangled. In other studies
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Output 4.12 Results of a linear mixed model analysis to analyse the relationship between cholesterol
and body weight adjusted for time

Mixed-effects ML regression Number of obs = 1,148

Group variable: id Number of groups = 468
Obs per group:

min = 1

avg = 2.5

max = 3

Wald chi2 (2) = 961.91

Log likelihood =-1226.0798 Prob > chi2 = 0.0000

chol | Coef. Std. Err z P>|z| [ 95% Conf. Interval]
_______ +______________________________________
weight | .0164721 .0025331 6.50 0.000 .0115074 .0214368
time | .5263038 .0193273 27.23 0.000 .4884229 .5641847
_cons | 2.698839 .1863636 14.48 0.000 2.333573 3.064105

.4404739 .606278

.2378124 .0130311 .2135957 .2647748

LR test vs. linear model: chibar2 (01) =450.73 Prob >=chibar2=0.0000

age is treated as a time-dependent covariate and
therefore, the influence of age at the start of the
study and the time development are combined
into one variable. For applied researchers, it is
very important to realise what an adjustment for
age and/or time actually means.

4.4 Interaction with Time

In Section 4.2 the development over time between
different groups was compared. To do so, the
interaction between the time variable and a group
variable was added to the linear mixed model. In
the example, the development of cholesterol was
compared between males and females. So, the
research question was related to the development
over time in the outcome variable. It is also pos-
sible that the research question of interest is not

related to the development over time, but related
to the question whether the longitudinal relation-
ship of interest is different over time. To answer
that question, an interaction with time must also
be added to the linear mixed model. In the
example dataset, the longitudinal relationship
between cholesterol and the sum of skinfolds
was investigated. The regression coefficient of
the linear mixed model analysis indicated the
relationship between the two variables on average
over time. In some situations, it can be interesting
to investigate whether the relationship between
the two variables is different over time. Output
4.14 shows the result of the linear mixed model
analysis with cholesterol as the continuous out-
come variable and including sum of skinfolds,
time and the interaction between time and the
sum of skinfolds as covariates.
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Y-variable

Figure 4.1 Example of the influence

of an adjustment for time in a
longitudinal data analysis.

From Output 4.14 it can be seen that the
interaction between the sum of skinfolds and time
is highly significant. It can also be seen that the
regression coefficient for the interaction term is
positive, which indicates that the relationship
between cholesterol and the sum of skinfolds is
stronger when time has a higher value (i.e.
stronger at the end of the longitudinal period
than at the beginning). In this analysis time was
treated as a continuous variable. For the inter-
action this means that the strength of the relation-
ship between cholesterol and the sum of skinfolds
linearly changes over time. At each time-point the
relationship is estimated to be 0.0487617 stronger.
It is, however, highly questionable whether the
interaction with time is linear. Therefore, in stud-
ies where the time-points are fixed, it is probably
better to treat time as a categorical variable (i.e. by
using dummy variables) and investigate the inter-
action with time with the dummy variables. Output
4.15 shows the results of the linear mixed model
analysis with cholesterol as the continuous outcome
variable and including the sum of skinfolds, five
dummy variables for time and the interaction
between the five dummy variables for time and
the sum of skinfolds as covariates.

The regression coefficient for the sum of skin-
folds in Output 4.15 (-0.0262909) reflects the rela-
tionship between cholesterol and the sum of
skinfolds at the first measurement. At the second
measurement, the relationship between cholesterol
and the sum of skinfolds can be calculated by the
regression coefficient for the sum of skinfolds (-

X-variable

0.0262909) plus the regression coefficient for the
interaction between the sum of skinfolds and the
dummy variable for the second measurement
(0.0656557) which equals 0.04. The strength of
the relationship between cholesterol and the sum
of skinfolds at the other measurements can be
calculated in the same way. From Output 4.15 it
is clear that the interaction between the sum of
skinfolds and time is almost linear from the third
to the last measurement. The differences in
strength of the relationship between the first and
the third measurement are slightly higher.

It should be realised that the interaction with
time is not very interesting within an observa-
tional longitudinal study. In intervention studies,
however, the analysis of the interaction with time
is one of the main purposes of the analysis. In
Chapter 10, this will be further explained and
illustrated.

4.5 (lassification of Subjects with

Different Growth Trajectories

Although the analysis of the development over
time is of great interest, researchers are often
interested in dividing the population under study
into groups of subjects with comparable develop-
ments over time, i.e. comparable growth trajec-
tories. Firstly, as a tool to describe the population
under study, and secondly as a first step to study
either the determinants of different growth trajec-
tories or the consequences of different growth
trajectories. Although the division into subgroups
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Output 4.13 Results of a linear mixed model analysis to analyse the relationship between the time-

specific z-scores for cholesterol and body weight

Mixed-effects ML regression
Group variable: id

Log likelihood = -1378.7805

Number of obs = 1,148
Number of groups = 468
Obs per group:
min = 1
avg = 2.5
max = 3
Wald chi2 (1) = 43.57
Prob > chi2 0.0000

z chol | Coef Std. Err z P>|z| [ 95% Conf. Intervall
________ +_________________________________________
z weight | .2474249 .0374823 6.60 0.000 .173961 .3208888
_cons | .0015724 .0416811 0.04 0.970 -.0801211 .0832658
Random-effects Parameters | Estimate Std. Err. [ 95% Conf. Interval]
__________________ +___________________________

id: Identity |
var( _cons) | .6700243 .0547364 .570891 .7863718
___________________ +_____________________________
var (Residual) | .3112846 .0170621 .2795771 .3465882

IR test vs. linear model: chibar2 (01) =447.99

can be done in many different ways, most
methods are based on structural equation model-
ling (Duncan et al., 1999), a fairly complex statis-
tical method particularly popular in psychology
and social science, but not so much in medical
science. The general idea behind structural equa-
tion modelling is that the development over time
in a particular outcome variable is captured by so-
called latent or unobserved variables. In a longi-
tudinal study these latent variables are the growth
curve parameters. When a linear development over
time is modelled, there are two growth curve par-
ameters, i.e. the intercept and the slope. Figure 4.2
is a typical illustration of a structural equation
model, in which, in this case, a linear growth curve
example for a longitudinal study with six repeated
measurements is shown. The six repeated measure-
ments of the outcome variable are the observed
variables and they are summarised into two latent

Prob >=chibar2=0.0000

growth curve parameters; the intercept and
the slope.

It should be noted that in a situation when one
is interested in the development over time for a
particular continuous outcome variable, the result
of a structural equation model is exactly the same
as the result from a linear mixed model analysis.
This not only holds for the regression coefficients
of the growth parameters, but also for the vari-
ances and covariances of the random intercept
and random slope. To illustrate this, Output
4.16 shows the result of the structural equation
model to analyse the linear development over
time for cholesterol.

From Output 4.16 it can be seen that the
numbers are exactly the same as has been shown
in Output 4.3 in which the result of a comparable
linear mixed model analysis with both a random
intercept and a random slope for time was shown.
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Output 4.14 Results of a linear mixed model analysis to analyse the relationship between cholesterol
and the sum of skinfolds with an interaction with time

Mixed-effects ML regression Number of obs = 882
Group variable: id Number of groups = 147
Obs per group:

min = 6
avg = 6.0
max = 6
Wald chi2 (3) = 266.58
Log likelihood = -763.68628 Prob > chi2 = 0.0000
chol | Coef Std. Err z P>|z| [ 95% Conf. Interval]
_______ +________________________________________
skinf | -.0982397 .0352536 -2.79 0.005 -.1673355 -.0291439
time | -.0721294 .026779 -2.69 0.007 -.1246153 -.0196435

\

skinf# |
time | .0487617 .0069353 03 0.000 .0351688 .0623546

\
_cons | 4.450081 .1316748 33.80 0.000 4.192003 4.708159

LR test vs. linear model: chibar2 (01) =431.09

When one is interested in the classification of
subjects with different growth trajectories, the
structural equation model shown in Figure 4.2 is
extended with another latent variable, i.e. a cat-
egorical variable defining the different classes of
growth trajectories. This classification is based on
the intercepts and slopes for the individual growth
curve parameters (see Figure 4.3).

Within this structural equation framework,
two methods are often used to classify subjects
with the same growth trajectories, i.e. latent class
growth analysis (LCGA) and latent class growth
mixture modelling (LCGMM). LCGMM can be
seen as an extension of LCGA. The difference
between LCGA and LCGMM has to do with the

.2541678 .427551

.2043126 .2508628

Prob >= chibar2 =0.0000

assumptions regarding the individual growth tra-
jectories within a certain class. Looking at the
development over time from an LCGA perspec-
tive, the population under study consists of a
number of classes, each of which has their own
growth trajectory. The classes differ in trajectory
shape, but within the classes the individuals are
assumed to have a similar growth trajectory (there
is no within-class variation). Looking at the devel-
opment over time from an LCGMM perspective,
the interpretation of the classes is similar, but
within the classes, individuals are allowed to differ
in growth trajectory (so there can be within-class
variation). This indicates that subjects with
slightly different growth parameters are classified
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Output 4.15 Results of a linear mixed model analysis to analyse the relationship between cholesterol
and the sum of skinfolds with an interaction with time as a categorical variable

Mixed-effects ML regression
Group variable: id

Log likelihood = -653.10108

Number of obs = 882
Number of groups = 147

Obs per group:

|
+
skinf | -.0262909 .0327509
|
time |
2 | -.3296897 .1325698
3 | -.5391874 .1321692
4 | -.7114043 .1335746
5 | -.3892849 .1371759
6 | -.0306268 .1384165
|
time#skinf |
2 | .0656557 .0373826
3 | .1060974 .036363
4 | .1231961 .0360044
5 | .1513956 .035241
6 | .179339 .0362157
|
cons | 4.520411 .1217846

oW N

min = 6

avg = 6.0

max = 6

Wald chi2 (11) = 611.80

Prob > chi?2 = 0.0000

z P>|z| [ 95% Conf. Interval]
0.80 0.422 -.0904816 .0378998
2.49 0.013 -.5895217 -.0698577
4.08 0.000 -.7982343 -.2801406
5.33 0.000 -.9732056 -.449603
2.84 0.005 -.6581447 -.1204251
0.22 0.825 -.3019181 .2406646
.76 0.079 -.0076128 .1389242
.92 0.004 .0348273 .1773676
.42 0.001 .0526288 .1937635
.30 0.000 .0823244 .2204667
95 0.000 .1083576 .2503205
.12 0.000 4.281718 4.759105

.1678476 .0087807 .1514906 .1859708

LR test vs. linear model: chibar2 (01) =563.22 Prob >= chibar2=0.0000

more easily to the same class within LCGMM
compared to LCGA.

There is some discussion about the use of
LCGA or LCGMM (Connell and Frye, 2006a,
2006b; Hoeksma and Kelderman, 2006; Muthén,

2006). The LCGA methodology is developed by
Nagin and colleagues (Nagin, 1999; Nagin and
Tremblay, 2001) and implemented in the SAS
procedure Traj (Jones et al., 2001), whereas the
LCGMM methodology is developed by Muthén
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Output 4.16 Results of a structural equation model to analyse the linear development over time for

cholesterol
Structural equation model
Estimation method =ml
Log likelihood = -795.2782
_________ - _____
mean (Inter~t) | 4.057732 .0561706
mean (Slope) | .1262974 .0111288
_________ +______________
var (e.choll) | .230104 .0134199
var (e.chol2) | .230104 .0134199
var (e.chol3) | .230104 .0134199
var (e.chold) | .230104 .0134199
var (e.cholb) | .230104 .0134199
var (e.cholo6) | .230104 .0134199
var (Interc~t) | .2643809 .0553353
var (Slope) | .0050572 .0022578
_________ e o _
cov (Inter~t, |
Slope) | .0060351 0086904

Number of obs = 147

72.24 0.000 3.94764 4.167825
11.35 0.000 .1044853 .1481094
.205249 .2579688

.205249 .2579688

.205249 .2579688

.205249 .2579688

.205249 .2579688

.205249 .2579688

.1754173  .3984629

.0021081 .012132

0.69 0.487 -.0109977 0230679

352.65, Prob >chi2 =0.0000

Figure 4.2 Schematic representation of the latent variable
modelling framework. The six repeated measurements are
represented by squares and the latent growth curve
parameters (i and s) are represented by circles.

and colleagues (Muthén and Shedden, 1999;
Muthén and Muthén, 2000; Muthén, 2004) and
implemented in the Mplus software programme.
As has been mentioned before, LCGMM can be
seen as an extension of LCGA. The difference
between the two methods has to do with the
variation within a certain class. With LCGA this
variation is set to zero, while for LCGMM this is
not the case. This implies that the (optimal)
number of classes derived from LCGA is always
bigger than the (optimal) number of classes
derived from LCGMM. Within LCGA, subjects
with slightly different growth parameters are

Figure 4.3 Schematic representation of the latent variable
modelling framework. The six repeated measurements are
represented by squares and the latent growth curve
parameters (i and s) and the latent class variable (c) are
represented by circles.

sooner defined to a different class compared to
LCGMM in which the growth parameters within
a class are allowed to differ. To find the optimal
number of classes, various methods are available.
Probably the best way is a forward classifying
method which starts with a one class solution
(i.e. there are no subgroups; all individuals follow
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the same growth trajectory), then adding add-
itional classes one at a time to investigate whether
or not model fit becomes better due to the add-
itional class. This method ends the moment the
model fit does not improve any more. However,
with this method, one has to be very careful. It
could be that the solution that statistically opti-
mally describes the data is a solution with one (or
more) clinically uninterpretable classes, or with
(a) class(es) with very few subjects. Both issues
should be kept in mind when analysing the data
with these classification methods.

Within medical science, creating groups with the
same growth trajectory is increasingly popular these
days. It is mostly used as a descriptive tool, but the
trajectories are also used either as a determinant for
future (health) outcomes or as an outcome variable
in order to investigate potential predictors of these
trajectories. However, it should be realised that both
additional questions can be answered with different
methods as well. Regarding the investigation of
potential predictors for the development over time

in a certain outcome, it is not necessary to classify
the population under study into several groups. The
outcome variable itself can be analysed with a mixed
model analysis. Regarding the relationship between
different developments over time and future (health)
outcomes, it is also not necessary to classify the
population under study into several groups.
Instead of using the categorical group variable as
a determinant for future (health) outcomes, it is
also possible to use the individual growth param-
eters as determinants. In general, it should be real-
ised that classifying growth trajectories is mostly
not the only solution to answer certain research
questions (Twisk and Hoekstra, 2012; Twisk,
2014).

For detailed insight into the (complicated) math-
ematical background of the methods used to classify
subjects with different growth trajectories one is
referred to several fundamental papers (Muthén and
Shedden, 1999; Nagin, 1999; Muthén and Muthén,
2000 ;Muthén, 2004; Jung and Wickrama, 2008;
Muthén and Asparouhov, 2008; Feldman et al., 2009).
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5.1 Introduction

In Chapter 3, regression-based methods were
introduced to analyse the longitudinal relation-
ship between a continuous outcome variable and
several covariates. One of the most difficult parts
of longitudinal regression analysis is the interpret-
ation of the regression coefficient. In Section 3.3.4
it was explained that the regression coefficient
derived from longitudinal regression method is a
weighted average of a between-subjects and a
within-subjects relationship. Although this is an
important strength of the analysis, it also limits
the interpretation of the result in such a way that
no separation can be made between the two
aspects of the longitudinal relationship. In this
chapter, a few alternative models will be discussed
which aim to disentangle the between-subjects
and the within-subjects part of the relationship
or which aim to estimate only the within-subjects
part of the relationship.

5.2 Hybrid Models

Hybrid models, which are also known as between-
within models, are used to disentangle the
between-subjects and within-subjects part of the
longitudinal relationship (Curren and Bauer,
2001). The between-subjects part of the relation-
ship can be estimated with the relationship
between the mean value of the particular covariate
for each subject and the repeatedly measured out-
come variable (Equation 5.1). To obtain the
within-subjects part of the relationship, the cov-
ariate can be centred around the mean of the
particular subject (Equation 5.2). The difference
between the observations at each time-point and
the individual mean value is known as the devi-
ation score. To obtain both the between- and
within-subjects part of the relationship, a combin-
ation of Equation 5.1 and Equation 5.2 can be
applied (Equation 5.3):

Models to Disentangle the Between- and
w Within-subjects Relationship

Yie = By + BpXi + €t (5.1)
Yie =By + B, (Xit - 71‘) + &t (5.2)
Yi =By + BpXi + B, (Xie — Xi) + € (5.3)

where Y;; are observations of the outcome for
subject i at time ¢, f3 is the intercept, X;; are obser-
vations of the covariate for subject i at time ¢, 3, is
the regression coefficient for the between-subjects
part of the relationship, X; is the mean value of the
covariate for subject i, B,, is the regression coeffi-
cient for the within-subjects part of the relation-
ship, and ¢;; is the error for subject i at time .

Because the mean value over time within a
subject is not correlated with the subjects deviation
score (the correlation equals zero) the regression
coefficient reflecting the between-subjects relation-
ship (Equation 5.1) and the regression coefficient
reflecting the within-subjects relationship (Equation
5.2) are exactly the same as the comparable regres-
sion coefficients obtained from Equation 5.3.

5.2.1 Example

To apply the hybrid model to the example dataset
(i.e. the longitudinal relationship between choles-
terol and the sum of skinfolds), the mean value over
time for the sum of skinfolds for each subject and
the deviation score at each time-point for the sum
of skinfolds has to be calculated (see Table 5.1).

Output 5.1 shows the result of the linear
mixed model analysis between cholesterol and
the individual mean value of the sum of skinfolds
in order to obtain the between-subjects part of
the relationship.

From Output 5.1 it can be seen that the
between-subjects part of the relationship between
cholesterol and the sum of skinfolds is somewhat
higher than the overall relationship. The regres-
sion coefficient for the between-subjects part
equals 0.2042728, while the overall regression coef-
ficient (see Output 3.1) was equal to 0.1871179. In
Chapter 3 it has already been mentioned that the
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overall regression coefficient is a weighted average
of the between-subjects and within-subjects part of
the relationship. This directly implies that the
within-subjects part of the relationship must be
less strong than the overall regression coefficient.

Table 5.1 Data structure needed for performing a hybrid
model analysis

Id Time Covariate Mean_X Deviation_X

X
1 1 3 5 =2
1 2 4 5 =2
1 3 5 5 0
1 4 5 5 0
1 5 6 5 1
1 6 7 5 2

Output 5.2 shows the result of the linear mixed
model analysis between cholesterol and the devi-
ation score of the sum of skinfolds in order to
obtain the within-subjects part of the relationship.

From Output 5.2 it can indeed be seen that the
within-subjects part of the relationship is slightly
lower than the between-subjects part of the rela-
tionship, but that they are both very close to the
overall relationship. This is, however, not always
the case. There are examples in which the
between-subjects part of the relationship has a
different sign than the within-subjects part of
the relationship. To illustrate that the variables
reflecting the between-subjects part and the
within-subjects part of the relationship are uncor-
related, Output 5.3 shows the result of the linear
mixed model analysis between cholesterol and
both the individual mean value and the deviation
score of the sum of skinfolds.

Output 5.1 Results of a linear mixed model analysis to analyse the relationship between cholesterol
and the individual mean value of the sum of skinfolds

Mixed-effects ML regression
Group variable: id

Log likelihood = -862.49535

chol | Coef. Std. Err.
mean_skinf | .2042728 .037537
_cons | 3.733461 .1484745

id: Identity |
var ( cons) |

LR test vs. linear model: chibar2 (01) =311.24

.2878542

.3012036

Number of obs = 882
Number of groups = 147
Obs per group:
min = 6
avg = 6.0
max = 6
Wald chi2 (1) = 29.61
Prob > chi?2 = 0.0000
z P>|z| [ 95% Conf. Interval]
5.44 0.000 .1307017 .2778439
25.15 0.000 3.442456 4.024466

.0395184 .2199452 .3767304

.015712 .2719306 .3336279

Prob >=chibar2 =0.0000

77
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Output 5.2 Results of a linear mixed model analysis to analyse the relationship between cholesterol
and the deviation score of the sum of skinfolds

Mixed-effects ML regression Number of obs = 882

Group variable: id Number of groups = 147
Obs per group:

min = 6

avg = 6.0

max = 6

Wald chi2 (1) = 74.31

Log likelihood = -840.58997 Prob > chi2 = 0.0000

chol | Coef. Std. Err. z P>|z| [ 95% Conf. Interval]
dev_skinf | .1806347 .0209543 8.62 0.000 .1395651 .2217043
_cons | 4.498141 .0525641 85.57 0.000 4.395117 4.601164

Estimate Std. Err. [ 95% Conf. Interval]

.2786157 .4666246

.2735468 .0142693 .2469617 .3029938

IR test vs. linear model: chibar2 (01) =420.05 Prob >= chibar2 =0.0000

From Output 5.3 it can be seen that the regression
coefficients from the analysis with both variables are
exactly the same as the regression coefficients
obtained from the two separate analyses.

The hybrid model can be extended with a
random slope, but this can only be done for the
within-subjects part of the relationship (i.e. the devi-
ation score). The variable reflecting the between-
subjects part of the relationship (i.e. the individual
mean value) is not changing over time and therefore
measured on subject level. Because of that, it is not
possible to add a random slope for the individual
mean value to the model. Output 5.4 shows the
result of a hybrid model including a random slope
for the deviation score.

As with all mixed model analyses, the necessity
of the random slope for the deviation score can be
evaluated by comparing the -2 log likelihood of
the model with only a random intercept with the
—2 log likelihood of the model with a random

intercept, a random slope for the deviation score
and the covariance between the random intercept
and random slope. This difference equals 10.7,
which is statistically significant on a Chi-square
distribution with two degrees of freedom. So, the
final result of this (hybrid) analysis can be derived
from the analysis with a random intercept and a
random slope for the deviation score shown in
Output 5.4.

5.2.2 Direct Estimation of the
Hybrid Model

It was already mentioned that the between-subjects
part of the relationship is basically nothing more
than the relationship between the mean value of
the particular covariate for each subject and the
time dependent outcome variable. To obtain the
within-subjects part of the relationship, the covari-
ate has to be centred around the mean of the
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Output 5.3 Results of a linear mixed model analysis to analyse the relationship between cholesterol
and both the individual mean value and the deviation score of the sum of skinfolds

Mixed-effects ML regression Number of obs = 882

Group variable: id Number of groups = 147
Obs per group:

min = 6

avg = 6.0

max = 6

Wald chi2 (2) = 103.93

Log likelihood = -827.10007 Prob > chi?2 = 0.0000

chol | Coef. Std. Err. z P>|z| [ 95% Conf. Intervall

mean skinf | .2042728 .037537 5.44 0.000 .1307017 .2778439

dev_skinf | .1806347 .0209543 8.62 0.000 .1395651 .2217043

_cons | 3.733461 .1484745 25.15 0.000 3.442456 4.024466

Random-effects Parameters | Estimate Std. Err. [ 95%Conf. Interval]

__________________ +___________________________

id: Identity |

var (_cons) | .2924636 .0395032 .2244397 .3811044

__________________ +___________________________

var (Residual) | .2735468 .0142693 .2469617 .3029938

LR test vs. linear model: chibar2 (01) =346.82

particular subject. The difference between the
observations at each time-point and the individual
mean value is known as the deviation score and
reflects the within-subjects part of the longitudinal
relationship. In Section 5.2.1 both variables were
calculated and analysed with a linear mixed model
analysis. In STATA it is, however, also possible to
obtain the between- and within-subjects part of the
longitudinal relationship directly with the xtreg
procedure. Basically, the xtreg procedure is a linear
mixed model analysis with only a random
intercept. When fe is added to the xtreg procedure,
the within-subjects part of the relationship is esti-
mated, while with be, the xtreg procedure provides
the between-subjects part of the relationship. It
should be noted that fe stands for fixed effect.
This is rather confusing, because in Section 3.3.3
it was mentioned that within mixed model analysis
a distinction is made between the fixed part of the

Prob >=chibar2=0.0000

regression model and the random part of the
regression model. The fixed part of the regression
model is the part in which the regression coeffi-
cients are given, while the random part of the
model contains the random variances and the
residual variance. It should be realised that in other
research fields, such as econometrics, the fixed effect
model refers to a model in which the within-subjects
part of the longitudinal relationship is estimated
(Imlach Gunasekara et al., 2014).

To illustrate the use of the xtreg procedures,
the example used in Section 5.2.1 (i.e. the longitu-
dinal relationship between cholesterol and the
sum of skinfolds) will be reanalysed with the xtreg
procedure. Output 5.5 shows the result of the
xtreg procedure to analyse the between-subjects
part of the relationship, while Output 5.6 shows
the result of the xtreg procedure to analyse the
within-subjects part of the relationship.
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Output 5.4 Results of a linear mixed model analysis to analyse the relationship between cholesterol
and both the individual mean value and the deviation score of the sum of skinfolds with a random slope

for the deviation score

Mixed-effects ML regression
Group variable: id

Log likelihood=-821.74781

Number of obs = 882
Number of groups = 147
Obs per group:
min = 6
avg = 6.0
max = 6
Wald chi2 (2) = 77.30
Prob > chi2 = 0.0000

chol | Coef Std. Err. z P>|z| [ 95% Conf. Interval]
_________ +____________________________________
mean skinf | .2086209 .0374826 5.57 0.000 .1351564 .2820854
dev_skinf | .193318 .0278516 6.94 0.000 .1387299 .2479061
_cons | 3.717184 .1482824 25.07 0.000 3.426556 4.007812
Random-effects Parameters | Estimate Std. Err. [ 95% Conf. Interval]
777777777777777777 +777777777777777777777777777
id: Unstructured |
var (dev_sk~f) | .029545 .0129097 .0125473 .0695692
var (_cons) | .2961119 .0395121 .2279683 .3846247
cov (dev_sk~f, cons) | .0108371 .0166647 -.0218251 .0434993
__________________ +___________________________
var (Residual) | .2518422 0143999 .2251429 2817077

From Output 5.5 and Output 5.6, it can be
seen that the two regression coefficients are
exactly the same as the regression coefficients
obtained from the hybrid mixed model analysis
shown in Output 5.4. The standard errors, how-
ever, are slightly different between the two pro-
cedures as well as the random intercept variance
and the residual variance. It can further be seen
that the xtreg procedure provides some additional
information which is not provided by the stand-
ard linear mixed model analyses with the mean
value and the deviation score. This additional
information includes the explained variances of
the between-subjects part and the within-subjects
part of the relationship, an estimation of the
residual standard deviation and the correlation

LR test vs. linear model: chi2 (3) = 357.53

Prob > chi2 =0.0000

between the regression coefficient for the within-
subjects part of the relationship and the corres-
ponding random effect. However, this additional
information is not very relevant for a proper
interpretation of the result.

5.2.3 Hybrid Models with Categorical
Time-dependent Covariates

In the example used in this chapter, the sum of
skinfolds was the continuous time-dependent
covariate of interest. It has been shown that in
this case it is relatively easy to calculate the vari-
ables used for the hybrid model analysis (i.e. the
individual mean value and the deviation score).
However, when the covariate of interest is categorical,
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Output 5.5 Results of a direct estimation of the between-subjects relationship to analyse the
relationship between cholesterol and the sum of skinfolds

Between regression (regression on groupmeans)

Group variable: id

R-sqg:
within =0.0918
between=0.1677
overall =0.1383

sd(u_i+avg(e i.))= .5854208

chol | Coef. Std. Err.
_______ e

skinf | .2042728 .037795

_cons | 3.733461 .1494949 24.97

the situation is slightly more complex. Especially
when the time-dependent covariate of interest
consists of more than two groups. In that case,
it is not possible to calculate the between- and
within-subjects variables and therefore, it is
necessary to use the direct estimation of the
hybrid model, which was discussed in Section
5.2.2. To illustrate this, the time-dependent cov-
ariate used in the earlier examples (sum of skin-
folds) is divided into three equally sized groups
at each time-point (tertiles) in order to create a
time-dependent categorical covariate. First a stand-
ard linear mixed model analysis was performed to
analyse the overall relationship between cholesterol
and tertiles of the sum of skinfolds. Output 5.7
shows the result of this analysis.

From Output 5.7 it can be seen that there are
two regression coefficients for the sum of skin-
folds. The first one (0.1728317) reflects the differ-
ence in cholesterol on average over time between
subjects with a sum of skinfolds in the second
tertile compared to the subjects with a sum of
skinfolds in the first tertile. The second regression
coefficient for the sum of skinfolds (0.335043)
reflects the difference in cholesterol on average
over time between subjects with a sum of skin-
folds in the third tertile compared to the subjects
with a sum of skinfolds in the first tertile. Because
the categorical sum of skinfolds variable is time-
dependent, both coefficients are a combination

5.40

Number of obs = 882
Number of groups = 147
Obs per group:
min = 6
avg = 6.0
max = 6
F(1,145) = 29.21
Prob>F = 0.0000

P>|t] [ 95% Conf. Interval]
0.000 .1295726 .278973
0.000 3.43799 4.028932

of the between-subjects part of the relationship
and the within-subjects part of the relationship.
To estimate both parts of the relationship separ-
ately, two direct hybrid model analyses should
be performed with the xtreg procedure. Output
5.8 shows the result of the linear mixed model
analysis to obtain the between-subjects part of the
relationship between cholesterol and tertiles of the
sum of skinfolds, while Output 5.9 shows the
result of the linear mixed model analysis to obtain
the within-subjects part of this relationship.

From the two outputs with the between- and
within-subjects parts of the relationship it can be
seen that the overall relationship between choles-
terol and the tertiles of the sum of skinfolds is
mostly driven by the between-subjects part of the
relationship and less by the within-subjects part of
the relationship.

When the time-dependent covariate of interest is
dichotomous, it is possible to calculate the two vari-
ables used for the hybrid model analysis and use
them for estimating the between- and within-
subjects part of the relationship. It should, however,
be realised that the calculated variables, i.e. the indi-
vidual mean over time and the deviation score,
are not dichotomous anymore (see Table 5.2).
Nevertheless, the result obtained from the linear
mixed model analysis with the two calculated vari-
ables will be identical to the direct estimation of the
two regression coefficients with the xtreg procedure.
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Output 5.6 Results of a direct estimation of the within-subjects relationship to analyse the relationship

between cholesterol and the sum of skinfolds

Fixed-effects (within) regression Number of obs = 882
Group variable: id Number of groups = 147
R-sqg: Obs per group:
within =0.0918 min = 6
between=0.1677 avg = 6.0
overall = 0.1383 max = 6
F(1,734) = 74.21
corr(u i, Xb) =0.0433 Prob > F = 0.0000
chol | Coef Std. Err. t P>|t] [ 95% Conf. Interval]
________ +_____________________________________
skinf | .1806347 .0209685 8.61 0.000 .1394692 .2218001
_cons | 3.821948 .0804481 47.51 0.000 3.664013 3.979884
________ +______________________________________
sigma u | .58419889
sigma e | .52337321
rho | .5547529 (fraction of variance due tou 1)

F test that allu i=0: F (146, 734)

5.2.4 Comments

It should be realised that a hybrid model only
makes sense when the covariate of interest is
time-dependent. When the covariate is time-
independent, which is for instance the case for
sex in the example used throughout the book,
the regression coefficient has only a between-
subjects interpretation.

It is argued that the use of hybrid models to
disentangle the between- and within-subjects part
of the relationship in longitudinal studies only
holds when the time-dependent covariate is not
increasing or decreasing over time. When the
time-dependent covariate is changing over time,
it is argued that the deviation score must not be
calculated around the individual mean value but
that it should be calculated around the individual
regression line with time. Furthermore, when the
data is unbalanced, i.e. when the time period and
the number of repeated measurements is different
for different subjects, also the between-subjects
part of the relationship should be calculated in a
different way, i.e. the between-subjects part of the
relationship should be captured with the intercept

Prob > F=0.0000

of an individual regression line with time when
time is centred around the grand mean (Curran
and Bauer, 2001). Although the calculation of the
individual regression line and the deviation from
that line makes sense, a comparable result may be
obtained from a hybrid model adjusted for time,
which is much easier to perform. See Chapter 4
for a detailed discussion of the use of the time
variable in longitudinal data analysis.

5.3 Models to Estimate the Within-
subjects Part of the
Longitudinal Relationship

5.3.1 Introduction

As mentioned before, the standard longitudinal
regression model pools together between-subjects
and within-subjects relationships. In Section 5.2,
hybrid models were introduced as an elegant way
to disentangle the between- and within-subjects
part of the relationship. Before hybrid models
were introduced within medical science, other
alternative models were used. These alternative
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Output 5.7 Results of a linear mixed model analysis to analyse the relationship between cholesterol

and tertiles of the sum of skinfolds

Mixed-effects ML regression
Group variable: id

Log likelihood =-866.13569

Number of obs = 882
Number of groups = 147

Obs per group:

min = )
avg = 6.0
max = 6
Wald chi2 (2) = 20.76
Prob > chiz2 = 0.0000

chol | Coef. Std. Err. z P>|z| [ 95% Conf. Interval]
_______ _I_______________________________________
skinf ter |
2| .1728317 .0615525 81 0.005 .0521911 .2934723
3] .335043 .0735408 56 0.000 .1909058 .4791802
|
_cons | 4.329033 .0640156 67.62 0.000 4.203565 4.454501
Random-effects Parameters | Estimate Std. Err [ 95% Conf. Interval]
___________________ +____________________________
id: Identity |
var (_cons) | .3111541 .0428257 .2375857 .4075029
__________________ +___________________________
var (Residual) | .3002016 .0157034 .2709487 .3326127

models did not intend to disentangle the between-
subjects and the within-subjects part of the rela-
tionship, but rather to estimate only the within-
subjects part of the relationship. In the next
sections of this chapter, two of those alternative
models (i.e. the model of changes and the auto-
regressive model) will be discussed.

5.3.2 Model of Changes

With the model of changes, it is not the actual
observed values at each time-point that are mod-
elled, but the differences between two consecutive
measurements of both the outcome and the cov-
ariates (Equation 5.4):

(5.4)

(Yie — Yier) = By + B (Xit — Xip—1) + €3t

LR test vs. linear model: chibar2 (01) =322.27

Prob >=chibar2 =0.0000

where Y;; are observations of the outcome for
subject i at time ¢, Y;_, are observations of the
outcome for subject i at time t — 1, f; is the
intercept, X;; are observations of the covariate
for subject i at time t, X;_; are observations of
the covariate for subject i at time ¢ — 1, f; is the
regression coefficient for the covariate and ¢; is
the error for subject i at time ¢.

Table 5.3 shows the data structure needed to
perform a model of changes.

5.3.2.1 Example

Output 5.10 shows the result of the model of
changes to analyse the relationship between chol-
esterol and the sum of skinfolds.

From Output 5.10 it can be seen that the regres-
sion coefficient for the change in sum of skinfolds
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Output 5.8 Results of a direct estimation of the between-subjects relationship to analyse the
relationship between cholesterol and tertiles of the sum of skinfolds

Between regression (regression on group means) Number of obs =

Group variable: id

R-sqg:
within =0.0067
between =0.1569
overall = 0.0845

sd(u i+avg(e i.))= .5912291
chol | Coef. Std. Err
________ +______________
skinf ter |
2 | .3093071 .1752555
3 | .7284806 .1408016
|
_cons | 4.152687 .1003059

equals 0.0736776. This indicates that for each unit of
change in the sum of skinfolds there is (on average
over time) a change of 0.0736776 units in choles-
terol. Because the coefficient deals with changes in
both the outcome and the covariate it is believed that
this coefficient only reflects the within-subjects part
of the longitudinal relationship between cholesterol
and the sum of skinfolds. This is, however, not
totally true, because the estimated regression coeffi-
cient also has a between-subjects part and a within-
subjects part interpretation.

An interesting finding is the magnitude of the
random intercept variance, which is shown in the
random part of the model of changes. This vari-
ance is about zero, which indicates that there is
basically no need to adjust for the dependency of
the repeated observations within the subject. The
reason for this phenomenon is that in the model
of changes a different outcome is used, i.e. the
changes in cholesterol between subsequent meas-
urements. In most situations, changes between
subsequent measurements are not positively cor-
related with each other and therefore, there is basic-
ally no need for using a mixed model analysis. To
illustrate this, Output 5.11 shows the observed cor-
relation matrix for the changes between subsequent
measurements in cholesterol.

882
Number of groups = 147
Obs per group:
min = 6
avg = 6.0
max = 6
F(2,144) = 13.40
Prob > F 0.0000
t P>|t| [ 95% Conf. Interval]

1.76 0.080 -.0370986 .6557128
5.17 0.000 .4501757 1.006786
41.40 0.000 3.954424 4.350949

The issue of these non-positive correlations in
the outcome also holds for generalised estimating
equations (GEE) analysis. In Section 3.4 it was
mentioned that within GEE analysis an adjust-
ment is made for the correlated observations by
directly estimating the correlation between the
repeated measurements. This was done by assum-
ing a priori a certain correlation structure. One of
the options to choose from was the independent
structure. An independent correlation structure
seemed a bit strange, because the general idea of
a longitudinal regression method is to adjust for
the positive correlations between the repeated
observations within the subject. However, when
the changes between subsequent measurements
are modelled, probably the best option for the
GEE analysis is the independent correlation struc-
ture. Output 5.12 shows the result of this analysis.

Because there is no missing data in the
example dataset, the regression coefficient for
the change in sum of skinfolds obtained from
the linear GEE analysis is exactly the same as the
regression coefficient obtained from the linear
mixed model analysis. The difference between
the two methods is the higher standard error
estimated with the GEE analysis. It has previously
been explained in Section 3.4 that this has to do
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Output 5.9 Results of a direct estimation of the within-subjects relationship to analyse the relationship
between cholesterol and tertiles of the sum of skinfolds

Fixed-effects (within) regression
Group variable: id

R-sqg:
within = 0.0070
between = 0.1555
overall = 0.0845

corr(u i, Xb) =0.2545

chol | Coef Std. Err.
________ -
skinf ter |
2 | .1041232 .0675186
3 | .1944942 .0857112
\
cons | 4.398704 .0501076
________ L _____
sigma u | .61593675
sigma e | .54764707
rho | .55848764

F test that allu i=0: F (146, 733) =7.09

Table 5.2 Data structure needed for performing a hybrid
model analysis with a dichotomous covariate

Id Time Covariate Mean_X Deviation_X
X
1 1 0 0.33 —0.33
1 2 0 0.33 —0.33
1 3 0 0.33 —0.33
1 4 0 0.33 —0.33
T 5 1 033 067
1 6 1 0.33 0.67

with the robust estimation of the standard error
which is used within GEE analysis.

5.3.2.2 Another Example

A very interesting example of the use of the model
of changes has been given in a study also based on
data from the Amsterdam Growth and Health
Longitudinal Study (Twisk et al., 1998). The

Number of obs = 882
Number of groups = 147
Obs per group:
min = 6
avg = 6.0
max = 6
EN(I21/87S8)) = 2.58
Prob > F = 0.0768
t P>|t| [ 95% Conf. Intervall

1.54 0.123 -.0284296 .2366761
2.27 0.024 .0262255 .3627629
87.79 0.000 4.300332 4.497075

(fraction of variance due tou_1i)

Prob > F =0.0000

purpose of that study was to investigate the longi-
tudinal relationship between two lung function
parameters: forced vital capacity (FVC) and
forced expiratory volume in one second (FEV1)
and smoking behaviour. One of the characteris-
tics of these lung function parameters is that, in a
relatively healthy population, these parameters are
highly influenced by anthropometrics. This indi-
cates that the between-subjects variance of these
parameters is high. On the other hand, because
the population is relatively healthy, the within-
subjects variance is relatively low. The result of
the standard longitudinal regression analysis did
not show a strong relationship between lung func-
tion parameters and smoking behaviour. Thinking
about the theoretical relationship between lung
function and smoking, finding a weak relationship
between these two parameters seems to be very
strange. However, taking into account the fact that
the between-subjects variance is much higher than
the within-subjects variance and also that the
between-subjects part of the relationship is much
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Table 5.3 Data structure needed for performing a model of changes'

Id Time Outcome Y
1 1 3
1 2 4
1 3 5
1 4 5
1 5 6
1 6 7

Covariate X Change Y Change X
3 1 =1
2 1 0
2 0 2
4 1 0
4 1 2
6 Na Na

! Change is defined as the value at time t minus the value at t — 1.

Na = not applicable; these lines are not used in the analysis.

Output 5.10 Results of a linear mixed model analysis to analyse the relationship between the changes
in cholesterol and the changes in the sum of skinfolds

Mixed-effects ML regression

Number of obs = 735

Group variable: id Number of groups = 147
Obs per group:

min = 5

avg = 5.0

max = 5

Wald chi2 (1) = 10.73

Log likelihood = -643.91558 Prob > chi2 = 0.0011

delchol | Coef. Std. Err. z P>|z| [ 95% Conf. Interval]

77777777777 +7777777777777777777777777777777777777_

delskinf | .0736776 .0224937 3.28 0.001 .0295907 .1177645

_cons | .1241763 .021809

5.69 0.000 .0814315 .1669212

var (_cons) | 2.80e-25 1.08e-24 1.46e-28 5.38e-22

var (Residual) | .3376566 .0176136 .3048407 .3740052

LR test vs. linear model: chibar2 (01) =0.00 Prob >= chibar2 =1.0000

weaker than the within-subjects part of the relation-
ship, it is not surprising that the pooled longitudinal
regression coefficient is relatively small. It has
already been stated that the pooled regression
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Output 5.11 Observed correlation matrix of the changes between subsequent measurements

in cholesterol

| delcholl delchol2 delchol3 delchold4 delcholb
77777777 +7777777777777777777777777777777777777777_
delcholl | 1.0000
delchol2 | -0.3473 1.0000
delchol3 | 0.0984 -0.4385 1.0000
delchold | -0.1393 -0.0374 -0.2804 1.0000
delchol5 | -0.0420 0.0003 -0.0037 -0.3501 1.0000

Output 5.12 Results of a linear GEE analysis with an independent correlation structure to analyse the
relationship between the changes in cholesterol and the changes in the sum of skinfolds

GEE population-averaged model

Group variable: id
Link: identity
Family: Gaussian
Correlation: independent
Scale parameter: .3376566
Pearson chi2 (735) : 248.18
Dispersion (Pearson) : .3376566

Number of obs = 735
Number of groups = 147
Obs per group:

min = 5

avg = 5.0

max = 5
Wald chi2 (1) = 6.72
Prob > chi2 = 0.0095
Deviance = 248.18
Dispersion = .3376566

(Std. Err. adjusted for clustering on id)

| Robust
delchol | Coef Std. Err.
_________ +_______________
delskinf | .0736776 .0284147
_cons | .1241763 .0150948

subjects variances. Regarding lung function in this
relatively healthy population, the between-subjects
variance is much higher than the within-subjects
variance, and the between-subjects part of the rela-
tionship is weighted much higher than the within-
subjects part of the relationship. Having a very weak
between-subjects relationship will lead to a weak
overall relationship. So, based on this, it is not
surprising that the standard longitudinal regression
analysis did not show a strong longitudinal relation-
ship between lung function parameters and
smoking behaviour. The next step in the analysis
was not to model the actual values of lung
function at the different time-points, but rather
the changes in lung function between subsequent

z P>|z| [ 95% Conf. Interval]
2.59 0.010 .0179859 .1293693
8.23 0.000 .0945911 .1537616

measurements. It should be noted that in this model
the changes in smoking behaviour were not mod-
elled but smoking behaviour was measured at t — 1.
Table 5.4 shows the results of both analyses.

From Table 5.4 it can be seen that the model
of changes revealed a strong inverse longitudinal
relationship between both lung function param-
eters and smoking behaviour. So, although the
values of the lung function parameters were not
influenced by smoking behaviour, the changes in
lung function parameters over time were highly
influenced by smoking behaviour. This example
illustrates that the modelling of longitudinal data
is more complicated than the modelling of cross-
sectional data.
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Table 5.4 Standardised regression coefficients and 95%
confidence intervals regarding the longitudinal relationship
between lung function parameters (forced vital capacity
(FVQ) and the forced expiratory volume in one second
(FEV1)) and smoking behaviour; a comparison between the
standard model and the model of changes

FVC FEV1
Standard -003(-011to - 0.01 (- 009 to
model 0.06) 0.06)
Model of -013(-022 - 0.14 (- 0.25
changes to — 004)" to — 0.04)"
*p < 001

5.3.3 Autoregressive Model

Another way in which to remove the between-
subjects part of the relationship is to use an auto-
regressive model. Autoregressive models are also
known as Markov models, conditional models or
transition models, and an extensive amount of
literature has been devoted to these types of
models (Rosner et al., 1985; Rosner and Munoz,
1988; Zeger and Qagqish, 1988). The autoregres-
sion indicates that the outcome is regressed on the
outcome itself, measured one time-point earlier
(Equation 5.5):

Yie = By + B Xi—1 + B Vi1 + it (5.5)

where Y;; are observations of the outcome for
subject i at time t, 3, is the intercept, X;;_; are
observations of the covariate for subject i at time
t — 1, B, is the regression coefficient for the cov-
ariate, Y;;_; are observations of the outcome for
subject i at time t — 1, 8, is the autoregression
coefficient, and ¢; is the error for subject i at time .

In the autoregressive model shown in Equation
5.5 it can be seen that the value of the outcome
variable at time t is related not only to the value of
the outcome variable at ¢ - 1, but also to the value of
the covariate at ¢ — 1. This makes sense because
basically the autoregressive model deals with the
changes in the outcome variable. This can be seen
when Y;_,; is taken to the other side of the equa-
tion. The outcome then becomes Y; — f3,Y; 1,
which can be seen as a sort of adjusted change in
the outcome variable between the two measure-
ments. Knowing this, it makes sense that also the
covariate measured at ¢ — 1 is used in the analysis.
The covariate at t — 1 is related to the adjusted
change in the outcome variable from ¢ - 1 to
time .

Table 5.5 Data structure needed for performing an
autoregressive model

Id Time Outcome Covariate Yat Xatt-1
Y X t-1
11 3 3 Na Na
1 2 4 2 3 3
3 5 2 4 2
1 4 5 4 5 3
15 6 4 5 4
1 6 7 6 6 4

Na = not applicable; these lines are not used in the analysis.

The model shown in Equation 5.5 is called a
first-order autoregressive model, because the out-
come variable at time-point ¢ is only related to the
value of the outcome variable at t — 1. In a second-
order or third-order autoregressive model, the out-
come variable at time-point ¢ is also related to the
value of the outcome variable at t+ — 2 or t — 3.
Because the value of an outcome variable at each
measurement is primarily influenced by the value of
this variable one measurement earlier, in practice
the higher order autoregressive models are not
much used.

Table 5.5 shows the data structure needed to
perform an autoregressive analysis.

5.3.3.1 Example

Output 5.13 shows the result of the autoregressive
analysis to analyse the relationship between chol-
esterol and the sum of skinfolds.

From Output 5.13 it can be seen that in the
fixed part of the model there are now two covari-
ates with corresponding regression coefficients.
The first one is the regression coefficient for the
sum of skinfolds measured at t - 1. The second
one is the regression coefficient for the outcome
variable cholesterol measured at ¢ - 1. It has
already been mentioned that because an adjust-
ment is made in the autoregressive analysis for the
outcome variable measured at ¢ - 1, the outcome
reflects the (adjusted) change in cholesterol between
two subsequent measurements. This is only slightly
different from the outcome used in the model of
changes, and because of that, the autoregressive
model is used to obtain an estimate of the within-
subjects part of the relationship between (in this
example) cholesterol and the sum of skinfolds. It
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Output 5.13 Results of an autoregressive linear mixed model analysis to analyse the relationship
between cholesterol and the sum of skinfolds

Mixed-effects ML regression Number of obs = 735

Group variable: id Number of groups = 147
Obs per group:

min = 5

avg = 5.0

max = 5

Wald chi2 (2) = 940.28

Log likelihood = -607.7352 Prob > chi2 = 0.0000

chol | Coef. Std. Err. z P>|z| [ 95% Conf. Interval]

—_— e —— — —— — — + _____________________________________

skinft 1 | .1075459 .014569 7.38 0.000 .0789893 .1361025

cholt 1 | .7575473 .0301444 25.13 0.000 .6984655 .8166291

_cons | .8040143 .1248782 6.44 0.000 .5592574 1.048771

Random-effects Parameters | Estimate Std. Err. [ 95% Conf. Interval]
__________________ +____________________________

id: Identity |
var(_cons) | 3.87e-17 1.39%e-16 Sl.818e=2/08 At ddie =11
__________________ +____________________________
var (Residual) | .3059983 .0159622 .2762591 .3389389

LR test vs. linear model: chibar2 (01) =2.3e-13

Prob >=chibar2=1.0000

should be realised, however, that in the present
example, it is not the changes in the sum of skin-
folds that are added as the covariate of interest, but
the value of the sum of skinfolds at ¢ - 1. So, the
result of the autoregressive model cannot be (dir-
ectly) compared to the results of the model of
changes, which were reported in Section 5.3.2.1.
The random part of the model shows that the
random intercept variance of the autoregressive
model is almost zero. This seems to be strange,
because the outcome variable in the autoregressive
model is cholesterol measured at the different time-
points. Table 3.1 showed the within-subjects correl-
ations for cholesterol, which are far from zero. The
reason why the random intercept variance is almost
zero in the autoregressive model has to do with the
fact that in longitudinal regression analysis an adjust-
ment is made for the correlated residuals, rather than
for the correlated observations. Although in most

situations the structure of the correlation between
the observations is comparable to the structure of the
correlation between the residuals, for an autoregres-
sive model this is not the case. In an autoregressive
model part of the correlation in the observations is
explained by the addition of the outcome variable at ¢
— 1 to the model. In an autoregressive model, the
within-subjects correlation of the residuals is there-
fore different from the within-subjects correlation of
the observations. Because the outcome variable
at t - 1 is strongly related to the outcome
variable at time t, almost all correlations
between the observed values are explained by
the same variable measured one time-point
earlier. As a result, the random intercept vari-
ance of the autoregressive model is reduced to
almost zero (see Section 3.6.3). This also
implies that when an autoregressive model is
analysed with GEE analysis an independent

89

https://doi.org/10.1017/9781009288002.006 Published online by Cambridge University Press


https://doi.org/10.1017/9781009288002.006

92

Applied Longitudinal Data Analysis for Medical Science

Output 5.14 Results of an autoregressive linear GEE analysis with an independent correlation structure
to analyse the relationship between cholesterol and the sum of skinfolds

GEE population-averaged model Number of obs = 735

Group variable: id Number of groups = 147
Link: identity Obs per group:

Family: Gaussian min = 5

Correlation: independent avg = 5.0

max = 5

Wald chi2 (2) = 1181.72

Scale parameter: .3059983 Prob > chi?2 0.0000

Pearson chi2 (735) : 224.91 Deviance = 224.91

Dispersion (Pearson) : .3059983 Dispersion = .3059983

(Std. Err. adjusted for clustering on id)

| Robust
chol | Coef Std. Err.
_________ +_______________
skinft 1| .1075459 .0150824
cholt 1| .7575473 .0256546
_cons | .8040143 .1038861

correlation structure can be used. Output 5.14
shows the result of this analysis.

5.3.4 Comments

Although the magnitude of the regression coeffi-
cients for the different models cannot be inter-
preted in the same way, a comparison between the
regression coefficients and standard errors of the
different models shows directly that the results
obtained from the different models are quite dif-
ferent. Using an alternative model (i.e. a model of
changes or an autoregressive model) can lead to
different conclusions than when using the stand-
ard model. On the one hand this is strange,
because all analyses attempt to answer the ques-
tion of whether there is a longitudinal relation-
ship between a continuous outcome and a
particular covariate. On the other hand, however,
with the different models, different parts of the
longitudinal relationships are analysed, and the
results of the models should be interpreted in
different ways. To obtain the best answer to the
question of whether there is a longitudinal rela-
tionship between the outcome variable and a cov-
ariate, maybe the results of several models should

z P>|z| [ 95% Conf. Interval]
7.13 0.000 .0779849 .1371069
29.53 0.000 .7072652 .8078294
7.74 0.000 .6004012 1.007627

be combined (Twisk, 1997). In practice, however,
this almost never happens: a priori the most
appropriate model is chosen (usually the standard
model), and only that result is reported.

It is sometimes suggested to use the model fit
statistics to decide which model should be used.
However, when deciding which model should be
used to obtain the best answer to a particular
research question, comparing the fit of the models
will not provide much interesting information.
First of all, in the model of changes and the
autoregressive model, less observations are used
than in the standard model. The problem is that
the number of observations highly influences the
likelihood of a particular analysis and therefore all
model fit statistics. Secondly, looking at the fit of
the models it is obvious that, for instance, an
autoregressive model provides a much better fit
than a standard model. This is due to the fact that
a high percentage of variance of the outcome
variable at time ¢ is explained by the value of the
outcome variable at £ — 1. This can, for instance,
be seen from the values of the scale parameter
presented in the GEE output and the log
likelihood presented in the output of the mixed
model analysis. Both values are much lower in the

https://doi.org/10.1017/9781009288002.006 Published online by Cambridge University Press


https://doi.org/10.1017/9781009288002.006

Models to Disentangle the Between- and Within-subjects Relationship

autoregressive model than in the standard model.
However, this does not mean that the autoregres-
sive model should be used to obtain the best
answer to the question of whether there is a lon-
gitudinal relationship between the outcome vari-
able and the covariate. In general, it should be
realised that it is better to base the choice of a
specific longitudinal model on logical consider-
ations instead of statistical ones.

It has already been mentioned that with the
model of changes and with the autoregressive model
an attempt is made to estimate only the within-
subjects part of a relationship. It is therefore surpris-
ing that the results of the longitudinal analyses with
the model of changes and the autoregressive model
are quite different. One reason for the difference in
results is that both alternative models use a different
model of change. This can be explained by assuming

a longitudinal study with just two measurements. In
the autoregressive model, Y, = 3, 4+ 3, Y1, while in
the model of changes, Y, — Y, = 3, (where § is
the difference between subsequent measurements),
which is equal to Y, =, + Y;. The difference
between the two equations is the coefficient f3;. In
the model of changes the change is a fixed param-
eter, while in the autoregressive model the change is
a function of the value of Y;. Another reason for
the difference in result between the model of
changes and the autoregressive model is the differ-
ent modelling of the covariate. It has already been
mentioned that for the model of changes, the
changes in the time-dependent covariate were also
modelled. In the autoregressive model, however, the
covariate measured at ¢ — 1 was used. It is obvious
that different modelling of the covariates (can) lead
to a different result.
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6.1 Time-lag Models

It is assumed that the greatest advantage of a longi-
tudinal study is that causal relationships can be
detected. However, in fact this is only partly
true for longitudinal intervention studies (see
Chapter 10). In observational longitudinal studies
in general, no answer can be given to the question
whether a certain relationship is causal or not. With
the standard models described in Chapter 3, it is
only possible to detect longitudinal relationships
between an outcome variable and one (or more)
covariate(s). When there is some rationale about
possible causation in observational longitudinal
studies, these associations are called quasi-causal
relationships. In every textbook a list of arguments
can be found which can give an indication as to
whether or not an observed relationship is causal
(see Table 1.1). In Chapter 1, it was already men-
tioned that only one of these arguments is specific
for a longitudinal study: the rule of temporality, i.e.
a time sequence between the outcome variable and
a particular covariate. With a small change in the
standard models described in Chapter 3, this time
sequence between the outcome variable and the
covariate can be modelled. In this so-called time-
lag model the covariate is modelled prior in time to
the outcome variable (Equation 6.1):

Yie = By + B Xi—1 + €t (6.1)

where Y; are observations of the outcome for sub-
ject iat time t, 3, is the intercept, X;;_; are observa-
tions of the covariate for subject i at t — 1, §; is the
time-lag regression coefficient for the covariate X,
and ¢; is the error for subject i at time ¢.

Table 6.1 shows the data structure needed to
perform a time-lag model analysis.

6.1.1 Example

Figure 6.1 shows the path diagram which corres-
ponds with the standard model and the time-lag
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model assuming six repeated measurements (i.e.
comparable to the example dataset). In the
example, cholesterol at time t is related to the
sum of skinfolds at ¢ — 1.

Output 6.1 shows the result of the linear mixed
model time-lag analysis to analyse the relationship
between cholesterol and the sum of skinfolds.

From the upper part of the output it can be
seen that for each subject, five repeated measure-
ments are used in the analysis. For cholesterol, the
analysis includes the second to the sixth measure-
ment, while for the sum of skinfolds, the analysis
includes the first up to the fifth measurement
(see Figure 6.1). In the fixed part of the model,
the regression coefficient for the sum of skinfolds
(at t — 1) is given. Comparable to the standard
model explained in Chapter 3, it should be real-
ised that the regression coefficient of a time-lag
model also has a double interpretation. The coeffi-
cient is a weighted average of the between-subjects
and the within-subjects relationship on average
over time.

The coefficient obtained from the time-lag
model cannot be compared directly with the coef-
ficient obtained from the standard model in order
to say something about a possible causal relation-
ship between cholesterol and the sum of skinfolds.

Table 6.1 Data structure needed to perform a time-

lag analysis

Id Time Outcome Covariate X at
Y X t-1

1 1 3 3 Na

1 2 4 2 3

1 3 5 2 2

1 4 5 4 2

1 5 6 4 4

1 6 7 6 4

Na = not applicable; these lines are not used in the analysis.
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Figure 6.1 Path diagram for (A) a standard model and (B) a time-lag model with six repeated measurements. Y stands for the

outcome variable and X stands for the covariate.

The reason why this direct comparison cannot be
made is that in the standard model more observa-
tions are included than in the time-lag model. In
order to make a proper comparison between the
standard and the time-lag model, the standard
model should be performed on the data gathered
at the second till the sixth measurement for both
cholesterol and the sum of skinfolds. Output 6.2
shows the result of this analysis.

From Output 6.2 it can be seen that the regres-
sion coefficient obtained from the standard model
(only using the second to the sixth measurement)
is smaller than the one obtained from the time-lag
model (i.e. 0.21 versus 0.26). So, this may suggest

that there is a sort of time sequence in the observed
relationship, which may suggest a causal relation-
ship between cholesterol and the sum of skinfolds.

6.1.2 Comments

It has been mentioned before that the only differ-
ence between the time-lag model and the standard
model is that the time-lag model takes into account
the temporal sequence of a possible cause and effect.
The question then arises: should a time-lag model
be used in every situation in which a causal rela-
tionship is suspected? The answer to that question
is no! In fact, a time-lag model can only be useful
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Output 6.1 Results of a linear mixed model time-lag analysis to analyse the relationship between

cholesterol and the sum of skinfolds

Mixed-effects ML regression
Group variable: id

Log likelihood = -706.7596

chol | Coef Std. Err.
e p o __o__
skinft 1| .2638365 .0215735
_cons | 3.544948 .0927765

Random-effects Parameters |
id: Identity |
|

when the time periods between subsequent meas-
urements are short. When the time periods are
long, the biological plausibility of a time lag
between the outcome variable and a particular cov-
ariate is doubtful. Furthermore, sometimes a time
lag is already taken into account in the way a par-
ticular covariate is measured. For instance, when a
lifestyle parameter such as dietary intake or physical
inactivity is used as covariate in relation to some
sort of disease outcome, both lifestyle parameters
are often measured by some method of retrospect-
ive recall (e.g. measurement of the average amount
of dietary intake of a certain nutrient over the
previous three months). In other words, when a
time lag is included in the method of measuring
the covariate, a statistical time-lag model is not
necessary. In general, the usefulness of a time-lag
model depends on the biological plausibility of a
time lag in the relationship analysed.

It is also possible that the result of a time-lag
model is a reflection of the result that would have

.292878

.2774438

Number of obs = 735
Number of groups = 147
Obs per group:
min = 5
avg = 5.0
max = 5
Wald chi2 (1) = 149.56
Prob > chi2 = 0.0000
z P>|z| [ 95% Conf. Interval]
12.23 0.000 .2215532 .30611098
38.21 0.000 3.363109 3.726786

Estimate Std. Err.

[ 95% Conf. Interval]

.0408732 .22279 .3850151

.016191 .2474576 .3110638

LR test vs. linear model: chibar2 (01) =257.78

Prob >= chibar2 =0.0000

been found in a standard model. This occurs
when the correlation between subsequent measure-
ments of both the outcome variable and the covariate
is rather high. In fact, the standard relationship
carries over to the time-lag relationship through the
high correlation of the variables involved in the
relationship investigated. Figure 6.2 illustrates this
phenomenon.

6.2 Longitudinal Mediation Models

A statistical method often used to get insight into
causal processes is mediation analysis. With medi-
ation analysis, the relationship between the out-
come and the covariate is decomposed into a direct
effect and an indirect effect through a mediating
variable. In the example used throughout the book,
for example, the relationship between cholesterol
and the sum of skinfolds can be mediated by phys-
ical fitness. Mediation analysis is therefore an
important statistical tool for gaining insight into
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Output 6.2 Results of a linear mixed model analysis to analyse the relationship between cholesterol
and the sum of skinfolds without using the first measurement

Mixed-effects ML regression Number of obs 735

Group variable: id Number of groups = 147
Obs per group:

min = 5

avg = 5.0

max = 5

Wald chi2 (1) = 104.48

Log likelihood = -728.96267 Prob > chi2 = 0.0000

chol | Coef. Std. Err z P>|z| [ 95% Conf. Interval]

_______ +________________________________________

skinf | .2070161 .0202528 10.22 0.000 .1673213 .2467109

_cons | 3.717839 .0918444 40.48 0.000 3.537827 3.897851

Random-effects Parameters | Estimate Std. Err. [ 95% Conf. Interval]

__________________ +____________________________

id: Identity |

var (_cons) | .2911511 .0410835 .2208045 .3839096

___________________ +_____________________________

var (Residual) | .2986698 .0174195 .2664073 .3348393

LR test vs. linear model: chibar2 (01) =239.76 Prob >=chibar2=0.0000

Figure 6.2 A time-lag relationship
can be a reflection of the standard
relationships when the correlation
between subsequent measurements of
both the outcome and the covariate

is high.

Covariate

Covariate

I I
I 1
I I
1 I
1 1
v v

time

the (causal) mechanisms of a particular relation-
ship. There are a lot of statistical methods available
to perform mediation analysis (Rijnhart et al,

2021), but the most simple way is to perform a
pair of regression analyses. First, a regression
analysis with the outcome and the covariate and
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second, the same regression analysis with the pos-
sible mediator added to the model. The regression
coefficient for the covariate in the first analysis can
be interpreted as the total effect and the regression
coefficient for the covariate in the second analysis
can be interpreted as the direct effect. The differ-
ence between the total effect and the direct effect
can be interpreted as the indirect effect through the
particular mediator.

Mediation analysis can be performed in cross-
sectional studies, but it is obvious that longitu-
dinal studies are more suitable to investigate
mediation. In Section 6.1 the time-lag model was
introduced to investigate a possible causal rela-
tionship between the outcome and the covariate.
Within a longitudinal mediation study, a possible
time lag between the covariate and the mediator
and a possible time lag between the mediator and
the outcome can be added to the longitudinal
regression model. Assume a simple longitudinal
mediation study, with an outcome variable, one
covariate and one mediator. In that situation
there are basically four mediation analyses that
can be performed:

1. A contemporaneous relationship between the
mediator and the covariate and a
contemporaneous relationship between the
outcome and the mediator.

2. A time-lag relationship between the mediator
and the covariate and a contemporaneous
relationship between the outcome and
the mediator.

3. A contemporaneous relationship between the
mediator and the covariate and a time-lag
relationship between the outcome and
the mediator.

4. A time-lag relationship between the mediator
and the covariate and a time-lag relationship
between the outcome and the mediator.

Figure 6.3 shows the four possible mediation models
for a longitudinal study with six repeated measure-
ments and Tables 6.2 to 6.5 show the data structures
needed to analyse the four mediation models.

6.2.1 Example

In the example, the dataset with cholesterol and the
sum of skinfolds is extended with a possible medi-
ator, i.e. cardiopulmonary fitness. The fitness vari-
able is measured as maximal oxygen uptake and
expressed per kilogram bodyweight. Fitness is a

time-dependent variable also measured at the six
time-points and is the possible mediator in the
relationship between cholesterol and the sum of
skinfolds. In the first mediation model no time lags
are included in the model, so contemporaneous
relationships are modelled between cholesterol, fit-
ness and sum of skinfolds. First the longitudinal
relationship between cholesterol and the sum of
skinfolds is analysed. This analysis was already
performed in Chapter 3 and referred to as the
standard model. Output 6.3a shows (again) the
result of the linear mixed model analysis to analyse
the relationship between cholesterol and the sum of
skinfolds. Second, the same longitudinal analysis is
performed, but now including fitness in the model.
Output 6.3b shows the result of this analysis.

From Outputs 6.3a and 6.3b it can be seen that
the regression coefficient for sum of skinfolds
decreased from 0.1871179 to 0.0710136 when fit-
ness is added to the model. So, based on these
analyses it can be concluded that the total effect of
sum of skinfolds on cholesterol equals 0.19 while
the direct effect of sum of skinfolds on cholesterol
equals 0.07. The indirect effect of sum of skinfolds
on cholesterol through fitness can be calculated by
the difference between the total effect and the
direct effect; 0.19 — 0.07 = 0.12. Because in the first
longitudinal mediation analysis, no time lags are
included, all observations of the six repeated meas-
urements are used in the analyses (see Table 6.2).

In the second mediation model, a time-lag
relationship is modelled between fitness and
the sum of skinfolds, while a contemporaneous
relationship is modelled between cholesterol and
fitness. Again, in the first analysis, cholesterol at
time t is related to the sum of skinfolds at t — 1,
while in the second analysis fitness at time ¢ is added
to the model. Outputs 6.4a and 6.4b show the
results of these analyses.

From Outputs 6.4a and 6.4b it can be seen that
the regression coefficient for sum of skinfolds
decreased from 0.2638365 to 0.1850714 when fit-
ness is added to the model. So, based on these
analyses it can be concluded that the total effect
of sum of skinfolds at t — 1 on cholesterol at time ¢
equals 0.26, while the direct effect of sum of skin-
folds at t — 1 on cholesterol at time ¢ equals 0.19.
The indirect effect of sum of skinfolds at t — 1 on
cholesterol at time ¢ through fitness at time ¢ can be
calculated by the difference between the total effect
and the direct effect; 0.26 - 0.19 = 0.07. Because in
the second longitudinal mediation analysis a time
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time

Figure 6.3 Four possible mediation models for a longitudinal study with six repeated measurements; (A) mediation model 1, (B)
mediation model 2, (C) mediation model 3 and (D) mediation model 4. Y stands for the outcome, M stands for the mediator and X

stands for the covariate.

lag is included for sum of skinfolds, five of the six
repeated measurements are used in the analyses
(see Table 6.3).

In the third mediation model, a contemporan-
eous relationship is modelled between fitness and
the sum of skinfolds, while a time-lag relationship is
modelled between cholesterol and fitness. Again,
in the first analysis, cholesterol at time ¢ is related
to the sum of skinfolds at ¢ — 1. This analysis is
exactly the same as the first analysis in the second
mediation model (see Output 6.4a). The differ-
ence between the two mediations models is the

inclusion of the fitness variable. In the second
mediation model, fitness at time t was added to
the model, while in the third mediation model, in
the second analysis fitness at t — 1 is added to the
model. Outputs 6.5a and 6.5b show the results of
the two analyses for the longitudinal mediation
model 3.

From Outputs 6.5a and 6.5b it can be seen that
the regression coefficient for sum of skinfolds
decreased from 0.2638365 to 0.1544256 when fit-
ness is added to the model. So, based on these
analyses it can be concluded that the total effect of
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Figure 6.3 (cont.)

Table 6.2 Data structure needed to perform mediation
model 1

Id Time Outcome Covariate Mediator

Y X M
1 1 3 3 10
1 2 4 2 12
1 3 5 2 10
1 4 5 4 11
1 5 6 4 13
1 6 7 6 13

98

time

sum of skinfolds at + — 1 on cholesterol at time ¢
equals 0.26, while the direct effect of sum of
skinfolds at t — 1 on cholesterol at time ¢ equals
0.15. The indirect effect of sum of skinfolds at
t — 1 on cholesterol at time t through fitness at
t — 1 can be calculated by the difference between
the total effect and the direct effect; 0.26 — 0.15 =
0.11. Because in the third longitudinal mediation
analysis a time lag is included for fitness, five of
the six repeated measurements are used in the
analyses (see Table 6.4).

In the fourth and last mediation model, a time-
lag relationship is modelled between fitness and the
sum of skinfolds, and a time-lag relationship is

https://doi.org/10.1017/9781009288002.007 Published online by Cambridge University Press


https://doi.org/10.1017/9781009288002.007

Causality in Observational Longitudinal Studies

Output 6.3a Results of a linear mixed model analysis to analyse the relationship between cholesterol

and the sum of skinfolds (mediation model 1)

Mixed-effects ML regression
Group variable: id

Log likelihood = -830.19309

chol | Coef. Std. Err
________ e

skinf | .1871179 .018359

_cons | 3.799312 .0838674

LR test vs. linear model: chibar2 (01) = 345.41

modelled between cholesterol and fitness. In this
mediation model, in the first analysis, cholesterol
at time t is related to the sum of skinfolds at t — 2,
while in the second analysis fitness at t — 1 is added
to the model. Outputs 6.6a and 6.6b show the
results of the two analyses for the longitudinal
mediation model 4.

From Outputs 6.6a and 6.6b it can be seen that
the regression coefficient for sum of skinfolds
decreased from 0.2762735 to 0.1672743 when fit-
ness is added to the model. So, based on these
analyses it can be concluded that the total effect of
sum of skinfolds at t — 2 on cholesterol at time ¢
equals 0.28, while the direct effect of sum of skin-
folds at ¢ — 2 on cholesterol at time ¢ equals 0.17.
The indirect effect of sum of skinfolds at t — 2 on
cholesterol at time ¢ through fitness at t — 1 can be
calculated by the difference between the total effect
and the direct effect; 0.28 - 0.17 = 0.11. Because in
the fourth longitudinal mediation analysis two

.293719

Number of obs = 882
Number of groups = 147
Obs per group:
min = 6
avg = 6.0
max = 6
Wald chi2 (1) 103.88
Prob > chi2 = 0.0000
z P>|z] [ 95% Conf. Interval]
10.19 0.000 .1511349 .2231008
45.30 0.000 3.634935 3.963689

.0397034 .2253571 .3828185

.2488127 .3052687

Prob >=chibar2=0.0000

time lags are included, only four of the six repeated
measurements are used in the analyses (see
Table 6.5).

In Table 6.6, the results of the four longitu-
dinal mediation models are summarised.

Looking at the total effects of the sum of
skinfolds on cholesterol, it seems that modelling
a time lag between cholesterol and the sum of
skinfolds makes sense. In fact, the strongest total
effect has been found in the fourth mediation
model, in which a double time-lag was modelled
between cholesterol and the sum of skinfolds,
However, the difference between the total effect
of the sum of skinfolds with a single time lag is
very small. Furthermore, it can be concluded that
the relationship between cholesterol and the sum
of skinfolds is strongly mediated by fitness. All
indirect effects are relatively strong. Sometimes
the indirect effects are expressed as a percentage
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Output 6.3b Results of a linear mixed model mediation analysis to analyse the relationship between
cholesterol, physical fitness and the sum of skinfolds (mediation model 1)

Mixed-effects ML regression Number of obs = 882

Group variable: id Number of groups = 147
Obs per group:

min = 6

avg = 6.0

max = 6

Wald chi2 (2) = 187.01

Log likelihood =-791.79549 Prob > chi2 = 0.0000

chol | Coef. Std. Err. z P>|z| [ 95% Conf. Interval]

________ +_____________________________________

skinf | .0710136 .021954 3.23 0.001 .0279845 .1140427

fitness | -.3271325 .0372392 -8.78 0.000 -.40012 -.2541449

_cons | 5.909606 .2537431 23.29 0.000 5.412279 6.406934

of the total effect. When this is done in the present
example, the percentages range from 27% to 63%.
From the results it is not directly clear whether a
time lag must be modelled between cholesterol
and fitness. The results of the analyses with or
without a time lag are more or less the same. By
comparing the different models, it should be real-
ised that the number of observations used in the
different analyses are not the same. In the first
longitudinal mediation model, all six repeated
measurements are used in the analysis, in the
second and third longitudinal mediation model,
five of the six repeated measurements are used,
while in the last longitudinal mediation model
only four of the six repeated measurements are
used. The different number of observations used
in the different analyses also complicates the com-
parison of the models by model fit statistics, such as
the Akaike (AIC) and Bayesian (BIC) information

100

.2605195 .4381356

.2429576

IR test vs. linear model: chibar2 (01) =410.84

.0127082 .2192842 .2691868

Prob >=chibar2=0.0000

criteria. Both are often used to compare models
with each other and both can be seen as adjusted
values of the —2 log likelihood, i.e. adjusted for the
number of parameters estimated by the particular
model (Akaike, 1974; Schwarz, 1978). However, due
to the different number of observations used in the
different models, a direct comparison of model fit
statistics is not possible.

In the table showing an overview of the results
(i.e. Table 6.6), only the effect estimates are given.
This seems strange, because normally the 95%
confidence intervals around the effect estimates
and the corresponding p-values are also given.
This has to do with the fact that for the indirect
effects there is some discussion whether the
methods that are normally used for estimating
the standard errors give valid estimations (Loeys
et al.,, 2015). For the total effect and the direct
effect, the 95% confidence intervals can be found
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Output 6.4a Results of a linear mixed model mediation analysis to analyse the relationship between
cholesterol and the sum of skinfolds (mediation model 2)

Mixed-effects ML regression Number of obs = 735

Group variable: id Number of groups = 147
Obs per group:

min = 5

avg = 5.0

max = 5

Wald chi2 (1) = 149.56

Log likelihood = -706.7596 Prob > chi2 = 0.0000

chol | Coef. Std. Err. z P>|z| [ 95% Conf. Interval]

__________ +_______________________________________

skinft 1| .2638365 .0215735 12.23 0.000 .2215532 .3061198

_cons | 3.544948 .0927765 38.21 0.000 3.363109 3.726786

Random-effects Parameters | Estimate Std. Err. [ 95% Conf. Interval]
___________________ +____________________________
id: Identity |

var (_cons) | .292878 .0408732 .22279 .3850151
___________________ +____________________________
var (Residual) | .2774438 .016191 .2474576 .3110638

LR test vs. linear model: chibar2 (01) =257.78

in the outputs of the linear mixed model analyses.
However, for the indirect effect either the Sobel
formula or bootstrap methods can be used.
Unfortunately, both methods lead to much smaller
confidence intervals than observed for the total
effect and the direct effect. This is unusual, because
the number of observations and the standard devi-
ation of the variables used in the analyses are the
same in all estimations. Therefore, the width of the
confidence intervals for the three effects should be
more or less the same.

Although fitness seems to mediate the relation-
ship between cholesterol and the sum of skinfolds,
it does not mean directly that there is a causal
relationship between cholesterol, fitness and the
sum of skinfolds. Looking at the example, it is also
possible that the relationship is the other way
round, i.e. the relationship between cholesterol
and fitness is mediated by the sum of skinfolds.
To illustrate this, the longitudinal mediation

Prob >=chibar2=0.0000

models 1 and 2 were analysed the other way round.
In the first mediation model, all relationships were
assumed to be contemporaneous without a time
lag, while in the second model the relationship
between the sum of skinfolds and fitness is assumed
to be contemporaneous, while the relationship
between cholesterol and the sum of skinfolds and
between cholesterol and fitness are assumed to
have a time lag. Outputs 6.7a and 6.7b show the
result of the longitudinal mediation analysis in
which no time lags were modelled, while Outputs
6.8a and 6.8b show the result of the longitudinal
mediation analysis in which a time lag is modelled
for the relationship between cholesterol and the
sum of skinfolds and between cholesterol and fit-
ness, and no time lag for the relationship between
the sum of skinfolds and fitness.

From the outputs it can be seen that the mag-
nitude of the mediation by the sum of skinfolds
regarding the relationship between cholesterol and
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Output 6.4b Results of a linear mixed model mediation analysis to analyse the relationship between
cholesterol, physical fitness and the sum of skinfolds (mediation model 2)

Mixed-effects ML regression
Group variable: id

Log likelihood =-696.17557

Number of obs 735
Number of groups = 147
Obs per group:
min = 5
avg = 5.0
max = 5
Wald chi2 (2) = 175.82
Prob > chi2 = 0.0000

chol | Coef. Std. Err
skinft 1| .1850714 .0273432
fitnesst 1| -.2303257 .0486844

_cons | 5.042304 .3311341

6.77 0.000 .1314797 .238663
-4.73 0.000 -.3257453 -.1349061
15.23 0.000 4.393293 5.691315

|
+
|
var (_cons) | .3212677 .0446304 .2446912 .4218088
+
|

IR test vs. linear model: chibar2 (01) =278.56 Prob >= chibar2 =0.0000

Table 6.3 Data structure needed to perform mediation model 2

Id Time Outcome Y
1 1 3
1 2 4
1 3 5
1 4 5
1 5 6
1 6 7

Na = not applicable; these lines are not used in the analysis.

Covariate X Mediator M X at t-1
3 10 Na

2 12 3

2 10 2

4 11 2

4 13 4

6 13 4

fitness highly depends on the model used. When
no time-lags are modelled the total effect of fitness
on cholesterol equals -0.40 (Output 6.7a), while
the direct effect equals —0.33 (Output 6.7b), which
leads to an estimated indirect effect of -0.07. So,

102

the effect of fitness on cholesterol is for 17.5%
mediated by the sum of skinfolds.

When a time lag is modelled between choles-
terol and the sum of skinfolds and between chol-
esterol and fitness, the total effect of fitness on
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Output 6.5a Results of a linear mixed model mediation analysis to analyse the relationship between
cholesterol and the sum of skinfolds (mediation model 3)

Mixed-effects ML regression Number of obs = 735

Group variable: id Number of groups = 147
Obs per group:

min = 5

avg = 5.0

max = 5

Wald chi2 (1) = 149.56

Log likelihood = -706.7596 Prob > chi?2 = 0.0000

chol | Coef. Std. Err. z P>|z| [ 95% Conf. Interval]

__________ +_____________________________________

skinft 1] .2638365 .0215735 12.23 0.000 .2215532 .3061198

_cons | 3.544948 .0927765 38.21 0.000 3.363109 3.726786

LR test vs. linear model: chibar2 (01) =257.78

cholesterol equals -0.44 (Output 6.8a), while the
direct effect equals —0.23. This results in an indir-
ect effect of -0.21, which leads to a mediation
effect of around 48%.

So, it is obvious that the estimated mediation
highly depends on the theoretical model used.
Questions such as which variable is the covariate
of interest, which variable is the potential medi-
ator, and for which variables time-lags must be
modelled are crucial for a proper interpretation of
the result obtained.

6.2.2 Comments

Regarding the theoretical framework behind the
research question of interest, the creation of a
Directed Acyclic Graph (DAG) can be helpful.
A DAG is a figure in which all possible relation-
ships between the outcome and the covariate are

.292878

.0408732 .22279 .3850151

.016191 .2474576 .3110638

Prob >=chibar2=0.0000

shown. This includes the direct relationship,
indirect relationships through possible medi-
ators, and all other influencing variables, such
as confounders and colliders. It is an acyclic
framework, so it includes no cycles, and there-
fore no recursive processes. Although it is some-
times a simplification of the reality, it can be
helpful in designing the analysis in order to
estimate the causal relationship between the out-
come and the covariate of interest (Krieger and
Davey Smith, 2016).

In Section 6.2.1 the longitudinal mediation
analysis was performed with linear mixed model
analysis. There are more possibilities to estimate
the different effects in a longitudinal mediation
model. It is, for instance, possible to use structural
equation modelling to estimate the different effects.
When there are no latent variables (i.e. variables
that are not observed) involved in the analysis, the
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Output 6.5b Results of a linear mixed model mediation analysis to analyse the relationship between
cholesterol, physical fitness and the sum of skinfolds (mediation model 3)

Mixed-effects ML regression Number of obs = 735
Group variable: id Number of groups = 147

Obs per group:

min = 5

avg = 5.0

max = 5

Wald chi2 (2) = 267.40

Log likelihood = -663.14831 Prob > chi2 = 0.0000

chol | Coef Std. Err. z P>|z| [ 95% Conf. Interval]

________ +_______________________________________

skinft 1| .1544256 .0236003 6.54 0.000 .1081699 .2006812

fitness | -.3759705 .037702 -9.97 0.000 -.4498651 -.3020759

_cons | 5.842352 .2494901 23.42 0.000 5.353361 6.331344

Random-effects Parameters | Estimate Std. Err. [ 95% Conf. Interval]

__________________ +____________________________
id: Identity |

var(_cons) | .3576216 .0483208 .2744175 .4660534

__________________ +____________________________

var (Residual) | .2305364 .0135237 .2054974 .2586264

IR test vs. linear model: chibar2 (01) =334.12 Prob >= chibar2 =0.0000

Table 6.4 Data structure needed to perform mediation model 3

Id Time Outcome Y Covariate X Mediator M X at t-1 M at t-1
1 1 3 3 10 Na Na
1 2 4 2 12 3 10
1 3 5 2 10 2 12
1 4 5 4 11 2 10
1 5 6 4 13 4 11
1 6 7 6 13 4 13

Na = not applicable; these lines are not used in the analysis.

result obtained from a structural equation model is ~ Figure 6.3 are sometimes referred to as path
the same as the result obtained from a linear mixed  analyses.

model analysis. When structural equation model- In recent years, potential outcome analysis has
ling is used for the analyses, the analyses performed  become popular to investigate mediation analysis.
in this chapter based on the models shown in  Within potential outcome analysis, the causal effect
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Output 6.6a Results of a linear mixed model mediation analysis to analyse the relationship between
cholesterol and the sum of skinfolds (mediation model 4)

Mixed-effects ML regression Number of obs = 588
Group variable: id Number of groups = 147

Obs per group:

min = 4

avg = 4.0

max = 4

Wald chi2 (1) = 84.16

Log likelihood = -625.36416 Prob > chi?2 = 0.0000
chol | Coef. Std. Err. z P>|z] [ 95% Conf. Interval]

skinft 2 | .2762735 .0301155 9.17 0.000 .2172481 .3352989
_cons | 3.594035 .1167005 30.80 0.000 3.365306 3.822764

\
+
|
var (_cons) | .295427 .0449091 .2193085 .3979649
+
| .3372098 .0227469 .2954481 .3848744

LR test vs. linear model: chibar2 (01) =147.18 Prob >= chibar2 =0.0000

is defined as the difference between two potential 2. No unmeasured confounding of the outcome-

outcomes, one outcome that has been observed and mediator relation.

one outcome that would have been observed fora 3. No unmeasured confounding of the mediator-
different exposure. Because a subject has only one covariate relation.

possible exposure, the response to the other expos- 4, No outcome-mediator confounders that are
ure values is simulated. Although the potential affected by the covariate.

outcome method is relatively complex, when both
the outcome and the mediator are continuous, the
potential outcome analysis leads to exactly the
same result as the linear mixed model analysis.
With longitudinal mediation analysis, an attempt
is made to discover causal relationships in longitu-
dinal observational studies. It should, however, be
realised that with this kind of modelling real causation
can only be determined when four non-confounding
assumptions are met (VanderWeele, 2015):
1. No unmeasured confounding of the outcome-
covariate relation.

Failing to adjust for confounding variables might
result in bias, which means that the estimated effects
will not have a real causal interpretation. Looking at
these assumptions, it is obvious that the assumptions
are never met in real-life observational longitudinal
studies. This indicates that effect estimates derived
from longitudinal mediation models cannot be inter-
preted directly as causal effects. Claims for proven
causality based on the result of this kind of longitu-
dinal data analysis must, therefore, be interpreted
with great caution.
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Output 6.6b Results of a linear mixed model mediation analysis to analyse the relationship between
cholesterol, physical fitness and the sum of skinfolds (mediation model 4)

Mixed-effects ML regression Number of obs = 588

Group variable: id Number of groups = 147
Obs per group:

min = 4

avg = 4.0

max = 4

Wald chi2 (2) = 144.85

Log likelihood = -600.4941 Prob > chi2 = 0.0000

chol | Coef Std. Err. z P>|z| [ 95% Conf. Interval]

___________ +_____________________________________

skinft 2 | .1672743 .0339376 4.93 0.000 .1007578 .2337908

fitnesst 1 | -.382019 .0508198 -7.52 0.000 -.4816239 -.282414

cons | 5.95197 .3385552 17.58 0.000 5.288414 6.615526

Random-effects Parameters | Estimate Std. Err. [ 95% Conf. Interval]

__________________ +____________________________

id: Identity |

var(_cons)| .3600443 .0530431 .2697451 .4805717

__________________ +____________________________

var (Residual) | .2885277 .0197129 .2523662 .3298707

LR test vs. linear model: chibar2 (01) =188.20 Prob >= chibar2 =0.0000

Table 6.5 Data structure needed to perform mediation model 4

Id Time Outcome Y Covariate X Mediator M Xatt-2 M at t-1
1 1 3 3 10 Na Na
1 2 4 2 12 Na 10
1 3 5 2 10 3 12
1 4 5 4 11 2 10
1 5 6 4 13 2 11
1 6 7 6 13 4 13

Na = not applicable; these lines are not used in the analysis.

6.3 Other Methods that Claim to dependent continuous outcomes and all kinds of

Estimate Causal Relationships

time-dependent covariates. Other methods that
claim to estimate causality are mostly limited to

With the methods discussed so far, it was possible to  time-independent dichotomous outcomes or sur-
estimate (quasi) causal relationships between time-  vival data (i.e. dichotomous outcomes including
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the time on which the dichotomous outcome 31 G-methods
occurs). Because of the time-independent outcome,
these methods do not belong to the definition of
longitudinal data used in this book (see Section 1.1),
but because they are often seen as longitudinal
methods, it is worthwhile to include a short explan-
ation of these methods to this chapter.

G-methods are developed to deal with time-
varying confounding. Dealing with time-varying
confounding is not very special, because standard
mixed model analysis can also deal with time-
varying confounding. In research situations when
the outcome variable is repeatedly measured over
time and when both the covariate and the possible
Table 6.6 Overview of the results of the four longitudinal confounder are repeatedly measured over time, a
mediation models standard mixed model analysis can be used to
adjust for the time-varying confounder. This is

Mediati Total Di Indi

ediation ota irect ndirect done by simply adding the potential confounder

model effect effect effect . . .
to the mixed model analysis. The main advantage
1 0.19 007 0.12 of using G-methods is that it can model the fact
2 026 019 007 that the covariate at a certain time-point influ-
3 06 015 011 ences the possible confounder at one (or more)
' ' ' time-points later. This particular situation cannot
4 028 017 011 be analysed by standard mixed model analysis.

Output 6.7a Results of a linear mixed model mediation analysis to analyse the relationship between
cholesterol and physical fitness (mediation model 1)

Mixed-effects ML regression Number of obs = 882
Group variable: id Number of groups = 147

Obs per group:

min = 6

avg = 6.0

max = 6

Wald chi2 (1) = 175.81

Log likelihood =-796.92205 Prob > chi2 = 0.0000

chol | Coef Std. Err. z P>|z| [ 95% Conf. Interval]

_______ +________________________________________

fitness | -.3998117 .0301532 -13.26 0.000 -.458911 -.3407125

_cons | 6.548087 .1631421 40.14 0.000 6.228335 6.86784

Random-effects Parameters | Estimate Std. Err. [ 95% Conf. Interval]

777777777777777777 +7777777777777777777777777777
id: Identity \

var (_cons) | .3581673 .0468052 L277237 .4627225

__________________ +____________________________

var (Residual) | .2437897 .0127297 .2200742 .2700608

LR test vs. linear model: chibar2 (01) =451.40 Prob >=chibar2 =0.0000
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Output 6.7b Results of a linear mixed model mediation analysis to analyse the relationship between
cholesterol, the sum of skinfolds and physical fitness (mediation model 1)

Mixed-effects ML regression Number of obs = 882

Group variable: id Number of groups = 147
Obs per group:

min = 6

avg = 6.0

max = 6

Wald chi2 (2) = 187.01

Log likelihood =-791.79549 Prob > chi?2 = 0.0000

chol | Coef Std. Err Z P>|z| [ 95% Conf. Interval]

_______ +______________________________________

fitness | -.3271325 .0372392 -8.78 0.000 -.40012 -.2541449

skinf | .0710136 .021954 3.23 0.001 .0279845 .1140427

_cons | 5.909606 .2537431 23.29 0.000 5.412279 6.406934

.3378504 .0448049 .2605195 .4381356

.2429576 .0127082 .2192842 .2691868

LR test vs. linear model: chibar2 (01) =410.84 Prob >= chibar2 =0.0000

var (Residual) |

One of the problems with G-methods is that they
are suitable for the analysis of time-independent
dichotomous outcomes (measured at the end of
the study) or for the analysis of survival outcomes
and that the methods are specifically developed
for situations in which the covariate of interest is
dichotomous (i.e. exposure versus non-exposure).

The classical example always used to explain G-
methods is a longitudinal observational study of
the effect of antiretroviral therapy (ART) in HIV
patients. The covariate of interest in this study is
whether a patient is prescribed ART at a certain
time-point. This is a dichotomous time-dependent
variable. The time-varying confounder is the CD4
count ata certain time-point. The outcome variable
in this study is whether the patient develops AIDS
in a certain time-interval (which makes it a survival
outcome). The specific feature of this observational
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study example is the fact that the decision to treat a
patient with ART at a certain time-point depends
on the CD4 count at the same time-point, but
treatment with ART at a certain time-point leads
to an increase of the CD4 count one time-point
later. So, the possible time-varying confounder (i.e.
CD4 count) is influenced by the covariate (i.e.
ART). It is, however, questionable whether in this
particular situation CD4 count can be seen as a
time-varying confounder, because when ART leads
to an increase in CD4 count and, therefore, in a
lower probability to develop AIDS, CD4 count also
acts as a mediator in the relationship between ART
and the development of AIDS. So, basically, the
time-varying confounder partly acts as a confoun-
der, but also partly as a mediator.

Basically G-methods can be divided into G-
estimation and marginal structural models. The
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Output 6.8a Results of a linear mixed model mediation analysis to analyse the relationship between
cholesterol and physical fitness (mediation model 2)

Mixed-effects ML regression Number of obs = 735

Group variable: id Number of groups = 147
Obs per group:

min = 5

avg = 5.0

max = 5

Wald chi2 (1) = 123.68

Log likelihood = -718.27422 Prob > chi?2 = 0.0000

chol | Coef. Std. Err. z P>|z| [ 95% Conf. Interval]

_________ +____________________________________

fitnesst 1| -.438006 .0393857 -11.12 0.000 -.5152005 -.3608115

_cons | 6.80997 .2135079 31.90 0.000 6.391502 7.228437

Random-effects Parameters | Estimate Std. Err. [ 95% Conf. Interval]

__________________ +____________________________

id: Identity |

var (_cons) | .3629983 .0493559 .2780796 .4738491

__________________ +____________________________

var (Residual) | .275655 .0161137 .2458148 .3091176

IR test vs. linear model: chibar2 (01) =310.21

difference between the two is the estimation
method. With G-estimation, a two-step method
is used to estimate the effect of a particular cov-
ariate (i.e. exposure) on the outcome. The first
step is a casual model that includes the covariate
and links the outcome under no exposure during
follow-up (i.e. the outcome that would have been
observed under no exposure during the follow-
up) to the weighted sum of time spent in a given
exposure status. The second step is a logistic
regression analysis for predicting exposure at each
time-point based on the previous exposure, con-
founding history and the outcome. G-estimation
succeeds in adjusting for time-varying confoun-
ders that are affected by previous exposure by
separately analysing the association between out-
come and exposure at each time-point and adjusting
only for the time-varying confounder at the previous
time-points.

Prob >= chibar2=0.0000

Marginal structural models on the other hand
use inverse probability weighting for the estima-
tion. Inverse probability weighting is a compli-
cated method in which an artificial population is
generated in which exposures are independent of
(time-varying) confounders. An analysis on this
artificial population, therefore, is adjusted for the
(time-varying) confounding.

It has been mentioned before that the outcome
variable used in G-methods is either a dichotomous
variable measured at the end of the study or a
survival outcome. For both there is no need to take
into account the correlated observations within the
subject in the outcome variable, so there is no need
to use for instance mixed model analysis. However,
because the covariate and potential confounders
are (or can be) time-dependent, an alternative way
is used to take into account the dependency of
the observations within the subjects in the
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Output 6.8b Results of a linear mixed model mediation analysis to analyse the relationship between
cholesterol, the sum of skinfolds and physical fitness (mediation model 2)

Mixed-effects ML regression Number of obs = 735

Group variable: id Number of groups = 147
Obs per group:

min = 5

avg = 5.0

max = 5

Wald chiz (2) = 175.82

Log likelihood = -696.17557 Prob > chi2 = 0.0000

chol | Coef Std. Err z P>|z| [ 95% Conf. Interval]

________ +_____________________________________

fitnesst 1 | -.2303257 .0486844 -4.73 0.000 -.3257453 -.1349061

skinft 1 | .1850714 .0273432 6.77 0.000 .1314797 .238663

_cons | 5.042304 .3311341 15.23 0.000 4.393293 5.691315

Random-effects Parameters | Estimate Std. Err [ 95% Conf. Interval]

__________________ +____________________________

id: Identity |

var (_cons) | .3212677 .0446304 .2446912 .4218088

__________________ +____________________________

var (Residual) | .2629499 .0154114 .2344145  .294959

IR test vs. linear model: chibar2 (01) =278.56 Prob >= chibar2 =0.0000

time-dependent covariate and potential confoun-
ders. Within G-methods this is done by adding
lagged variables to the statistical models. With
lagged variables, for instance, the covariate or pos-
sible confounder at a certain time-point is adjusted
for the same variable one time-point earlier.
Figure 6.4 shows the theoretical framework behind
G-methods.

Although the use of G-methods makes some
sense it should be realised that data which is
suitable for using G-methods on is rare and does
not often occur in real life. Furthermore, G-
methods are not much used in medical studies
because both the conceptual and technical details
of the methods are very complicated. Therefore,
the application of G-methods in real-life medical
studies is rather limited. For further details about
G-methods one is referred to Robins et al. (2000),
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Rhian et al. (2011), Mansournia et al. (2017) and
Naimi et al. (2017).

6.3.2 Joint Models

Joint models were introduced to combine longi-
tudinal data of a particular covariate with a sur-
vival analysis. When longitudinal information of
the covariate is available in combination of sur-
vival data, usually time-varying Cox regression
analysis is used to estimate the effect of the cov-
ariate on the survival outcome. An alternative to
the time-varying Cox regression analysis is to
perform two separate analyses. In the first analy-
sis, the longitudinal development of the covariate
over time is estimated with a longitudinal regres-
sion analysis, such as a mixed model analysis. In
the second analysis, the predicted linear
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Figure 6.4 |llustration of a causal diagram with a covariate and a time-varying confounder both measured three times and an
outcome measured at the end of follow-up. In the framework other measured and unmeasured possible confounders are omitted.

development over time (or another parameter
derived from the longitudinal regression analysis)
is used as covariate in a Cox regression analysis.
The general idea behind joint models is that the
two analyses (i.e. the longitudinal regression analy-
sis and the survival analysis) are combined into
one analysis.

So, because the outcome of a joint model analy-
sis is a survival outcome, joint models do not
belong to the definition of longitudinal data used
in this book (see Section 1.1). However, because the
first step in the joint model analysis is a longitu-
dinal regression analysis, it is worthwhile to include
a short description of this method including a
corresponding example into this chapter.

6.3.2.1 Example

The example dataset is taken from a hypothetical
study in which the first occurrence of hypercho-
lesterolemia is related to the development of phys-
ical fitness. In this observational study, at most,
six repeated measurements were performed.
From the 147 subjects who started the study,
13 were diagnosed with hypercholesterolemia at
time-point 4, 29 were diagnosed at time-point
5 and 33 were diagnosed at time-point 6. The data
were analysed with a joint model analysis as well
as with a two-step method in which first the linear
development over time in physical fitness was
estimated with a linear mixed model analysis
including a random intercept and a random slope
for time. In the second step of the two-step
method, the individual predicted slope (using
both the fixed and random components of the
mixed model analysis) was used as covariate in a

Cox regression analysis with the (time to) occur-
rence of hypercholesterolemia as outcome.
Output 6.9 shows the result of the linear mixed
model analysis to estimate the individual develop-
ment over time. The model included a random
intercept and a random slope for time.

From Output 6.9 it can be seen that there is a
decrease in fitness over time. The regression coef-
ficient for time (i.e. —-2.108964) indicates that
there is a decrease of 2.11 units in fitness for each
year of measurement. Based on the results of the
mixed model analysis (including the regression
coefficient for time, the random intercept and
the random slope for time) the slope in physical
fitness for each subject can be predicted. This
predicted slope can then be used in a Cox regres-
sion analysis to analyse the relationship with the
first occurrence of hypercholesterolemia. Output
6.10 shows the result of this analysis

From Output 6.10, it can be seen that the hazard
ratio for the predicted slope equals 0.9560501, which
means that for each unit difference in the predicted
slope the hazard for hypercholesterolemia is 0.956
times as high. So an increase in fitness, or a lesser
decrease in fitness, is preventive against the occur-
rence of hypercholesterolemia.

In the two-step method, a Cox regression analy-
sis was used for the survival analysis. One of the
reasons why Cox regression analysis is mostly used
for survival analysis is that there are no assump-
tions about the shape of the baseline hazard
function. Cox regression analysis is, therefore,
known as a semi-parametric survival analysis.
When a joint model analysis is used it is not pos-
sible to use a Cox regression analysis for the

m
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Output 6.9 Results of a linear mixed model analysis to analyse the linear development over time in
fitness (including a random intercept and random slope for time)

Mixed-effects ML regression Number of obs = 827
Group variable: id Number of groups = 147
Obs per group:

min = 4

avg = 5.6

max = 6

Wald chi2 (1) = 408.22

Log likelihood = -2495.5976 Prob > chi?2 = 0.0000

fitness | Coef. Std. Err. z P>|z| [ 95% Conf. Interval]

_______ +______________________________________

time | -2.108964 .1043808 -20.20 0.000 =-2.313546 -1.904381

_cons | 56.57512 .5925217 95.48 0.000 55.4138 57.73644

Random-effects Parameters | Estimate Std. Err. [ 95% Conf. Interval]

___________________ +_____________________________
id: Unstructured |

var (start) | .6795149 .1951595 .3870172 1.193075

var (_cons) | 44.43301 6.033639 34.05019 57.98184

cov (start, cons) | -1.552841 .8150746 -3.150358 .0446759

______________ +_______________________________

var (Residual) | 13.20972 .8096939 11.71437 14.89595

LR test vs. linear model: chi2 (3) = 680.62

Prob > chi2 =0.0000

Output 6.10 Results of a Cox regression analysis to analyse the relationship between the (time to) first
occurrence of hypercholesterolemia and the predicted linear development over time in fitness

Cox regression — Breslow method for ties

No. of subjects = 147
No. of failures = 75
Time at risk = 827
Log likelihood = -357.54393
_t | Haz. Ratio Std. Err. z
_______ +_____________________
slope | .9560501 .0178397 =2 .41
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Number of ocbs = 827
LR chi2 (1) = 5.90
Prob > chi2 = 0.0151
P>|z| [95% Conf. Interval]

0.016 .9217166 .9916625
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Output 6.11 Results of a joint model analysis to analyse the relationship between the (time to) first
occurrence of hypercholesterolemia and the development of fitness using a Weibull distribution for the

baseline hazard

Joint model estimates Number of obs. = 827
Panel variable: id Number of panels = 147
Number of failures = 75

Log-likelihood =-2649.4308

| Coef Std. Err. z P>|z]| [ 95% Conf. Interval]
_________ o
Longitudinal |
_time 1| -2.125825 .1044802 -20.35 0.000 -2.330602 -1.921048
_cons | 56.59577 .5923011 95.55 0.000 55.43488 57.75665
Survival |
assoc:value |
_cons | —-.0504124 .018881 -2.67 0.008 -.0874185 -.0134062
In lambda |
_cons | -11.46199 1.857622 -6.17 0.000 -15.10286 -7.82112
In gamma |
cons | 2.005993 .114317 17.55 0.000 1.781935 2.23005
Random effects Parameters | Estimate Std. Err [ 95% Conf. Interval]
___________________ +____________________________
id: Unstructured |
sd(_time 1) | .8212008 .1176223 .6201975 1.087348
sd( _cons) | 6.661769 .4522539 5.831808 7.609847
corr( _time 1, cons) | —.2775905 .1222785 -.4965678 -.0253933
__________________ e
sd (Residual) | 3.635472 1112869 3.423769 3.860267

survival part of the analysis; it is only possible to use
a parametric survival analysis. With a parametric
survival analysis it is assumed that the baseline
hazard function has a particular shape. The most
commonly used parametric survival analyses are
the one assuming an exponential baseline hazard
function and the one assuming a Weibull baseline
hazard function. With the exponential hazard
function, the baseline hazard is assumed to be
constant over time, while with the Weibull hazard
function, the baseline hazard is assumed to increase
or decrease over time. A slightly more flexible
option is the use of the flexible parameter method.

This method uses restricted cubic spline functions
to model the baseline hazard. A detailed descrip-
tion of the different parametric survival analysis
goes beyond the scope of this book; see for further
details, for instance, Lambert and Royston, 2009;
Cleves et al, 2010; Royston et al., 2011. In the
present example both the Weibull survival model
and the flexible parameter model were used to
analyse the relationship between the first occur-
rence of hypercholesterolemia and (the linear
development of) physical fitness. Output 6.11
shows the result of the joint model analysis using
a Weibull distribution for the baseline hazard
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Output 6.12 Results of a joint model analysis to analyse the relationship between the (time to) first
occurrence of hypercholesterolemia and the development of fitness using a flexible parameter

approach
Joint model estimates Number of obs. = 827
Panel variable: id Number of panels = 147
Number of failures = 75
Log-likelihood =-2649.4653
\ Coef Std. Err z P>|z| [ 95% Conf. Interval]
_________ +_______________________________________
Longitudinal |
_time 1 | -2.127614 .1043759 -20.38 0.000 -2.332187 -1.923041
_cons | 56.59798 .5921285 95.58 0.000 55.43743 57.75853
_________ +_______________________________________
Survival |
assoc:value |
_cons | —-.0495594 .0187288 -2.65 0.008 -.0862671 -.0128516
xb |
~rcsl | 4.425586 .515262 8.59 0.000 3.415691 5.435481
_cons | =3.705836 1.1078 -3.35 0.001 -5.877083 -1.534588
Random effects Parameters | Estimate Std. Err. [ 95% Conf. Interval]
__________________ +____________________________
id: Unstructured |
sd(_time 1) | .818273 .1175346 .6174956 1.084333
sd(_cons) | 6.65904 .4520523 5.829447 7.606692
corr(_time 1, cons) |-.2758098 .1225533 -.4953445 -.0231603
__________________ +____________________________
sd (Residual) | 3.636692 1113438 3.424881 3.861602

function, while Output 6.12 shows the result of
the joint model analysis using the flexible param-
eter method.

In both joint model outputs, the first part of the
output shows the result of the linear mixed model
analysis in order to analyse the linear development
over time in fitness. The regression coefficients for
the development over time are slightly different for
both joint models and are also slightly different
from the result obtained from the mixed model
analysis shown in Output 6.9. However, the differ-
ences between the estimates are very small. In the
second part of the output of the joint model analy-
sis, the result of the survival analysis is shown. The
most important coefficient of this part of the output
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is the value given by _cons. This is the regression
coefficient for the relationship between the first
occurrence of hypercholesterolemia and the devel-
opment of fitness. This regression coefficient should
be transformed into a hazard ratio by taking the e-
power. For both joint models, the hazard ratio
equals EXP[-0.05] = 0.95, with a 95% confidence
interval ranging from EXP[-0.09] = 0.92 to EXP[-
0.013] = 0.99. The hazard ratio and the 95% confi-
dence interval are more or less the same as the
hazard ratio and the 95% confidence interval
derived from the Cox regression analysis with the
predicted slope of fitness as covariate. Besides the
regression coefficient for the development of fitness,
the output of the joint model analysis also provides
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some information about the baseline hazard
function used in the particular survival analysis.
This information is not really important in light of
the scope of this book (see for specific details for
instance Royston, 2001 and Cleves et al., 2010). In
the last part of the output of the joint model analy-
sis, the random intercept and slope variances are
given. It should be realised that in the output of the
joint model analysis, standard deviations are given
instead of variances. When the standard deviations
are squared it can be seen that the variances esti-
mated by the joint model analysis are more or less
the same as the variances estimated with the linear
mixed model analysis (see Output 6.9).

In general, it seems that the result obtained
from a joined model analysis is not that different
from the result obtained from the two-step

method. And although it is argued that joint
modelling reduces bias and improves precision
(see for details Rizopoulos, 2011, Crowther et al.,
2013 and Mchunu et al., 2020), based on the result
of the example, it is questionable what the added
value of the use of joint models really is. One of
the limitations of a joint model analysis is that
only the slope of the longitudinally measured
covariate is used in the survival analysis. It is,
however, highly possible that also the average
value or the heterogeneity of the longitudinally
measured covariate are related to survival as well.
With the two-step method these additional indi-
cators can be estimated in a relatively simple way
and used in the survival analysis. This makes the
two-step method slightly more flexible than the
joint model method.
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7.1 Two Measurements

When a dichotomous outcome variable is meas-
ured twice over time in the same subjects, a 2 x 2
table can be constructed as shown below (where #
stands for the number of subjects and p stands for
the proportion of the total number of subjects N).

5}
1 2 Total
t 1 M /pi Ma/pia ”l(rl)/Pw(n)
2 N1 /Py N22/P2» nZ(H)/pz(ﬂ)
Total Mmw)/Piy  Na)/Paey N

The simplest way to estimate the development
over time is to compare the proportion of subjects
in group 1 at t = 1 with the proportion of subjects
in group 1 at t = 2. Equation 7.1 shows how to
calculate the standard error of the difference in
proportions:

(”1(t2) - nl(tl))
5€<P1(t2) —Pml)) =N

where p, ) is the proportion of subjects in group
1 at t =2, py(, is the proportion of subjects in
group 1 at t = 1, ny(,) is the number of subjects
in group 1 at t = 2, ny(;) is the number of sub-
jects in group 1 at t=1, and N is the total
number of subjects.

The standard error can be used to calculate the
95% confidence interval for the difference (differ-
ence + 1.96 times the standard error) which can
be used to answer the question of whether there is
a significant change over time. The problem with
the difference in proportions is that it basically
provides an indication of the difference between
the change in opposite directions. If all subjects
from group 1 at t = 1 move to group 2 at t = 2,
and all subjects from group 2 at t =1 move to

(7.1)
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group 1 at t = 2, the difference in proportions
reveals no change over time.

A widely used method to determine whether
there is a change over time in a dichotomous out-
come variable is the McNemar test. This is an alter-
native Chi-square test, which takes into account the
fact that the observed proportions in the 2 x 2 table
are not independent. The McNemar test is, in
principle, based on the difference between the
number of subjects moving from group 1 to group
2 and the number of subjects moving from group
2 to group 1, and the test statistic follows a Chi-
square distribution with one degree of freedom
(Equation 7.2):

1y — 1y — 1)
2 _ (n12 21 ) (7.2)
nip + Ny

where #n;; is the number of subjects in group 1 at
t=1 and in group 2 at t =2, and ny; is the
number of subjects in group 2 at t =1 and in
group 1 att = 2.

The McNemar test determines whether the
change in one direction is equal to the change in
another direction. So, the McNemar test has the
same disadvantage as has been mentioned above
for the difference in proportions. It tests the dif-
ference between the change in opposite directions.

A possible way in which to estimate the total
change over time is to calculate the proportion
of subjects who change from one group to
another. The standard error of this proportion is
calculated as:

pchange - (1 - pchange)
se (pchange) = N

where se is the standard error, p,,,,. is the pro-
portion of change equal to p,, + p,,, and N is the
total number of subjects.

If one is only interested in the proportion of
subjects who change in a certain direction (i.e. only

(7.3)
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a decrease or increase over time) the same method
can be followed for separate changes. In this
respect, a proportion of increase or a proportion
of decrease can be calculated and a 95% confidence
interval can be constructed, based on the standard
error calculated with Equation 7.3.

It should be noted that when all individuals
belong to the same group at t = 1, the estimate of
the change in opposite directions is equal to the
estimate of the total change over time. In that
situation, which often occurs in intervention
studies (see Chapter 10), all methods discussed
so far can be used to estimate the change over
time in a dichotomous outcome variable.

7.2 More than Two Measurements

When more than two measurements are per-
formed on the same subjects, the multivariate
extension of the McNemar test can be used. This
multivariate extension is known as Cochran’s Q,
and it has the same disadvantage as the McNemar
test. It is a test for the difference between the
change in opposite directions, while in longitu-
dinal studies one is generally interested in the total
change over time. To analyse the total change over
time, the proportion of change can be calculated in
the same way as in the situation with two measure-
ments. To do this, (T - 1) 2 x 2 tables must first be
constructed (for t =1 and t = 2, for t =2 and
t = 3, and so on). The next step is to calculate the
proportion of change for each 2 x 2 table. To
calculate the total proportion of change, Equation
7.4 can be applied:

_ 1 N
P= mzizlcf

where p is the total proportion of change, N is the
number of subjects, T is the number of measure-
ments, and ¢; is the number of changes for indi-
vidual i over time.

(7.4)

7.3 Comparing Groups

To compare the development over time between
two groups, for a dichotomous outcome variable
the proportion of change in the two groups can be
compared. This can be done by applying the test
for two independent proportions. The standard
error of this difference (needed to create a 95%
confidence interval and for testing whether there
is a significant difference between the two groups)
is calculated by Equation 7.5:

clowone) = [25) fele

g1 N 82

(7.5)

where se is the standard error, pg; is the propor-
tion of change in group 1, py, is the proportion of
change in group 2, N, is the number of subjects
in group 1, and N, is the number of subjects in
group 2.

Of course, this method can also be carried out
to determine the proportion of change in a certain
direction (i.e. the proportion of increase or the
proportion of decrease). It should be realised that
the calculation of the proportion of change over a
particular time period is primarily useful for the
longitudinal analysis of datasets with only two
repeated measurements. For more information
on the analysis of proportions and differences in
proportions, reference is made to the classical
work of Fleiss (1981).

7.4 Example
7.4.1 Introduction

The dataset used to illustrate longitudinal analyses
with a dichotomous outcome variable is the same
as that used to illustrate longitudinal analyses with
a continuous outcome variable. The only differ-
ence is that the outcome variable cholesterol is
dichotomised into hypercholesterolemia. This is
done by taking the 66th percentile. At each of the
repeated measurements the upper 33% are coded
as 1, and the lower 66% are coded as 0.

7.4.2 Development over Time

To analyse the development of hypercholesterol-
emia over time, the situation with two measure-
ments will first be illustrated. From the example
dataset the first (t = 1) and the last (¢ = 6) meas-
urements will be considered. Table 7.1 shows the
corresponding 2 x 2 table.

Because the dichotomisation of hypercholester-
olemia was based on a fixed value (the 66th per-
centile) at each of the repeated measurements, by
definition, there is no difference between the
change over time in opposite directions. The pro-
portion of subjects in group 1 at t =1 (33.3%) is
almost equal to the proportion of subjects in group
1 at t = 6 (34.0%). Therefore, the McNemar test is
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not very informative in this particular situation.
However, just as an example, Output 7.1 shows
the result of the McNemar test.

As expected, the McNemar test statistic
Chi-square = 0.0000 and the corresponding p-value
= 1.0000, which indicates that there is no change
over time for hypercholesterolemia. The output of
the McNemar test illustrates perfectly the limitation
of the method, i.e. only the difference between the
change over time in opposite directions is taken
into account.

From the 2 Xx 2 table, the total proportion of
change and the corresponding 95% confidence
interval can also be calculated. The proportion of
change is (18 + 17)/147 = 0.24. The standard error
of this proportion, which is calculated with
Equation 7.3, is 0.035. With these two components
the 95% confidence interval can be calculated,
which leads to an interval that ranges from 0.17

Table 7.1 2 x 2 table with the number of subjects with
hypercholesterolemia at t =1and t =6

Hypercholesterolemia at

to 0.31, indicating a highly significant change over
time. Note that this calculation deals with the
change over time in both directions, which is dif-
ferent from the McNemar test, which deals with
the difference in change in opposite directions.

When the development over time of hypercho-
lesterolemia is analysed using all six measurements,
the multivariate extension of the McNemar test
(Cochran’s Q) can be used. However, Cochran’s Q
has the same limitations as the McNemar test. So
again, it is not very informative in this particular
situation, in which the groups are defined according
to the same (fixed) percentile at each measurement.
However, Output 7.2 shows the result of the
Cochran’s Q test. As expected, the significance level
of Cochran’s Q (0.9945) is close to one, indicating
no difference between the change over time in
opposite directions.

To evaluate the total change over time, Equation
7.4 can be used. First of all, the (T' - 1) 2 x 2 tables
must be constructed (see Table 7.2). From these
tables, the total proportion of change can be
calculated.

The sum of the changes is 143, so the propor-

. =0 tion of change is 143/(147 x 5) = 0.19. The
:'y:p?mh()lesrero'em'a at 0 1 Total corresponding 95% confidence interval (based
on the standard error calculated with Equation

2 & 1 & 7.3) ranges from 0.16 to 0.22, indicating a highly
1 18 32 50 significant change over time. Again, this change
Total 08 49 147 over time deals with the total change over time in

both directions.

Output 7.1 Results of a McNemar test to analyse the development over time of hypercholesterolemia

betweent=1and t=6

at t=1 | at t=6
| O 1 Total
777777777777777 +77777777777777_
0] 80 17 97
1] 18 32 50
\
Total | 98 49 147
chi?2 af Prob>chi2
McNemar Test | 0.00 2 1.0000
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Output 7.2 Results of a Cochran’s Q test to analyse the development over time of
hypercholesterolemia from t = 1 to t = 6, using data from all repeated measurements

Cochran Q Test

Cases

=0 =1 Variable

97 50 hypercholtl

99 48 hypercholt?2

96 51 hypercholt3

98 49 hypercholt4

9% 48 hypercholtb

98 49 hypercholt6
Cases Cochran Q
147 0.4298

hypercholesterolemia at t=1
hypercholesterolemia at t=2
hypercholesterolemia at t=3
hypercholesterolemia at t=4
hypercholesterolemia at t=5
hypercholesterolemia at t=6
DF Significance

5 0.9945

7.4.3 Comparing Groups

When the aim of the study is to investigate whether
there is a difference in development over time
between several groups, the proportion of change
in the groups can be compared. In the example
dataset, the population can be divided into two
groups, according to sex (i.e. males and females).
For both groups, first a 2 x 2 table can be con-
structed (see Table 7.3), indicating the changes in
hypercholesterolemia between t = 1 and t = 6.

The next step is to calculate the proportion of
change for both groups. For males the proportion
of change = 13/69 = 0.19; while for females, the
proportion of change = 0.28. From these two pro-
portions the difference and the 95% confidence
interval can be calculated. The latter is based on
the standard error calculated with Equation 7.5.
The difference in proportion of change between
the two groups is 0.09, with a 95% confidence
interval ranging between -0.05 and 0.23. So, there
is a difference between the two groups (i.e. females
have a 9% greater change over time), but this
difference is not statistically significant.

When there are more than two measurements,
Equation 7.4 can be used to calculate the propor-
tion of change in both groups. After creating
(T — 1) separate 2 x 2 tables, for males this pro-
portion equals 0.18, and for females, this propor-
tion equals 0.21. So, the difference in proportion of
change between the two groups equals 0.03. The

95% confidence interval can be calculated with the
standard error, which is calculated with Equation
7.5. This interval ranges between -0.03 and 0.09, so
the (small) difference observed between the two
groups is not statistically significant.

7.5 Longitudinal
Regression Methods

7.5.1 Introduction

In general, when a dichotomous outcome variable
is used in a longitudinal study, and the objective
of the study is to analyse the longitudinal relation-
ship between such a variable and one or more
covariates, it is possible to use generalised esti-
mating equations (GEE) analysis and mixed
model analysis. In Chapter 3, it was extensively
explained that for continuous outcome variables
in longitudinal studies these methods can be con-
sidered as longitudinal linear regression analysis.
Analogous to this, GEE analysis and mixed model
analysis with a dichotomous outcome variable in
longitudinal studies can be considered as longitu-
dinal logistic regression analysis. So, comparable
to Equation 3.1, the longitudinal logistic model
can be formulated as in Equation 7.6.

In (M) By + B X

= pr(Yy = 1) (7.6a)
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Table 7.2 Five 2 x 2 tables with the number of subjects with hypercholesterolemia at t = 1 till t = 6

Hypercholesterolemia at t = 2

Hypercholesterolemia at t = 1 0 1 Total
0 83 14 97

1 16 34 50
Total 99 48 147

Hypercholesterolemia at t = 3

Hypercholesterolemia at t = 2 0 1 Total
0 83 16 99

1 13 35 48
Total 96 51 147

Hypercholesterolemia at t = 4

Hypercholesterolemia at t = 3 0 1 Total
0 84 12 96

1 14 37 51
Total 98 49 147

Hypercholesterolemia at t = 5

Hypercholesterolemia at t = 4 0 1 Total
0 86 12 98

1 13 36 49
Total 99 48 147

Hypercholesterolemia at t = 6

Hypercholesterolemia at t = 5 0 1 Total
0 82 17 99

1 16 32 48
Total 98 49 147

Table 7.3 2 x 2 tables with the number of subjects with hypercholesterolemia at t = 1 and t = 6 for two groups divided by sex
(males versus females)

Males Hypercholesterolemia at t = 6

Hypercholesterolemia at t = 1 0 1 Total
0 40 5 45

1 8 16 24
Total 48 21 69
Females Hypercholesterolemia at t = 6

Hypercholesterolemia at t = 1 0 1 Total
0 40 12 52

1 10 16 26
Total 50 28 78
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In a different notation:
1

"1+ exp[—(By + BiXu)]

where pr(Y;; = 1) is the probability that the obser-
vations of the outcome for subject i at time ¢ equal
1 (where 1 means that subject i belongs to the
group of interest), f is the intercept, X;; are obser-
vations of the covariate of subject i at time ¢ and f3,
is the regression coefficient for the covariate.

Although the model looks quite complicated, it
is in fact nothing more than an extension of a
cross-sectional logistic regression model. The
extension is presented in the subscript ¢, which
indicates that the same subject is repeatedly meas-
ured over time. Like in cross-sectional logistic
regression analysis, the covariate(s) can be con-
tinuous, dichotomous or categorical, although in
the latter situation dummy coding can or must be
used. The coefficient of interest is f3;, because this
coefficient reflects the longitudinal relationship
between belonging to the group of interest over
time and a particular covariate. Like in cross-
sectional logistic regression, this coefficient (f,)
can be transformed into an odds ratio (EXP [ﬁl] ).
The interpretation of the regression coefficient (i.e.
odds ratio) is equivalent to the pooled interpret-
ation of the regression coefficient derived from a
longitudinal regression analysis with a continuous
outcome variable, i.e. partly between-subjects and
partly within-subjects. (See the example in Section
7.2.2 for a detailed explanation.)

Analogous to the situation with continuous
outcome variables, with GEE analysis an adjust-
ment is made for the within-subjects correlations
between the repeated measurements by assuming
a (working) correlation structure, while with
mixed model analysis this adjustment is made by
allowing different regression coefficients to vary
between subjects, by adding a random intercept
and (if necessary) random slopes to the model.

pr(Yy=1) (7.6b)

7.5.2 Generalised Estimating Equations

Also for dichotomous outcome variables, GEE
analysis requires an a priori choice of a correl-
ation structure. Although there are the same pos-
sibilities as has been discussed for continuous
outcome variables (see Section 3.4.2), it is not
really possible to use the correlation structure of
the observed data as a guide for the choice of the

correlation structure. This is because a correlation
coefficient is basically only defined for continuous
variables. In this example, an exchangeable cor-
relation structure (which is the default option in
many software packages) will be used. Output 7.3
presents the result of the logistic GEE analysis to
analyse the relationship between hypercholester-
olemia and the sum of skinfolds.

The output of the logistic GEE analysis is com-
parable to the output of a linear GEE analysis,
which was discussed in Section 3.4.3. The outcome
variable is hypercholesterolemia which is the
dichotomised version of cholesterol, and the cor-
relation structure used is exchangeable. The differ-
ence between the outputs is found in the link
function and the family. In a logistic regression
analysis, the link function is the logit and the family
is binomial, while with a continuous outcome the
link function is identity and the family Gaussian.

The second part of the output shows the regres-
sion coefficients. For the sum of skinfolds the
regression coefficient, the standard error, the z-
value (obtained from dividing the regression coef-
ficient by its standard error), the corresponding p-
value, and the 95% confidence interval around the
regression coefficient are presented. The latter is
calculated in the regular way, i.e. by the regression
coefficient + 1.96 times the standard error.

It can be seen that hypercholesterolemia is sig-
nificantly related to the sum of skinfolds. The
regression coefficient is 0.2789969, and the
odds ratio is therefore EXP[0.2789969] = 1.32. The
95% confidence interval around the odds ratio
ranges between EXP[0.1729089] = 1.19 and EXP
[0.3850849] = 1.47. The interpretation of this odds
ratio is somewhat complicated, because, as for con-
tinuous outcome variables, the odds ratio pools two
interpretations. (1) The between-subjects interpret-
ation: a subject with a one-unit higher score for the
sum of skinfolds, compared to another subject, has
1.32 times higher odds of being in the hypercholes-
terolemia group compared to the odds of being
in the non-hypercholesterolemia group. (2) The
within-subjects interpretation: an increase of one
unit in the sum of skinfolds within a subject is
associated with 1.32 times higher odds of moving
to the hypercholesterolemia group compared to the
odds of staying in the non-hypercholesterolemia
group. The magnitude of the regression coefficient
(i.e. the magnitude of the odds ratio) is a weighted
average of both relationships.
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Output 7.3 Results of a logistic GEE analysis to analyse the relationship between hypercholesterolemia

and the sum of skinfolds
GEE population-averaged model

Group variable: id
Link: logit
Family: binomial
Correlation: exchangeable
Scale parameter: 1
(std
| Robust
hyperchol | Coef Std. Err.
77777777 +7777777777777777
skinf | .2789969 .0541275
_cons | =1.777271 .2688893

It should be realised that the scale parameter
which is given in the output of a logistic GEE
analysis has a slightly different interpretation than
the scale parameter given in the output of a linear
GEE analysis. This has to do with the characteris-
tics of the binomial distribution on which the
logistic GEE analysis is based. In the binomial
distribution the variance is directly linked to the
mean value (Equation 7.7). So, for the logistic
GEE analysis, the scale parameter has to be one
(i.e. a direct connection between the variance and
the mean).

o’(p) =p(1-p) (7.7)
where 02 is the variance, and p is the average
probability.

Comparable to the situation already described
for continuous outcome variables, GEE analysis
requires the choice of a particular correlation
structure. It has already been mentioned that for
a dichotomous outcome variable it is not really
possible to base that choice on the correlation
structure of the observed data. It is therefore
interesting to investigate the difference in esti-
mated regression coefficients when different cor-
relation structures are chosen. Output 7.4 shows
the results of several GEE analyses with different
correlation structures. and Table 7.4 summarises
the results of the different GEE analyses.
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Number of obs = 882
Number of groups = 147
Obs per group:
min = 6
avg = 6.0
max = 6
Wald chi2 (1) = 26.57
Prob > chiz = 0.0000

. Err. adjusted for clustering on id)

z P>|z| [ 95% Conf. Interval]
5.15 0.000 .1729089 .3850849
-6.61 0.000 -2.304285 -1.250258

The most important conclusion which can be
drawn from Table 7.4 is that the results of the
GEE analyses with different dependent correl-
ation structures are comparable. Only the analysis
with an autoregressive correlation structure leads
to a slightly higher regression coefficient. This
finding is different from that observed in the
analysis of a continuous outcome variable (see
Table 3.7), for which a remarkable difference
was found between the results of the analyses with
different correlation structures. So, (probably) the
statement in the literature that GEE analysis is
robust against the wrong choice of a correlation
structure is particularly true for dichotomous out-
come variables (see for instance also Liang and
Zeger, 1993).

Furthermore, from Table 7.4 it can be seen
that there are remarkable differences between the
results obtained from the analysis with an inde-
pendent correlation structure and the results
obtained from the analyses with the four dependent
correlation structures. It should further be noted
that comparable to the situation with a continuous
outcome variable, the standard errors obtained
from the analysis with an independent correlation
structure are higher than those obtained from
the analysis with any of the dependent correl-
ation structures.

To put the results of the GEE analysis in
a somewhat broader perspective, they can be


https://doi.org/10.1017/9781009288002.008

Dichotomous Outcome Variables

Output 7.4 Results of logistic GEE analyses with different correlation structures to analyse the
relationship between hypercholesterolemia and the sum of skinfolds

GEE population-averaged model Number of obs = 882

Group variable: id Number of groups = 147
Link: logit Obs per group:

Family: binomial min = 6

Correlation: independent avg = 6.0

max = 6

Wald chi2 (1) = 31.81

Scale parameter: 1 Prob > chi2 = 0.0000

Pearson chi?2 (882) : 876.96 Deviance = 1052.33

Dispersion (Pearson) : .9942859 Dispersion = 1.193114

(Std. Err. adjusted for clustering on id)

| Robust
hyperchol | Coef. Std. Err. Z P>|z| [ 95% Conf. Interval]
________ +_______________________________________
skinf | .4036003 .0715571 5.64 0.000 .2633509 .5438497

_cons | -2.243682 .3319424 -6.76 0.000 -2.894277 -1.593086

GEE population-averaged model Number of obs = 882

Group and time vars: id time Number of groups = 147
Link: logit Obs per group:

Family: binomial min = 6

Correlation: stationary (5) avg = 6.0

max = 6

Wald chi2 (1) = 29.88

Scale parameter: 1 Prob > chi?2 = 0.0000

(Std. Err. adjusted for clustering on id)

| Robust
hyperchol | Coef. Std. Err. z P>|z| [ 95% Conf. Interval]
________ +_______________________________________
skinf | .2842957 .0520134 5.47 0.000 .1823512 .3862402

~cons | -1.791111 .2617465 -6.84 0.000 -2.304125 -1.278097

GEE population-averaged model Number of obs = 882

Group and time vars: id time Number of groups = 147
Link: logit Obs per group:

Family: binomial min = 6

Correlation: AR (1) avg = 6.0

max = 6

Wald chi2 (1) = 37.72

Scale parameter: 1 Prob > chi?2 = 0.0000

(Std. Err. adjusted for clustering on id)
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Output 7.4 (cont)

| Robust
hyperchol | Coef Std. Err. z P>|z]| [ 95% Conf. Interval]
________ +_______________________________________
skinf | .3278797 .0533889 6.14 0.000 .2232394 .4325199
_cons | -1.94179 .2685998 -7.23 0.000 -2.468236 -1.415344
GEE population-averaged model Number of obs 882
Group and time vars: id time Number of groups = 147

Link: logit Obs per group:

Family: binomial min = 6
Correlation: unstructured avg = 6.0
max = 6
Wald chi2 (1) 29.66
Scale parameter: 1 Prob > chi2 = 0.0000
(Std. Err. adjusted for clustering on id)

| Robust
hyperchol | Coef Std. Err. z P>|z] [ 95% Conf. Interval]
________ +_______________________________________
skinf | .2801254 .0514332 5.45 0.000 .1793181 .3809327
_cons | -1.797615 .2634358 -6.82 0.000 -2.31394 -1.28129

Table 7.4 Regression coefficients and standard errors for
the sum of skinfolds estimated by GEE analysis with different
correlation structures

Correlation structure  Regression coefficient

(se)
Exchangeable 0.279 (0.054)
Independent 0404 (0.071)
Stationary five- 0.284 (0.052)
dependent
Autoregressive 0.328 (0.053)
Unstructured 0.280 (0.051)

compared with the results of a naive logistic
regression analysis, in which the dependency of
observations is ignored. Output 7.5 presents the
result of this naive logistic regression analysis.
The comparison between the results of the
naive logistic regression analysis and the results
of the GEE analysis with an independent correl-
ation structure are comparable to what has been
observed for continuous outcome variables. The
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regression coefficients of both analyses are exactly
the same, while the standard errors obtained from
the GEE analysis are higher than those obtained
for the naive logistic regression analysis.

7.5.3 Mixed Model Analysis

Comparable to the situation with continuous out-
come variables, in the case of dichotomous out-
come variables it is also possible to analyse the
relationship between a dichotomous outcome
variable and covariate(s) with a mixed model
analysis. The first step is to perform an analysis
with only a random intercept. Output 7.6 shows
the result of the logistic mixed model analysis
with only a random intercept to analyse the rela-
tionship between hypercholesterolemia and the
sum of skinfolds.

The output of a logistic mixed model analysis
is comparable to the output observed for a linear
mixed model analysis. The first part provides
some general information about the model. It
shows that a logistic mixed model analysis was
performed, that there are 882 observations within
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Output 7.5 Results of a naive logistic regression analysis to analyse the relationship between
hypercholesterolemia and the sum of skinfolds

Logistic regression Number of obs = 882
LR chi2 (1) = 71.87

Prob > chi2 = 0.0000

Log likelihood = -526.1634 Pseudo R2 = 0.0639
hyperchol | Coef. Std. Err. z P>|z| [ 95% Conf. Interval]
________ +_______________________________________
skinf | .4036002 .0499853 8.07 0.000 .3056308 .5015697
_cons | -2.243681 .2097814 -10.70 0.000 -2.654845 -1.832517

Output 7.6 Results of a logistic mixed model analysis with only a random intercept to analyse the
relationship between hypercholesterolemia and the sum of skinfolds

Mixed-effects logistic regression Number of obs = 882

Group variable: id Number of groups = 147
Obs per group:

min = 6

avg = 6.0

max = 6

Integration method: mvaghermite Integration pts. = 7

Wald chi2 (1) = 28.19

Log likelihood = -403.09316 Prob > chi2 = 0.0000

hyperchol | Coef. Std. Err z P>|z| [ 95% Conf. Interval]

________ +______________________________________

skinf | .5610047 .1056666 5.31 0.000 .3539019 .7681075

_cons | -3.641963 .4951684 -7.35 0.000 -4.612475 -2.671451

—_—— —— - — = = + _______________________________________

id |
var (_cons) | 7.180246 1.688216 4.529031 11.38344

LR testvs. logisticmodel: chibar2 (01) =246.14 Prob >=chibar2=0.0000

147 subjects. Again, there is no missing data; the
minimum, maximum and average number of
observations within a subject are all equal to six.

Furthermore, the log likelihood of the model
(i.e. —403.09316) and the result of a Wald test
(Wald chi2(4) = 28.19), and the corresponding
p-value (prob > chi2 = 0.000) are presented.
This Wald test is a generalised Wald test for all
covariates in the model, which is not interesting.
As for a linear mixed model analysis, the log

likelihood can be used for the likelihood ratio
test, which, for instance, can be used to evaluate
whether a random slope should be added to
the model.

The output also shows the integration method
(mvaghermite). The latter stands for mean vari-
ance adaptive Gauss-Hermite quadrature. It is a
complicated method that has been used for the
logistic mixed model analysis. See for mathemat-
ical details, for instance, Liu and Pierce (1994),
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Lesaffre and Spiessens (2001), Rabe-Hesketh et al.
(2002), Skrondal and Rabe-Hesketh (2004) or
Rabe-Hesketh et al. (2005). It should be noted
that there are more estimation methods available
to estimate the parameters of a logistic mixed
model analysis (Stroup and Claassen, 2002) and
that different software programmes can use a
different estimation method. In Section 13.5 this
will be further discussed.

The second part of the output shows the most
important information obtained from the analysis,
i.e. the (fixed) regression coefficients. This infor-
mation is exactly the same as has been discussed
for continuous outcome variables, although the
regression coefficients can be transformed into
odds ratios by taking EXP[regression coefficient].
Again, the interpretation of the regression coeffi-
cient is the same as has been discussed for the
logistic GEE analysis, i.e. a pooled between-
subjects and within-subjects interpretation. (1)
The between-subjects interpretation: a subject
with a one-unit higher score for the sum of skin-
folds, compared to another subject, has a EXP
(0.5610047) = 1.75 times higher odds of being in
the hypercholesterolemia group compared to the
odds of being in the non-hypercholesterolemia
group. (2) The within-subjects interpretation: an
increase of one unit in the sum of skinfolds within
a subject is associated with 1.75 times higher odds
of moving to the hypercholesterolemia group
compared to the odds of staying in the non-
hypercholesterolemia group.

The last part of the output shows information
about the random part of the model. In this
situation only the random intercept variance is
given, i.e. 7.180246. Also, for the logistic mixed
model analysis, the assumption is that the
intercepts are normally distributed. From this
normal distribution, the variance is calculated. It
should be noted that in the output of the logistic
mixed model analysis no error variance is given.
This has to do with the fact that in a logistic
regression analysis the probability of belonging
to a certain group is estimated without error.
The error in the analysis is outside the model,
i.e. in the difference between the calculated prob-
ability and the observed dichotomous value (which
is either 0 or 1).

Because there is no error variance in the logis-
tic mixed model analysis, the ICC cannot be cal-
culated in the same way as has been discussed for
continuous outcome variables. For logistic mixed
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model analysis, the ICC can be calculated by
Equation 7.8 (Twisk, 2006; Twisk, 2019) . In the
example, the ICC is therefore equal to 7.18 / (7.18
+ (3.14)% / 3) = 69%.

ICC—02/<02 + "—2)
— %Yb b 3

where 0} = between group variance, and 7 = 3.14

The last line of the output gives the result of the
likelihood ratio test comparing the model with a
random intercept with a model without a random
intercept, i.e. a naive logistic regression analysis.
Apparently, this difference is 246.14, which follows
a Chi-square distribution with one degree of free-
dom (i.e. the random intercept), and which is
highly significant. In other words, the results of
the likelihood ratio test suggest that it is necessary
to add a random intercept to the model. As previ-
ously mentioned in Chapter 3, where a linear
mixed model analysis was discussed, this likeli-
hood ratio test is not very interesting, because
theoretically, there must be an adjustment for the
dependency of the observations within a subject,
so there must be a random intercept.

The results of this likelihood ratio test can be
verified by comparing the -2 log likelihood of the
naive logistic regression analysis presented in
Output 7.5 with the -2 log likelihood of the logis-
tic mixed model analysis with only a random
intercept presented in Output 7.6. This difference
is indeed equal to 246.14.

The next step in this logistic mixed model analy-
sis is to evaluate the necessity of a random slope for
sum of skinfolds. As has been mentioned before, a
random slope is only possible for time-dependent
covariates, so a random slope for the sum of skin-
folds can be added to the model. When a random
slope for the sum of skinfolds is added to the model
(depending on the software package used) it is
possible that the model will not converge. This
happens quite often when random slopes are added
to a logistic mixed model analysis. The reason for
this is that the mathematics behind logistic mixed
model analysis is complicated and therefore, it is
sometimes not possible to add random slopes to the
model. Output 7.7 shows the results of the logistic
mixed model analysis with a random slope for the
sum of skinfolds.

From the random part of Output 7.7, it can be
seen that the random slope variance for the sum
of skinfolds (var(skinf)) as well as the covariance

(7.8)
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Output 7.7 Results of a logistic mixed model analysis with a random intercept and a random slope for
the sum of skinfolds to analyse the relationship between hypercholesterolemia and the sum of skinfolds

Mixed-effects logistic regression
Group variable: id

Integration method: mvaghermite

Log likelihood = -403.09316

hyperchol | Coef. Std. Err.
________ o ___
skinf | .5607602 .1056562
_cons | —-3.640467 .4950777
,,,,,,,, e -
id |
var (skinf) | 1.11e-13 6.95e-09
var (_cons) | 7.179823 1.688199
________ e
id |
cov (_cons, |
skinf) | 1.32e-11 6.40e-07

LR test vs. logistic model: chi2 (3)

between the random intercept and the random
slope (cov(_cons,skinf)) are extremely low, so it
is obvious that a random slope for the sum of
skinfolds should not be added to the model. This
is also reflected in the -2 log likelihood of the
model, which is exactly the same as the -2 log
likelihood obtained from a model with only a
random intercept (see Output 7.6).

7.5.4 Comparison between GEE Analysis
and Mixed Model Analysis

For continuous outcome variables it was seen that
GEE analysis with an exchangeable correlation
structure and a mixed model analysis with only a
random intercept provided identical regression
coefficients in the analysis of a longitudinal data-
set. For dichotomous outcome variables, however,
the situation is more complex. Logistic GEE analy-
sis with an exchangeable correlation structure and

Number of obs = 882
Number of groups = 147
Obs per group:

min = 6
avg = 6.0
max = 6
Integration pts. = 7
Wald chi2 (1) = 28.17
Prob > chi2 0.0000

Z P>|z| [ 95% Conf. Interval]
5.31 0.000 .3536778 .7678426
-7.35 0.000 -4.610801 -2.670132
4.528662 11.38302
0.00 1.000 -1.25e-06 1.25e-06

246.14 Prob > chi2 =0.0000

the logistic mixed model analysis with only a
random intercept give a totally different result. In
Output 7.3 it was shown that the regression coeffi-
cient for the sum of skinfolds derived from a logis-
tic GEE analysis with an exchangeable correlation
structure was 0.2789969 with a standard error of
0.0541275, while the regression coefficient for the
sum of skinfolds derived from a logistic mixed
model analysis with only a random intercept was
0.5610047 with a standard error of 0.1056666 (see
Output 7.6). The regression coefficient and stand-
ard error obtained from the logistic GEE analysis
are much lower than those obtained from a logistic
mixed model analysis. This is always the case and it
also holds for the estimated standard errors.

In Chapter 3 it was explained that the differ-
ence between mixed model analysis and GEE
analysis is that within mixed model analysis the
adjustment for the dependency of the observations
within the subject is performed by estimating the
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difference between the subjects with a random
intercept variance. Within GEE analysis the adjust-
ment is performed by directly estimating the cor-
relation between the repeated measurements.
However, there is also another difference between
the two methods. GEE analysis is known as a
population average method, while mixed model
analysis is known as a subject specific method
(Hu et al., 1998). This does not influence the values
of the estimated regression coefficients obtained
from a linear GEE analysis and a linear mixed
model analysis, but it does influence the values of
the estimated regression coefficients obtained
from a logistic GEE analysis and a logistic mixed
model analysis. The difference in regression
coefficients is a theoretical one, which is always
in favour of a mixed model analysis, meaning that
the regression coefficients obtained from a logistic
mixed model analysis will always be higher (i.e.
further away from zero) compared to the regres-
sion coefficients obtained from a logistic GEE
analysis. This difference is based on a mathemat-
ical relationship and depends on the magnitude of
the between-subject variance (see Equation 7.9)
(Hu et al., 1998). When there is more between-
subject variance, the difference between the regres-
sion coefficients will be larger:

2 -1/2
16v/3
P [

16V/3

157

where /3(1’“) is the population average regression
coefficient obtained from a logistic GEE analysis, o7
is the between-subject variance and B is the
subject-specific regression coefficient obtained from
a logistic mixed model analysis.

In Figure 7.1, the difference between the popu-
lation average method and the subject-specific
method is illustrated for both the linear model
(i.e. with a continuous outcome variable) and the
logistic model (i.e. with a dichotomous outcome
variable). For the linear longitudinal regression
analysis, both GEE analysis and mixed model
analysis produce exactly the same result, i.e. the
population average method is equal to the subject-
specific method. For the logistic longitudinal
regression analysis, however, the two methods
produce a different result. From Figure 7.1 it can

(7.9a)

= 0.588 (7.9b)
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be seen that the regression coefficients calculated with
a logistic GEE analysis will always be lower than the
coefficients calculated with a logistic mixed model
analysis. (See also, for instance, Neuhaus et al., 1991;
Hu et al., 1998; Twisk et al., 2017.)

Because of the remarkable difference in regres-
sion coefficients, it is important to get an answer to
the question of which method should be used. To
answer that question, data from a randomised
controlled trial (RCT) is used in which the effect-
iveness of a classification-based treatment was
compared to usual physical therapy care in
patients with subacute or chronic lower back pain
(Apeldoorn et al., 2012). The outcome variable of
interest was good or bad functional status, in
which bad functional status was the event of inter-
est. For this particular example, the outcome vari-
able was assessed at 8 and 26 weeks after the start of
treatment. For the illustration, two analyses were
performed with both logistic mixed model analysis
and logistic GEE analysis. One analysis was per-
formed on a complete dataset and one analysis on
the real dataset with around 10% missing data. In
Chapter 3 it was mentioned that mixed model
analysis deals better with missing data than GEE
analysis and that this is the most important reason
why mixed model analysis is preferred above GEE
analysis when a continuous outcome variable is
analysed in a longitudinal study. Therefore, it is
interesting to evaluate whether this is also the case
when a dichotomous outcome variable is analysed
in a longitudinal study.

To evaluate the performance of the different
methods, the estimated probabilities of the out-
come variable obtained from the analyses were
compared to the observed percentages at the two
time points. Table 7.5 shows the results of the two
analyses on the complete dataset. As expected, the
regression coefficients obtained from the logistic
GEE analysis were much lower (closer to zero)
than the coefficients obtained from the logistic
mixed model analysis. Table 7.6 shows the pre-
dicted probabilities and the observed percentages
of bad functional status in the intervention and
usual care group at the two follow-up measure-
ments. From Table 7.6 it can be seen that the
predicted probabilities derived from the logistic
GEE analysis are exactly the same as the observed
percentages. The predicted probabilities derived
from the logistic mixed model analysis are highly
overestimated, i.e. higher probabilities when the
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) linear mixed model analysis

linear GEE analysis

(B) logistic mixed model analysis logistic GEE analysis

prob (Y)

prob (Y)

Figure 7.1 lllustration of the population average method of GEE analysis and the subject-specific method of mixed model analysis,
illustrating both the situation with (A) a continuous outcome variable and (B) the situation with a dichotomous outcome variable.

Table 7.5 Results of a logistic GEE analysis and a logistic
mixed model analysis performed on the complete
RCT dataset

GEE Mixed model
analysis analysis
8 weeks  —044 (0.36) —0.80 (0.66)
26 weeks  —0.57 (0.37) —0.97 (0.68

observed percentages are higher than 50% and
lower probabilities when the observed percentages
are lower than 50%.

When the real dataset (with around 10% miss-
ing data) is analysed, the result of the comparison
is almost the same as has been observed in the
analysis on the complete dataset. Again, the

regression coefficients of the logistic GEE analysis
are lower (closer to zero) than the regression coef-
ficients of the logistic mixed model analysis (see
Table 7.7). The differences between the observed
percentages and predicted probabilities are less
pronounced than for the complete dataset, but
the differences are still in favour of the logistic
GEE analysis (see Table 7.8). So, in conclusion,
the results of the analysis on this example dataset
indicate the lower regression coefficients obtained
from the logistic GEE analysis are more valid than
the regression coefficients obtained from the logis-
tic mixed model analysis, even in situations where
there is missing data. Therefore, it is advised to use
logistic GEE analysis for the longitudinal analysis
of a dichotomous outcome.
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Table 7.6 Observed percentages of bad functional status and predicted probabilities derived from the logistic GEE analysis and

logistic mixed model analysis on the complete RCT dataset

Observed
8 weeks Usual care 422
Intervention 532
26 weeks Usual care 56.2
Intervention 69.4

Table 7.7 Results of a logistic GEE analysis and a logistic
mixed model analysis performed on the RCT dataset with
missing data

GEE Mixed model
analysis analysis
8 weeks  —0.29 (0.34) -0.51 (0.60)
26 weeks  —0.51 (0.35) —0.86 (0.62)

7.5.5 The Adjustment for
Covariance Method

In Section 3.6, it was mentioned that for the analy-
sis of a continuous outcome variable besides linear
mixed model analysis and linear GEE analysis also
the adjustment for covariance method could be
used. It should be realised that for the analysis of
a dichotomous outcome, this method is not avail-
able. This is due to the fact that for a dichotomous
outcome, the covariance of the residuals is not
defined. So, for the analysis of a dichotomous
outcome, only logistic GEE analysis or logistic
mixed model analysis can be used.

7.5.6 Models to Disentangle the
Between- and Within-
subjects Relationship

In Chapter 5, hybrid models were introduced as a
possibility to disentangle the between- and within-
subjects relationship. A model of changes and an
autoregressive model were used in order to esti-
mate only the within-subjects part of the relation-
ship. All these models can also be used for
dichotomous outcomes. Regarding the overall
example used throughout the book, for instance,
the relationship between hypercholesterolemia and
the sum of skinfolds can be analysed with a hybrid
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GEE analysis Mixed model analysis
42.2 35.7
53.2 552
56.2 61.6
69.4 80.8

model. Output 7.8 shows the result of the logistic
GEE analysis to analyse the relationship between
hypercholesterolemia and the individual mean
value of the sum of skinfolds in order to obtain
the between-subjects part of the relationship, while
Output 7.9 shows the result of the logistic GEE
analysis to analyse the relationship between hyper-
cholesterolemia and the deviation score of the sum
of skinfolds in order to obtain the within-subjects
part of the relationship.

From Outputs 7.8 and 7.9 it can be seen that
the between-subjects part of the relationship
between hypercholesterolemia and the sum of
skinfolds is much stronger that the within-
subjects part of the relationship. The difference
between the two parts of the relationship was less
strong when cholesterol was analysed as a con-
tinuous outcome (see Output 5.3). In Section 5.2
it was mentioned that the individual mean value
and the deviation score are uncorrelated and,
therefore, the two variables could be analysed in
the same model leading to exactly the same
regression coefficients. For illustration, Output
7.10 shows the results of the logistic GEE analysis
to analyse the relationship between hypercholes-
terolemia and both the individual mean value and
the deviation score of the sum of skinfolds.

Surprisingly, the two regression coefficients
obtained from the combined model are slightly dif-
ferent from the ones obtained from the two separate
models. This is not really expected, because the
correlation between the individual mean value and
the deviation score of the sum of skinfolds are equal
to zero and therefore, they should not influence each
other in a multiple regression model. However, in a
logistic model the situation is slightly different. This
has to do with the non-collapsibility phenomenon.
Theoretically, this non-collapsibility phenomenon
arises from the difference in the total variance
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Table 7.8 Observed percentages of bad functional status and predicted probabilities derived from the logistic GEE analysis and
logistic mixed model analysis on the RCT dataset with missing data

Observed
8 weeks Usual care 437
Intervention 515
26 weeks Usual care 56.2
Intervention 68.7

GEE analysis Mixed model analysis
440 390
512 515
56.2 61.1
68.0 788

Output 7.8 Results of a logistic GEE analysis to analyse the relationship between hypercholesterolemia
and the individual mean value of the sum of skinfolds

GEE population-averaged model

Group variable: id
Link: logit
Family: binomial
Correlation: exchangeable
Scale parameter: 1
(std
| Robust
cholO1l | Coef Std. Err.
________ +_______________
mean_skinf | .4823638 .1022276
_cons | -2.542548 .4395854

between a logistic regression analysis with one cov-
ariate and a logistic regression analysis with more
than one covariate. In a linear model, the total
variance is the summation of explained and unex-
plained variance. When a covariate is added to a
linear regression model, the unexplained variance
decreases while the explained variance increases
with the same amount. However, in a logistic model,
the unexplained variance is a fixed number. So,
when a covariate that is related to the outcome is
added to a logistic model which already contains
another covariate, the total variance will increase.
Because of this increased variance it is often said
that adding a covariate to the logistic model that is
related to the outcome changes the scale on which
the regression coefficients must be interpreted.
Because of this, the regression coefficient will change,

Number of obs = 882
Number of groups = 147
Obs per group:
min = 6
avg = 6.0
max = 6
Wald chi2 (1) = 22.26
Prob > chi2 0.0000

. Err. adjusted for clustering on id)

z P>|z| [ 95% Conf. Interval]
4.72 0.000 .2820015 .6827261
-5.78 0.000 -3.40412 -1.680977

even though the correlation between the two vari-
ables equals zero. However, although the non-
collapsibility phenomenon can lead to biased effect
estimates, it should be realised that the influence is
not extremely high. This was illustrated in the hybrid
model analysis in which both variables (the individ-
ual mean value and the deviation score for the sum
of skinfolds) are highly related to hypercholesterol-
emia, but the regression coefficients obtained from
the combined model are only slightly different from
the ones obtained from the separate models.

When the model of changes between subse-
quent measurements is used to obtain an estimate
for the within-subjects part of the relationship
with a dichotomous outcome, another problem
arises. This has to do with the fact that changes
in a dichotomous outcome variable result in a
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Output 7.9 Results of a logistic GEE analysis to analyse the relationship between hypercholesterolemia
and the deviation score of the sum of skinfolds

GEE population-averaged model Number of obs = 882

Group variable: id Number of groups = 147
Link: logit Obs per group:

Family: binomial min = 6

Correlation: exchangeable avg = 6.0

max = 6

Wald chi2 (1) = 10.38

Scale parameter: 1 Prob > chi?2 = 0.0013

cholO1 |

—_—— = = = = = +— —

dev_skinf |
_cons | -

(Std. Err. adjusted for clustering on id)

Robust
Coef. Std. Err. z P>|z| [ 95% Conf. Interval]
.2126421 .0660035 3.22 0.001 .0832776 .3420066
.6944896 .1367522 -5.08 0.000 -.9625191 -.4264602

Output 7.10 Results of a logistic GEE analysis to analyse the relationship between

hypercholesterolemia

and both the individual mean value and the deviation score of the sum

of skinfolds
GEE population-averaged model Number of obs = 882
Group variable: id Number of groups = 147
Link: logit Obs per group:
Family: binomial min = 6
Correlation: exchangeable avg = 6.0
max = 6
Wald chi2 (2) = 33.28
Scale parameter: 1 Prob > chi?2 = 0.0000

mean_skinf |
dev_skinf |

(Std. Err. adjusted for clustering on id)

Robust
Coef. Std. Err. z P>|z| [ 95% Conf. Interval]
77777777 +7777777777777777777777777777777777777
.4671199 .1046545 4.46 0.000 .2620009 .6722389
.2210443 .0670186 3.30 0.001 .0896903 .3523983
-2.50239 .4455472 -5.62 0.000 -3.375646 -1.629133

_cons |

categorical variable with four groups (i.e. subjects
who stay in one group, subjects who stay in
another group and two groups in which subjects
move from one group to another (see Figure 7.2)).

categorical outcome, which longitudinal analysis
is even more complicated than the longitudinal
analysis of a dichotomous outcome (see

So, changes between subsequent measurements in ~ Chapter 8).
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Figure 7.2 Changes in a dichotomous variable between two
time-points lead to a categorical variable with four groups.

7.5.7 Comments

In Chapter 6, different methods were introduced
which aim to estimate causality in observed longitu-
dinal studies. These models can also be applied to

dichotomous outcomes. However, for the longitu-
dinal mediation models, the problem of non-
collapsibility also occurs, so these models should
be interpreted with some caution.

In this chapter, the longitudinal analysis of a
dichotomous outcome variable is explained in a
rather simple way. It should be realised that the
mathematical details of these analyses are very com-
plicated, and therefore, a detailed explanation goes
beyond the scope of this book. For further details,
reference is made to other publications, with regard
to GEE analysis, for instance Liang and Zeger, 1986;
Prentice, 1988; Lipsitz et al., 1991; Carey et al., 1993;
Lipsitz et al., 1994b; Wiliamson et al., 1995; Lipsitz
and Fitzmaurice, 1996; and with regard to mixed
model analysis for instance Conway, 1990;
Goldstein, 1995; Rodriguez and Goldman, 1995;
Goldstein and Rasbash, 1996; Gibbons and
Hedeker, 1997; Barbosa and Goldstein, 2000; Yang
and Goldstein, 2000; Rodriguez and Goldman,
2001).
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8.1 Categorical Qutcome Variables
8.1.1 Two Measurements

Longitudinal analysis with a categorical outcome
variable is more problematic than the longitudinal

Categorical and Count Qutcome Variables

as the Stuart-Maxwell test, and is only suitable for
outcome variables with three categories. The
Stuart-Maxwell test statistic follows a Chi-square
distribution with one degree of freedom, and is
defined as shown in Equation 8.1:

analysis with a continuous or dichotomous outcome 5 ﬁBd% + ﬁwd% + ﬁlzdg
variable. Until recently only simple methods X = 2(TiaHiys + fiafiys + fiyafizs) (8.1a)
were available to analyse such outcome variables. i b n
Therefore, categorical variablesare sometimes treated ~ 72;; = dl z (8.1b)
. . . 2
as continuous, especially when they are ordinal and
di = nin — Ny (8.1¢c)

have a sufficient number (usually five or more) of
categories. Another method is to reduce the categor-
ical outcome variable into a dichotomous one by
combining two or more categories. However, this
results in a loss of information, and is only recom-
mended when there are only a few subjects in one or
more categories of the categorical variable.

The simplest form of longitudinal study with a
categorical outcome varijable is one where the
categorical outcome variable is measured twice
in time. This situation (when the categorical vari-
able consists of three groups) is illustrated in the
3 X 3 table presented below (where n stands for
number of subjects and p stands for the propor-
tion of the total number of subjects N).

To determine whether there is a change over
time in a categorical outcome variable, an exten-
sion of the McNemar test (which has been dis-

where n;; is the number of subjects in group i at
t=1 and in group j at t =2, and n; is the
number of subjects in group j at t =1 and in
group i at t = 2.

Like the McNemar test, the Stuart-Maxwell
test gives an indication of the differences between
the change over time in opposite directions, while
the main interest is usually the total change over
time. Therefore, the proportion of change can be
calculated. This proportion of change is a summa-
tion of all the off-diagonal proportions of the cat-
egorical 3 x 3 table. Around this proportion a 95%
confidence interval can be calculated in the usual
way. For calculation of the standard error of the
proportion of change, Equation 8.2 can be used:

pchange - (1 - pchange)

cussed for dichotomous outcome variables, see
Section 7.1) can be used. This extension is known ¢ (p Chﬂﬂge) = N (8.2)
)
1 2 3 Total
b 1 ni/pn m2/Pra m3/pi3 ”l(ﬂ)/pw(n)
2 N1 /Pai N2/Pxn n3/pas ”2(ﬂ)/pz(m)
3 n31/ps; n32/Ps; n33/pss ”3([1)/P3m)
total M2)/P1(2) N2/ Pa(e2) N3(22)/P3(2) N
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where se is the standard error, p,,,,. is the pro-
portion of change equal to 1 — (p1; + P2 + P33)
when there are three categories, and N is the total
number of subjects.

As for the dichotomous outcome variables,
this method can be carried out for the proportion
of subjects that increases over time or the propor-
tion of subjects that decreases over time. It is
obvious that the calculation of the proportion of
change is not limited to categorical variables with
only three categories.

8.1.2 More than Two Measurements

When there are more than two measurements in a
longitudinal study, the same method can be used
as has been described for dichotomous outcome
variables, i.e. the proportion of change can be
used as a measure of total change over time. To
do so, (T — 1)r x c tables' must be constructed
(fort=1and t =2, fort =2 and t = 3, and so
on), then for each table the proportion of change
can be calculated. To obtain the total proportion
of change, Equation 8.3 can be applied:

_ 1 N

P = NT 1) 2im” (83)
where p is the total proportion of change, N is the
number of subjects, T is the number of measure-
ments, and ¢; is the number of changes for indi-
vidual i over time.

8.1.3 Comparing Groups

In research situations in which the longitudinal
development over time between several groups
must be compared, the simple methods discussed
for dichotomous outcome variables can also be
used for categorical outcome variables, i.e. com-
paring the proportion of change between different
groups, or comparing the proportion of change in
a certain direction between different groups.
When there are only two groups to compare, a
95% confidence interval can be constructed
around the difference in proportions. This should
be done in exactly the same way as has been
described for dichotomous outcome variables
(see Section 7.3).

1 4 x ¢ stands for row x column, and indicates that all

types of categorical variables can be analysed in
this way.

8.1.4 Example

For the example, the continuous outcome variable
cholesterol of the example dataset was divided
into three equal groups, according to the 33rd
and the 66th percentile, in order to create the
categorical cholesterol variable. This was done at
each of the six repeated measurements. Most of
the statistical methods are suitable for situations
in which there are only two measurements, and
therefore the change between the first and the last
repeated measurement (between t = 1 and t = 6)
for the categorical outcome variable cholesterol
will be considered first. In Table 8.1 the 3 x 3
table for cholesterol at + =1 and cholesterol at
t = 6 is presented. From Table 8.1 the Stuart-
Maxwell test statistic and the proportion of
change can be calculated. Output 8.1 shows the
result of the Stuart-Maxwell test.

With the Stuart-Maxwell test statistic, the dif-
ference between the change over time in opposite
directions is tested for significance. Because the
categorisation of cholesterol was based on tertiles
(i.e. fixed values), it is obvious that the Stuart-
Maxwell statistic will be very low, and far from
significant. The proportion of change is an indi-
cator of the total change over time. In the example
the proportion of change in cholesterol (as cat-
egorical variable) between t = 1 and t = 6 is 0.45,
with a 95% confidence interval ranging from
0.37 to 0.57, indicating a highly significant change
over time.

When all the measurements are included in the
analysis, the only possible way to investigate the
change over time in a categorical outcome variable
is to calculate the overall proportion of change. To
do so, all five 3 x 3 tables must be constructed (see
Table 8.2). From the five 3 x 3 tables the total
proportion of change can be calculated (with
Equation 8.2). This proportion is equal to 0.35.

Table 8.1 3 x 3 table with the number of subjects for
cholesterol (as categorical variable) att = 1 and t =6

Cholesterol at t = 6

Cholesterol at t = 1 0 1 2 Total
1 30 15 3 48
2 16 19 14 49
3 3 15 32 50
Total 49 49 49 147
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Output 8.1 Results of a Stuart-Maxwell test to analyse the change over time in cholesterol (as
categorical variable) betweent=1and t =6

at t=1 |
| 1 2 3 Total
________ +_ —_ e — — -
1] 30 15 3 48
2|1 16 19 14 49
3 3 15 32 50
|
Total | 49 49 49 147
chi2 df Prob>chi2
Symmetry (asymptotic) | 0.07 3 0.9955
Marginal homogeneity (Stuart-Maxwell) | 0.05 2 0.9765

The corresponding 95% confidence interval (based
on the standard error calculated with Equation 8.3)
ranges from 0.32 to 0.38, i.e. a highly significant
change over time.

It is also possible to compare the change over
time for cholesterol (as categorical variable)
between two or more groups. In the example, first,
the change in cholesterol between t = 1 and t = 6
(using only those two measurements) was com-
pared between males and females. Table 8.3 shows
the two 3 x 3 tables. For both groups the propor-
tion of change is exactly the same, i.e. 0.45. Around
this (no) difference a 95% confidence interval can
be constructed: [-0.16 to 0.16]. The width of the
confidence interval provides information about
the precision of the calculated difference between
the two groups.

To obtain an estimation of the possible differ-
ence in change over time for the two groups by
using all six measurements, the overall proportion
of change must be calculated for both groups.
When this is done (by creating (T — 1), 3 x 3 tables
for both groups), the overall proportion of change
for males is 0.47, while for females the overall
proportion of change is 0.44. Around this differ-
ence of 3% a 95% confidence interval can be
calculated. To obtain a standard error for this
difference, Equation 8.4 can be applied to these
data, which results in a confidence interval ranging
from —0.05 to 0.11, i.e. no significant difference
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between the two groups in the overall proportion
of change:

[pgl(lpgl) . [pgz(lpgz)]

(8.4)

where se is the standard error, p,, is the propor-
tion of change in group 1, p,, is the proportion of
change in group 2, Ny, is the number of subjects
in group 1, and N, is the number of subjects in
group 2.

8.1.5 Regression-based Methods

In Chapters 4 and 7, it was argued that longitudinal
data analysis with a continuous outcome variable is a
longitudinal extension of linear regression analysis,
and that longitudinal data analysis with a dichotom-
ous outcome variable is a longitudinal extension of
logistic regression analysis; ie. both take into
account the fact that the repeated observations
within the subject are correlated. Analogous to this,
it is obvious that longitudinal data analysis with a
categorical outcome variable is a longitudinal exten-
sion of multinomial logistic regression analysis.
Multinomial logistic regression analysis is the cat-
egorical extension of logistic regression analysis.
With multinomial logistic regression analysis,
basically multiple logistic regression analyses are
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Table 8.2 Five 3 x 3 tables with the number of subjects for cholesterol (as categorical variable) between t =1 and t =6

Cholesterol at t = 2

Cholesterol at t = 1 0
1 35
2 8
3 3
Total 46

Cholesterol at t = 3

Cholesterol at t = 2 0
1 34
2 18
3 2
Total 54

Cholesterol at t = 4

Cholesterol at t = 3 0
1 45
2 7
3 0
Total 52

Cholesterol at t = 5

Cholesterol at t = 4 0
1 36
2 10
3 3
Total 49

Cholesterol at t = 6

Cholesterol at t =5 0
1 35
2 12
3 2
Total 49

combined into one analysis, although the method is
slightly different from performing separate inde-
pendent logistic regression analyses.

Multinomial logistic regression analysis for
longitudinal data analysis was first described for
generalised estimating equation (GEE) analysis
(see for instance Liang et al., 1992; Miller et al.,
1993; Lipsitz et al., 1994b). Surprisingly, the multi-
nomial logistic GEE analysis is still not yet

1 2 Total
1 2 48
29 12 49
13 34 50
53 48 147

1 2 Total
11 1 46
20 15 53

11 35 48
42 41 147

1 2 Total
9 0 54
23 12 42
14 37 51
46 49 147

1 2 Total
16 0 52
24 12 46
10 36 49
50 48 147

1 2 Total
13 1 49
22 16 50
14 32 48
49 49 147

available in standard software packages, and will
therefore not be discussed in detail. The general
idea of this GEE analysis is the same as for all other
GEE analyses, i.e. an adjustment for the depend-
ency of observations is performed by assuming a
certain (working) correlation structure.

From the beginning of this century, a multi-
nomial logistic mixed model analysis has also been
described (Agresti et al., 2000; Rabe-Hesketh et al.,
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Table 8.3 3 x 3 table with the number of subjects for cholesterol (as categorical variable) at t = 1 and t = 6 for two groups

divided by sex (males versus females)

Males Cholesterol at t =6

Cholesterol at t = 1 0 1 2 Total
1 14 7 0 21

2 11 8 5 24

3 3 5 16 24
Total 28 20 21 69
Females Cholesterol at t = 6

Cholesterol at t = 1 0 1 2 Total
1 16 8 3 27

2 5 11 9 25

3 0 10 16 26
Total 21 29 28 78

2001a; Rabe-Hesketh and Skrondal, 2001). As with
all other mixed model analyses described earlier,
with a multinomial logistic mixed model analysis,
all questions related to the change over time can be
answered as well. Moreover, it can also be used to
analyse the longitudinal relationship between a
categorical outcome variable and one or more
covariates. The underlying methods and the inter-
pretation of the regression coefficients are com-
parable to what has been described for logistic
mixed model analysis.

8.1.5.1 Example

The first step in the analysis to answer the ques-
tion whether there is a relationship between chol-
esterol (as categorical variable) and the sum of
skinfolds is to perform a multinomial logistic
mixed model analysis with only a random inter-
cept. Output 8.2 shows the result of this analysis.

The output of a multinomial logistic mixed
model analysis has a slightly different structure
than the outputs of linear and logistic mixed model
analyses. This has to do with the fact that a multi-
nomial logistic mixed model analysis in STATA
can only be performed with the GLLAMM proced-
ure. GLLAMM stands for Generalised Linear
Latent and Mixed Models and is a very flexible
method with which many complicated mixed
model analyses can be performed.

In the output, first the number of level 1 units
and the number of level 2 units are given. Level
1 and level 2 refers to multilevel analysis, which is
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another name for mixed model analysis. Level
1 refers to the repeated observations which are
clustered within the subject. Level 2 refers to the
subjects. So, there are 882 observations performed
within 147 subjects. This was already known,
because that is the structure of the example dataset.
Next, the log likelihood of the model is presented
(-792.87177). As for all other mixed model ana-
lyses, this number is only interesting in compari-
son to the log likelihood value of another model in
order to perform the likelihood ratio test. In the
next part of the output, the regression coefficient
and standard error are given for the sum of skin-
folds as well as the z-values, the corresponding p-
values and the 95% confidence interval around the
regression coefficient. In the example dataset,
cholesterol is a categorical outcome variable with
three categories (i.e. tertiles), so there are two
tables with regression coefficients. In the first table
the second tertile of cholesterol is compared to the
first (i.e. lowest) tertile of cholesterol (which is the
reference category), while in the second table the
third (i.e. highest) tertile of cholesterol is com-
pared to the lowest tertile. The interpretation of
the regression coefficients is rather complicated.
For the comparison between the second tertile
and the reference category (i.e. the lowest tertile)
the regression coefficient (0.4827596) can be trans-
formed into an odds ratio (i.e. EXP[0.4827596] =
1.62). As for all other longitudinal regression ana-
lyses, this odds ratio has a pooled interpretation.
(1) The between-subjects interpretation: a subject
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Output 8.2 Results of a logistic multinomial mixed model analysis with only a random intercept to
analyse the relationship between cholesterol (as categorical variable) and the sum of skinfolds

number of level 1 units = 882
number of level 2 units =147

gllamm model

log likelihood =-792.87177

cholesterol | Coef. Std. Err.
________ e
c2 |
skinf | .4827596 .128826
_cons | -1.174496 .5292486
________ e
c3 |
skinf | .7451436 .1277911
_cons | -2.20741 .5314244

**x*Jevel 2 (id)

var(l): 6.8117255 (1.3218953)

with a one-unit higher score for the sum of skin-
folds, compared to another subject, has 1.62 times
higher odds of being in the second tertile com-
pared to the odds of being in the lowest tertile. (2)
The within-subjects interpretation: an increase of
one unit in the sum of skinfolds within a subject is
associated with 1.62 times higher odds of moving
from the lowest tertile to the second tertile of
cholesterol, compared to the odds of staying in
the lowest tertile. The regression coefficient of the
sum of skinfolds belonging to the comparison
between the highest tertile and the lowest tertile
(EXP[0.7451436] = 2.11) can be interpreted in the
same way. (1) A subject with a one-unit higher
score for the sum of skinfolds, compared to
another subject, has 2.11 times higher odds of
being in the highest tertile for cholesterol com-
pared to the odds of being in the lowest tertile.
(2) An increase of one unit in the sum of skinfolds
within a subject is associated with 2.11 times
higher odds of moving from the lowest tertile to

z P>|z| [ 95% Conf. Interval]
3.75 0.000 .2302654 .7352539
-2.22 0.026 -2.211804 -.1371877
5.83 0.000 .4946777 .9956094
-4.15 0.000 -3.248983 -1.165838

the highest tertile for cholesterol, compared to the
odds of staying in the lowest tertile. In the last part
of Output 8.2 the variance around the intercept
(var(1) = 6.8117255) is provided. Again, this vari-
ance is estimated assuming a normal distribution
of the intercepts. It has been mentioned before,
that in a longitudinal study it is not necessary to
evaluate whether or not a random intercept should
be added to the model. A model without a random
intercept (i.e. a naive multinomial logistic regres-
sion analysis) is theoretically wrong, because it
ignores the longitudinal nature of the data.

The next step in the analysis can be to add a
random slope for the sum of skinfolds to the
model. Output 8.3 shows the result of the multi-
nomial logistic mixed model analysis with both a
random intercept and a random slope for the sum
of skinfolds.

First of all, in Output 8.3, it can be seen that the
random part of the model (variances and covar-
iances of random effects) is extended compared to
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Output 8.3 Results of a logistic multinomial mixed model analysis with a random intercept and a
random slope for the sum of skinfolds to analyse the relationship between cholesterol (as categorical

variable) and the sum of skinfolds

number of level 1 units = 882
number of level 2 units = 147

Condition Number = 69.39715
gllamm model

log likelihood =-790.51288

cholesterol | Coef Std. Err z P>|z| [ 95% Conf. Interval]
________ +_____________________________________
c2 |
skinf | .5687498 .1596936 3.56 0.000 .255756 .8817436
_cons | -1.302102 .6154244 -2.12 0.034 -2.508311 -.095892
________ +_____________________________________
c3 |
skinf | .8338226 .1593379 5.23 0.000 .521526 1.146119
_cons | -2.345778 .6188567 -3.79 0.000 -3.558715 -1.132841
Variances and covariances of random effects
***Jevel 2 (id)
var(1l): 11.927035 (5.8816087)
cov(l,2): -.94701524 (.9913524) cor(1l,2): -.52829728

var (2): .26941681 (.15834677)

the model with only a random intercept. A random
slope (var(2)) is provided as well as the covariance
between the random slope and the random inter-
cept (cov(1,2)). In the output, the correlation
between the random slope and the random inter-
cept (cor(1,2)) is also provided, although the latter
is not very informative. It can also be seen that the
log likelihood of the model with both a random
intercept and a random slope (-790.51288) is
slightly better compared to the model with only a
random intercept (-792.87177). The difference
between the two -2 log likelihoods equals 4.75.
The improvement is, therefore, not statistically
significant (the critical value of the Chi-square
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distribution with two degrees of freedom equals
5.99) So, in this example, a model with only a
random intercept can be used.

As has been mentioned before, the magnitude
of the regression coefficient (i.e. the magnitude of
the odds ratio) reflects both the between-subjects
and the within-subjects relationship. The relative
contribution of both parts highly depends on the
proportion of subjects who move from one
category to another. In the example dataset for
instance, the proportion of subjects who move
from the lowest to the highest category is rather
low, so for the comparison between the lowest
and the highest tertile, the estimated odds ratio
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Output 8.4 Results of a logistic multinomial mixed model analysis to analyse the relationship between
cholesterol (as categorical variable) and the individual mean value of the sum of skinfolds

number of level 1 units = 882
number of level 2 units =147

Condition Number = 69.941431
gllamm model

log likelihood = -794.98068

cholesterol | Coef Std. Err
________ +______________
c2 |
mean skinf | 1.009957 .2040885
_cons | —-2.883731 .6723749
________ +______________
c3 |
mean skinf | 1.314746 .2030953
_cons | -4.07726 .6747639

***level 2 (id)

var(l): 6.6572316 (1.2769519)

of 2.11 probably reflects mainly the between-
subjects relationship. To verify this, a hybrid
model can be analysed in which the between-
subjects part of the relationship and the within-
subjects part of the relationship are estimated
separately. Output 8.4 shows the result of the
logistic multinomial mixed model analysis to ana-
lyse the relationship between cholesterol (as cat-
egorical variable) and the individual mean value
of the sum of skinfolds in order to obtain the
between-subjects part of the relationship, while
Output 8.5 shows the result of the logistic
multinomial mixed model analysis to analyse the
relationship between cholesterol (as categorical
variable) and the deviation score of the sum of
skinfolds in order to obtain the within-subjects
part of the relationship.

Z P>|z| [ 95% Conf. Interval]
4.95 0.000 .6099512 1.409963
-4.29 0.000 -4.201561 -1.5659
6.47 0.000 .9166864 1.712805
-6.04 0.000 -5.399773 -2.754747

From Outputs 8.4 and 8.5, it is clear that the
overall relationship between cholesterol (as cat-
egorical variable) and the sum of skinfolds is
mainly driven by the between-subjects part of
the relationship. However, the within-subjects
part of the relationship is also significant for both
comparisons.

8.2 Count Qutcome Variables

A special type of a categorical outcome variable is
a count outcome variable (e.g. the number of
asthma attacks, the number of falls in elderly
people, etc.). Because of the discrete and non-
negative nature of the count outcome variables,
they are assumed to have a Poisson distribution.
A Poisson distribution is further characterised by
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Output 8.5 Results of a logistic multinomial mixed model analysis to analyse the relationship between
cholesterol (as categorical variable) and the deviation score of the sum of skinfolds

number of level 1 units = 882
number of level 2 units =147

Condition Number = 7.1185382
gllamm model

log likelihood =-810.98167

cholesterol | Coef Std. Err
________ +_ —_ e — — = =
c2 |
dev_skinf | .3642297 .1553568
_cons | .8525628 .2627121
________ +_ —_ e — — — e — — = =
c3 |
dev_skinf | .5254968 .1538859
_cons | .8668522 .262637

*** level 2 (id)

var(l): 8.4114161 (1.738022)

equal values for the mean and the variance and
therefore the Poisson distribution is skewed to the
right. A longitudinal analysis with a count out-
come variable is comparable to a cross-sectional
Poisson regression analysis, the difference being
that the longitudinal method takes into account
the within-subjects correlations. It should further
be noted that the longitudinal Poisson regression
analysis is sometimes referred to as longitudinal
log-linear regression analysis.

As for the longitudinal linear regression analysis,
the longitudinal logistic regression analysis, and the
longitudinal multinomial logistic regression analysis,
the longitudinal Poisson regression analysis is, in
fact, nothing more than an extension of the cross-
sectional Poisson regression analysis, i.e. an add-
itional adjustment for the dependency of the obser-
vations within the subject. With this analysis the
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z P>|z| [ 95% Conf. Interval]
2.34 0.019 .059736 .6687233
3.25 0.001 .3376566 1.367469
3.41 0.001 .223886 .8271075
3.30 0.001 .3520931 1.381611

longitudinal relationship between the count out-
come variable and several covariates can be analysed.
As in all regression analyses, the covariates can be
continuous, dichotomous or categorical, although of
course in the latter situation dummy coding can or
must be used. As in cross-sectional Poisson regres-
sion analysis, the regression coefficient can be
transformed into a rate ratio (EXP[regression coeffi-
cient]). For estimation of the regression coefficients
(i.e. rate ratios) the same methods can be used as
were discussed before, i.e. GEE analysis and mixed
model analysis. Within GEE analysis, a correction
for the within-subjects correlations is made by
assuming a (working) correlation structure, while
within mixed model analysis the different regression
coefficients are allowed to vary between the subjects,
i.e. by adding a random intercept and (if necessary)
random slopes to the model. It should be realised
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that a longitudinal Poisson regression analysis is only
valid when the count outcome variable has a Poisson
distribution. It has been mentioned before that a
Poisson distribution is characterised by equal values
for the mean and the variance. In many research
situations, however, the variance will be higher than
the mean. This phenomenon is known as overdis-
persion and although Poisson regression analysis is
still valid when the overdispersion is not that big, it is
better to use an alternative method when there is
overdispersion. This alternative method is known as
negative binomial regression analysis and also for
negative binomial regression analysis both GEE
analysis and mixed model analysis are available.
The interpretation of the regression coefficients
obtained from a negative binomial regression analy-
sis is exactly the same as for a Poisson regression
analysis. So, also the regression coefficient from a
negative binomial regression analysis has to be trans-
formed into a rate ratio by taking EXP[regression
coefficient].

8.2.1 Example
8.2.1.1 Introduction

The example chosen to illustrate the analysis of a
count outcome variable is taken from the same lon-
gitudinal study which was used to illustrate most of
the other methods, i.e. the Amsterdam Growth and
Health Longitudinal Study (Kemper, 1995). One of
the aims of this study was to investigate the possible
clustering of risk factors for coronary heart disease
(CHD) and the longitudinal relationship with several
lifestyle covariates. To construct a measure of clus-
tering, at each of the six repeated measurements,
high-risk quartiles were formed for each of the
following biological risk factors: (1) the ratio between
total serum cholesterol and high-density lipoprotein
cholesterol, (2) diastolic blood pressure, (3) the sum
of skinfolds, and (4) cardiopulmonary fitness. At
each of the repeated measurements, clustering was
defined as the number of biological risk factors that
occurred in a particular subject. So, if a subject
belonged to the high-risk quartile for all biological
risk factors, the clustering score at that particular
measurement was 4, if the subject belonged to three
high-risk groups, the clustering score was 3, etc. This
clustering score is a count outcome variable and this
outcome variable is related to the amount of physical
activity, which is a time-dependent continuous cov-
ariate. Tables 8.4 and 8.5 show descriptive informa-
tion about the example dataset.

Table 8.4 Number of subjects with a particular clustering
score (i.e. the number of CHD risk factors) measured at six
time-points

Number of CHD risk factors

Time-point 0 1 2 3 4
1 65 49 25 4 4
2 60 44 33 9 1
3 47 64 26 9 1
4 54 53 29 9 2
5 56 53 26 11 1
6 55 46 33 13 0
Table 8.5 Mean and standard deviation (between
brackets) for the clustering score and physical activity
Time-point Clustering Activity
1 0.96 (0.97) 435 (1.9)
2 1.00 (0.90) 3.90 (1.6)
3 0.99 (0.97) 362 (1.7)
4 1.00 (0.97) 352 (1.8)
5 0.97 (0.96) 337 (2.1)
6 1.03 (0.98) 3.02 (2.1)

Again, the aim of the study was to investigate
the longitudinal relationship between the cluster-
ing of CHD risk factors and physical activity. In
the example, both GEE analysis and mixed model
analysis will be used to investigate this longitu-
dinal relationship. From the descriptive informa-
tion provided in Table 8.5 it can be seen that the
mean value of the clustering score is almost equal
to the variance, so the variable has a nice Poisson
distribution.

8.2.1.2 GEE Analysis

As with all GEE analyses, the GEE analysis with a
count outcome variable requires the a priori
choice of a (working) correlation structure. In
principle, there are the same possibilities as has
been discussed for other outcome variables (see
Section 3.4.3). In the example, first an exchange-
able correlation structure will be used.

Output 8.6 presents the result of the GEE
analysis to analyse the relationship between clus-
tering of CHD risk factors and physical activity.
The output looks exactly the same as the output
from a linear or logistic GEE analysis. The only
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Output 8.6 Results of a Poisson GEE analysis to analyse the relationship between the clustering of CHD

risk factors and physical activity
GEE population-averaged model

Group variable: id
Link: log
Family: Poisson
Correlation: exchangeable
Scale parameter: 1

Number of obs = 882
Number of groups = 147
Obs per group:
min = 6
avg = 6.0
max = 6
Wald chi2 (1) = 20.15
Prob > chi2 = 0.0000

(Std. Err. adjusted for clustering on id)

| Robust
cluster | Coef Std. Err.
,,,,,,,, e
activity | -.085672 .0190848
_cons | .2642411 .0772955

difference is the different link function, which is
log, and the different family, which is Poisson.
The other information provided in the output is
exactly the same as for the linear and the logistic
GEE analyses. So, the most interesting part is the
last part of the output in which the regression
coefficient for physical activity is given. This part
of the output shows the regression coefficient, the
standard error, the z-value, the corresponding p-
value and the 95% confidence interval around the
regression coefficient.

The scale parameter obtained from a Poisson
GEE analysis has the same interpretation as the
scale parameter derived from a logistic GEE
analysis. This has to do with the characteristics
of the Poisson distribution on which the Poisson
GEE analysis is based. Within the Poisson distri-
bution the variance is exactly the same as the
mean value. So, for the Poisson GEE analysis,
the scale parameter has to be one (i.e. a direct
relationship between the variance and the mean).

Looking at the estimated regression coeffi-
cient, it can be seen that there is a highly signifi-
cant inverse relationship between the CHD
risk clustering score and physical activity. The
regression coefficient of -0.085672 has to be
transformed into a rate ratio by taking EXP
[regression coefficient]. The rate ratio for physical
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z P>|z] [ 95% Conf. Interval]
-4.49 0.000 -.1230775 -.0482665
3.42 0.001 .1127447 .4157374

activity is therefore EXP[-0.085672] = 0.92 with a
95% confidence interval ranging from EXP[-
0.1230775] = 0.88 to EXP[-0.0482665] = 0.95.
As for all other longitudinal data analyses, this
rate ratio has a double interpretation: (1) the
between-subjects interpretation; i.e. a difference
of one unit in physical activity between subjects
is associated with a 9% (1/0.92 = 1.09) difference
(i.e. lower) in the number of CHD risk factors and
(2) the within-subjects interpretation; an increase
of one unit in physical activity within a subject is
associated with a 9% decrease in the number of
CHD risk factors.

To investigate the influence of using a different
correlation structure, the data were re-analysed
with different correlation structures. The result is
presented in Output 8.7, and in Table 8.6 the
results of the Poisson GEE analyses with different
correlation structures are summarised.

From Table 8.6, it can be seen that the results
obtained with the four dependent correlation
structures are only slightly different. This was
also observed for the GEE analysis with a dichot-
omous outcome variable. In other words, for the
longitudinal analysis of a count outcome vari-
able, GEE analysis also seems to be quite robust
against a wrong choice of a correlation structure.
For the analysis with an independent correlation
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Output 8.7 Results of a Poisson GEE analysis with different correlation structures to analyse the
relationship between the clustering of CHD risk factors and physical activity

GEE population-averaged model

Group variable:
Link:

Family:
Correlation:

Scale parameter:

Pearson chi?2 (882) :
Dispersion (Pearson) :

Number of obs = 882
id Number of groups = 147

log Obs per group:
Poisson min = 6
independent avg = 6.0
max = 6
Wald chi2 (1) = 18.62
1 Prob > chi2 0.0000
821.33 Deviance = 968.54
.9312152 Dispersion = 1.098124

(Std. Err. adjusted for clustering on id)

| Robust

cluster | Coef Std. Err. z P>|z| [ 95% Conf. Interval]
________ +_______________________________________
activity | -.0988464 .0229069 -4.32 0.000 -.143743 -.0539497
_cons | .3103622 .0909612 3.41 0.001 .1320815 .4886428
GEE population-averaged model Number of obs = 882
Group and time vars: id time Number of groups = 147

Link: log Obs per group:
Family: Poisson min = 6
Correlation: stationary (5) avg = 6.0
max = 6
Wald chi2 (1) = 22.15
Scale parameter: 1 Prob > chi?2 = 0.0000

|
cluster | Coef.
________ +________
activity | -.0846262
_cons | .2569902

GEE population-averaged model

Group and time vars:
Link:

Family:
Correlation:

Scale parameter:

(Std. Err. adjusted for clustering on id)

Robust
Std. Err. z P>|z| [ 95% Conf. Intervall
.0179808 -4.71 0.000 -.119868 -.0493844
.076354 3.37 0.001 .1073392 .4066413
Number of obs = 882
id time Number of groups = 147

log Obs per group:

Poisson min = 6
AR (1) avg = 6.0
max = 6
Wald chi2 (1) = 20.06
1 Prob > chi2 = 0.0000

(Std. Err. adjusted for clustering on id)
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Output 8.7 (cont.)

| Robust
cluster | Coef Std. Err.
________ +________________
activity | -.0848512 .0189464
_cons | .2569211 .0799962

GEE population-averaged model

z P>|z] [ 95% Conf. Interval]
-4.48 0.000 -.1219854 -.0477169
3.21 0.001 .1001315 .4137108
Number of obs = 882
Number of groups = 147
Obs per group:
min = 6
avg = 6.0
max = 6
Wald chi2 (1) = 20.43
Prob > chi?2 = 0.0000

(Std. Err. adjusted for clustering on id)

Group and time vars: id time
Link: log
Family: Poisson
Correlation: unstructured
Scale parameter: 1
| Robust
cluster | Coef Std. Err.
________ +________________
activity | -.079091 .0174967
_cons | .2425161 .0749627

Table 8.6 Results of Poisson GEE analyses with different
correlation structures

Correlation Regression coefficient
structure (se)

Exchangeable -0.086 (0.019)
Independent -0.099 (0.023)
5-Dependent -0.085 (0.018)
Autoregressive -0.085 (0.019)
Unstructured -0.079 (0.017)

structure, the regression coefficient and the
standard error was slightly higher than for the
analysis with the four dependent correlation
structures.

8.2.1.3 Mixed Model Analysis

The first mixed model analysis performed on this
dataset is an analysis with only a random intercept.
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z P>|z] [ 95% Conf. Interval]
-4.52 0.000 -.1133838 -.0447981
3.24 0.001 .0955919 .3894403

Output 8.8 shows the result of this Poisson mixed
model analysis.

The output of the Poisson mixed model analy-
sis looks the same as the output that has been
discussed earlier for the linear and logistic mixed
model analyses. The left column of the first part
contains general information about the model. It
shows that a Poisson mixed model analysis was
performed, and it gives the log likelihood of the
model (-1051.6519). The right column of the first
part of the output shows the information about
the number of observations, the number of sub-
jects and the number of observations within the
subject. It also shows the result of a Wald test
which is (again) not interesting.

The second part of the output (the fixed part of
the model) shows the regression coefficient for
physical activity, the standard error, the z-value,
the p-value and the 95% confidence interval
around the regression coefficient. Also this regres-
sion coefficient has to be transformed into a rate
ratio by taking EXP[regression coefficient]. The
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Output 8.8 Results of a Poisson mixed model analysis with only a random intercept to analyse the
relationship between the clustering of CHD risk factors and physical activity

Mixed-effects Poisson regression
Group variable: id

Integration method: mvaghermite

Log likelihood = -1051.6519

cluster | Coef Std. Err
________ e o ____
activity | -.088815 .0233405
_cons | .0912854 .1046205
,,,,,,,, e
id |
var (_cons) | .3901599 .0783727

LR test vs. Poissonmodel: chibar2 (01) =126.74

interpretation of the rate ratio is (as always for a
time-dependent covariate) a pooled between-
subjects and within-subjects interpretation.

The last part of the output shows information
about the random part of the model, which
contains only the variance around the intercept.
Furthermore, the result of the likelihood ratio test
comparing the model with a random intercept
and a model without a random intercept (a naive
Poisson regression analysis with physical activity)
is given. This difference is 126.74, and it follows a
Chi-square distribution with one degree of free-
dom (i.e. only a random intercept is added to the
model). The corresponding p-value (prob > chi2)
is very low (i.e. highly significant), so it is, also
statistically, necessary to add a random intercept
to the model.

Because physical activity is a time-dependent
covariate, the next step in the analysis can be to
add a random slope for physical activity to the
model. A model with a random slope for physical
activity unfortunately did not converge. Because
this happens quite often when random slopes are
added to the model, it is suggested to use the

Number of obs = 882
Number of groups = 147
Obs per group:
min = 6
avg = 6.0
max = 6
Integration pts. = 7
Wald chi2 (1) 14.48
Prob > chi?2 0.0001
z P>|z] [ 95% Conf. Interval]
-3.81 0.000 -.1345615 -.0430684
0.87 0.383 -.113767 .2963378
.2631837 .5783971

Prob >=chibar2=0.0000

centred value of the continuous covariate instead
of the actual observed value. The centred value for
the covariate can be obtained by subtracting the
overall mean value from each individual observa-
tion. It is argued that models converge better
when centred values are used. However, in this
particular example, a model with the centred
value for physical activity including a random
slope did also not converge. So, in this situation,
a Poisson mixed model analysis with only a
random intercept should be used.

8.2.2 Comparison between GEE Analysis
and Mixed Model Analysis

When the results of the GEE analysis and the
mixed model analysis are compared, it can be
concluded that the differences observed for
dichotomous outcome variables (see Section
7.5.2) are not observed for a count outcome vari-
able. In fact, the observed differences between the
two methods are very small, although both the
regression coefficient and the standard error
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Output 8.9 Results of a negative binomial GEE analysis to analyse the relationship between the

clustering of CHD risk factors and physical activity
GEE population-averaged model

Group variable: id
Link: log
Family: negative binomial (k=1)
Correlation: exchangeable
Scale parameter: 1

Number of obs = 882
Number of groups = 147
Obs per group:
min = 6
avg = 6.0
max = 6
Wald chi2 (1) = 19.14
Prob > chiz = 0.0000

(Std. Err. adjusted for clustering on id)

| Semirobust
cluster | Coef Std. Err.
,,,,,,,, e e
activity | -.0840483 .0192116
_cons | .2580306 .0783996

obtained from a Poisson mixed model analysis are
slightly higher than those obtained from a Poisson
GEE analysis. The fact that the subject-specific
regression coefficient and standard error derived
from the Poisson mixed model analysis are slightly
higher than the population-averaged coefficients
derived from the Poisson GEE analysis has to do
with the characteristics of the Poisson model com-
pared to the linear model. However, the differences
are far less pronounced than those discussed for
the logistic model.

8.2.3 Negative Binomial
Regression Analysis

As mentioned before, negative binomial regression
analysis can be used as an alternative for a Poisson
regression analysis when there is overdispersion in
the count outcome variable (Agresti et al., 2000;
Green, 2021). In the example with the clustering of
CHD risk factors, the variance of the clustering
variable was almost equal to the mean, so there is
no need to perform a negative binomial regression
analysis. However, for illustrative purposes, a nega-
tive binomial GEE analysis with an exchangeable
correlation structure was performed to analyse the
relationship between the clustering of CHD risk
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z P>|z] [ 95% Conf. Interval]
-4.37 0.000 -.1217024 -.0463943
3.29 0.001 .1043702 .411691

factors and physical activity. Output 8.9 shows the
result of this analysis.

From Output 8.9 it can be seen that the regres-
sion coefficient obtained from a negative bino-
mial GEE analysis is almost the same as the
coefficient obtained from a Poisson GEE analysis.
Again, this is not surprising, because the outcome
variable in this example (clustering of CHD risk
factors) has a Poisson distribution without over-
dispersion. It should further be noted that a nega-
tive binomial mixed model analysis did not
converge in this particular example.

To get a better feeling for the differences
between longitudinal Poisson regression and longi-
tudinal negative binomial regression on count data
with overdispersion, another example is used. This
second example is taken from the Longitudinal
Aging Study Amsterdam (LASA). The aim of the
study was to investigate the development of symp-
toms of loneliness over time and whether the devel-
opment of symptoms of loneliness was different for
males and females. In this particular dataset there
were six repeated measurements and the outcome
variable was a count variable theoretically ranging
between 0 and 11. Figure 8.1 shows the distribution
of the outcome variable (i.e. symptoms of loneli-
ness) over all observations in the longitudinal study.
The average value of symptoms of loneliness was
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Figure 8.1 Distribution of symptoms of loneliness.

2.2, while the variance was equal to 6.8, indicating
overdispersion. Both a Poisson mixed model analy-
sis and a negative binomial mixed model analysis
were used to analyse the difference in development
over time in symptoms of loneliness between males
and females. In the dataset males were coded 0 and
females were coded 1. Outputs 8.10 and 8.11 show
the results of the analyses.

From both outputs it can be seen that there
are 9,937 observations within 2,539 subjects. This
indicates that there is a lot of missing data in this
longitudinal study. On average there are 3.9
observations for each subject. See Chapter 11 for
a detailed discussion of the influence of missing
data on the result of a longitudinal data analysis.

Looking at the fixed parts of both mixed
model analyses it can be seen that the results are
only slightly different. The regression coefficient
for time indicates the linear development over
time for males, while the regression coefficient

for the interaction between sex and time indicates
the difference in linear development over time
between females and males. Not only are the
regression coefficients slightly different for the
two methods, the standard errors also are. In
general, the standard errors obtained from the
negative binomial mixed model analysis are a bit
higher than the ones obtained from the Poisson
mixed model analysis. The higher standard errors
estimated with the negative binomial mixed
model analysis, are a better reflection of the over-
dispersion in the count data. In the present
example, the higher standard errors also lead to
slightly lower z-values and slightly higher p-
values. The result of the negative binomial mixed
model analysis is not only theoretically more valid
than the result of the Poisson mixed model analysis,
it is also shown in the fit indicators (see Table 8.7).
Both the Akaike Information Criterion (AIC) and
the Bayesian Information Criterion (BIC) are much
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Output 8.10 Results of a Poisson mixed model analysis to analyse the difference in development of
symptoms of loneliness over time between males and females

Mixed-effects Poisson regression
Group variable: id

Integration method: mvaghermite

Log likelihood = -17997.643

loneliness | Coef Std. Err
—_ — —_— — ____I_ ______________
time | .0888718 .0078256
sex | .2099123 .0545349
|
c.time#c.sex | —-.0233427 .0099904
\
cons | .0421771 .0412191
_________ +_______________
id |
var(_cons)| 1.180423 .0464039

Number of obs = 9,937
Number of groups = 2,539

Obs per group:
min = 1
avg = 3.9
max = 6
Integration pts. = 7
Wald chi2 (3) = 249.80
Prob > chi?2 = 0.0000
z P>|z| [ 95% Conf. Interval]
11.36 0.000 .073534 .1042096
3.85 0.000 .1030258 .3167988
-2.34 0.019 -.0429235 -.0037619
1.02 0.306 -.0386109 .1229651
1.092889 1.274969

LRtest vs. Poissonmodel: chibar2 (01) =12473.14 Prob >=chibar2=0.0000

lower for the negative binomial mixed model analy-
sis, indicating a better fit. As has been mentioned
before, both AIC and BIC can be seen as adjusted
values of the -2 log likelihood, i.e. adjusted for the
number of parameters estimated by the particular
model (Akaike, 1974; Schwarz, 1978).

8.2.4 Comments

As has been mentioned for the longitudinal data
analyses with continuous and dichotomous out-
comes, alternative models for categorical and
count outcomes (such as hybrid models, time-
lag models, etc.) can also be performed. In
Section 8.1.5.1 the hybrid model analysis was
illustrated for the analysis of the relationship
between cholesterol (as categorical variable)
and the sum of skinfolds. The methods are
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basically the same as those described in
Chapters 5 and 6, so this will not be further
discussed here.

One of the characteristics of a Poisson distri-
bution is skewness to the right. When a continu-
ous or count outcome variable is skewed to the
right, normally a log transformation is performed
to obtain a normal distribution. After the analysis
is performed on this log transformed outcome
variable, the regression coefficients have to be
retransformed in order to get interpretable effect
estimates. Of course, this is also possible for
skewed-to-the-right longitudinal continuous or
count outcomes. However, sometimes in the
skewed-to-the-right longitudinal count outcome
there is an excess of zeros. When there is an
excess of zeros, a log transformation does not
lead to a normal distribution. It has been shown
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Output 8.11 Results of a negative binomial mixed model analysis to analyse the difference in
development of symptoms of loneliness over time between males and females

Mixed-effects nbinomial regression Number of obs = 9,937
Overdispersion: mean
Group variable: id Number of groups = 2,539
Obs per group:
min = 1
avg = 3.9
max = 6
Integration method: mvaghermite Integration pts. = 7
Wald chi2 (3) = 209.40
Log likelihood = -17958.36 Prob > chi?2 = 0.0000
loneliness | Coef Std. Err z P>|z| [ 95% Conf. Interval]
_________ +______________________________________
time | .0890452 .0087045 10.23 0.000 .0719846 .1061058
sex | .2004323 .0564515 3.55 0.000 .0897894 .3110751
|
c.time#c.sex | -.0200606 .0112076 =-1.79 0.073 -.042027 .0019059
|
_cons | .0503406 .0426286 1.18 0.238 -.0332098 .1338911
_________ +_____________________________________
/lnalpha | -2.607091 .1337065 -19.50 0.000 -2.869151 -2.345032
_________ +_____________________________________
id |
var( cons) | 1.160932 .0465391 1.073208 1.255826

LRtest vs. nbinomial model: chibar2 (01) =3550.84 Prob >=chibar2=0.0000

Table 8.7 Fit indicators for two mixed model analyses that for a longitudinal count outcome. the excess
analysing the difference in development over time in g ?

symptoms of loneliness between males and females of zeros is not very problematic because both a
longitudinal Poisson regression analysis and a

AIC BIC 1 e 1 . . . .
ongitudinal negative binomial regression analy-
Poisson mixed model 3600529 3604131 sis can deal (to some extent) with the excess of
analysis zeros. However, sometimes the excess of zeros is

Negative binomial mixed 3592872 3597194

related to a floor effect, which can complicate the
model analysis

interpretation of the result. This issue will be

Abbreviations: AIC = Akaike Information Criterion; further discussed in Chapter 9.
BIC = Bayesian Information Criterion.
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9.1 Introduction

When the development over time is analysed in a
particular continuous outcome variable, it is quite
common that the variable reaches either a ceiling
or a floor. For instance, in rehabilitation research,
most of the patients will recover after a certain
amount of time. On the instrument to measure the
rehabilitation process, these patients cannot score
any higher than the maximum. It is also possible
that so-called floor effects occur. For instance,
when the effect of pain medication is investigated
and the outcome variable pain is measured on a
visual analogue scale, some patients will report no
pain after a certain amount of time. They cannot
score lower than the no pain level. Also, in studies
when there is some detection limit (e.g. for blood
parameters), these floor effects are present. In fact,
these problems always arise when a measurement
instrument is used that has upper and lower limits
and when some of the subjects in the study reach
these upper or lower limits. When ceiling or floor
effects are present in longitudinal studies it is also
known as upper or lower censoring.

In most longitudinal medical studies, this upper
or lower censoring is ignored. The outcome vari-
ables are analysed as if they were normally distrib-
uted over the whole period of time. This is not the
case, because when patients reach the floor or ceil-
ing, the outcome variable is not normally distrib-
uted anymore. In cross-sectional studies (especially
in econometrics) the problem of upper and lower
censoring is solved by using so-called tobit models,
after Tobin’s (1958) classical example on household
expenditures. Within medical science, only a few
examples are available in which cross-sectional
tobit regression analysis is used (Twisk and
Rijmen, 2009; Spriensma et al., 2012). However,
in longitudinal medical studies tobit regression
analysis is almost never used, while it has some nice
theoretical advantages above standard longitudinal
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data analysis. Tobit regression is an example of a
so-called two-part model. The general idea behind
two-part models (which are also known as mixed
response models, mixed distribution models, selec-
tion models or hurdle models) is that the outcome
variable has a mixed distribution, i.e. a binomial
distribution for either reaching the floor or ceiling
and another distribution for the part between the
floor and ceiling. Within tobit regression analysis it
is assumed that the distribution of the outcome
variable between the floor and ceiling is approxi-
mately normal. However, in theory it can be
another distribution as well. One two-part model
that is used quite often is the zero-inflated Poisson
regression model. A zero-inflated Poisson regres-
sion model is a two-part model that is used when a
Poisson outcome variable has an excess of zeros. In
this situation, the binomial distribution of being zero
or not is mixed with a Poisson distribution for the
non-zero part of the distribution. Within the two-
part models a distinction must be made between
standard two-part regression models and two-part
joint regression models. In the standard two-part
regression models the two processes are split and
two sets of regression coefficients are obtained,
which means that different sets of covariates can be
included for the two processes. Zero-inflated Poisson
regression is an example of a standard two-part
model. With zero-inflated Poisson regression, one
set of covariates is used for the binomial process
(zero versus non-zero) and one set for the Poisson
process. For some research questions this is a nice
feature, for instance, when one is interested in the
relationship between smoking behaviour and several
covariates. When smoking behaviour is measured as
the number of cigarettes smoked per day, smoking
behaviour can be divided into two (different) pro-
cesses. One process defines smoking versus non-
smoking, while the other process defines the number
of cigarettes smoked for a smoker. The two processes
can have different relationships with the covariates.
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However, in many situations one regression
coefficient for each covariate would be preferable.
Models that provide one set of regression coeffi-
cients are known as two-part joint regression
models and tobit regression is an example of a
two-part joint regression model.

9.2 Tobit Mixed Model Analysis

As has been mentioned before, tobit regression is
an example of a two-part joint regression model.
The general idea behind the tobit model is that the
subjects that either score the lowest limit of the
scale or the highest limit of the scale should not be
regarded as subjects that truly all have the same
score. Regarding floor effects, for some of the
subjects the true score may fall beyond the scale
of the measurement instrument or, regarding ceil-
ing effects, the true score may fall above the scale
of the measurement instrument. In other words,
there is a certain variance between subjects at the
limit that cannot be observed. In medical studies,
patients who receive effective treatment over time
may reach the limit of a certain scale, i.e. reach
a floor or ceiling effect. When many patients
reach this limit, it results in a skewed distribution
of the outcome with an excess of either the lowest
or the highest score on the scale of measurement.
Within tobit regression, it is assumed that the true
underlying distribution is a normal distribution,

Frequency

unobserved

\

t

lower limit

but values below or above a certain threshold are
not detectable, a phenomenon which is (again)
also known as censoring (see Figure 9.1).
Because part of the underlying normal distribu-
tion is unobserved, the assumed normal distribu-
tion within tobit regression is known as a latent
normal distribution.

There are many examples of outcome variables
that show floor or ceiling effects over time due to
censoring. Functional ability measures, such as
the Disability Index of the Health Assessment
Questionnaire (HAQ-DI) (floor effect) and the
Barthel index (ceiling effect), are especially prone
to this phenomenon (Bruce and Fries, 2003). The
problem with, for instance, the floor effect of
HAQ-DI is that patients who score zero should
not be regarded as patients who truly all have the
same score. For some of the patients the true score
may fall beyond the scale of the measurement
instrument. In other words, there is a certain vari-
ance between patients at the limit that cannot be
observed.

9.2.1 Example

The first example is taken from a longitudinal
rehabilitation study among stroke patients
(Kwakkel et al., 1999). The main purpose of the
study was to analyse the development over time of
the Barthel index. An outcome variable that

Figure 9.1 Outcome measure with a floor effect due to censoring.
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Output 9.1 Results of a tobit mixed model analysis with only a random intercept to analyse the
difference in development over time in the Barthel index between males and females

Mixed-effects tobit regression

-inf
20

Limits: Lower =
Upper

Group variable: id

Integration method: mvaghermite

Log likelihood =-3519.9879

7777777777 +7777777777777
time| .6649583 .0193571
sex| 1.543268 1.036078
!
time#sex | .1013071 .0265061
\

_cons | 4.907955 .7778716
___________ +______________
id |

var( cons)| 24.86891 3.579976
___________ +______________
var (e.barthel) | 6.121319 .2435694

represents a patient’s ability to carry out 10 every-
day tasks (i.e. bladder and bowel control, toilet
use, dressing, feeding, walking, personal toilet,
transfer activities, bathing and stair climbing).
The lowest score for the Barthel index is 0 and
the highest possible score is 20. The Barthel index
was assessed weekly during the first 10 weeks after
stroke onset, then every two weeks until week
20 and finally the Barthel index was assessed at
week 26, week 38 and week 52. The study popula-
tion consisted of 101 patients with on average 16.3
measurements (range 2-18) per patient. Forty-
seven patients have a full dataset, while 33 patients
only miss the first measurement. The research
question to be answered was related to the differ-
ence in development over time between males and
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Number of obs = 1,646
Uncensored = 1,370
Left-censored = 0
Right-censored = 276
Number of groups = 101

Obs per group:
min = 2
avg = 16.3
max = 18
Integration pts. = 7
Wald chi2 (3) = 2957.93
Prob > chi2 = 0.0000
z P>|z| [ 95% conf. interval]
34.35 0.000 .6270192 .7028975
1.49 0.136 -.4874074 3.573944
3.82 0.000 .0493562 .1532581
6.31 0.000 3.383355 6.432555
18.75526 32.97544
5.662072 6.617815

LR test vs. tobit model: chibar2 (01) =2110.15

Prob >= chibar2 =0.0000

females. Because of the high number of repeated
measurements, a linear development over time
was assumed. Output 9.1 shows the result of a
tobit mixed model analysis to analyse the differ-
ence in development over time in the Barthel
index between males and females.

The output of a tobit mixed model analysis
looks similar to the outputs of the other mixed
model analyses performed throughout this book.
The first part of the output shows some general
information. It is mentioned that a mixed effects
tobit regression is performed, that the lower limit
is defined as minus infinity (meaning that there is
no lower limit defined), and that the upper limit is
equal to 20. That makes sense because the ceiling
effect of the Barthel index is reached at 20. It can
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also be seen that in the total dataset there are
276 observations reaching the ceiling value of 20.

Furthermore, it is mentioned that there are
1,644 observations within 101 patients used in
the analysis. On average there are 16.3 observa-
tions for each patient and the minimum number
of observations was two and the maximum
number of observations was 18. As in all mixed
model analyses the log likelihood is also given,
which can be used to compare different models
with each other and the result of the Chi-square
test relating to the covariates in the tobit mixed
model (i.e. a test which is not interesting). It
should be noted further that the estimation
method used in the tobit mixed model analysis
is the same as has been used for all mixed model
analysis with a non-continuous outcome variable
(i.e. the mvaghermite integration method).

The second part of the output contains the
regression coefficients, standard errors, z-values,
corresponding p-values and the 95% confidence
intervals around the regression coefficients. The
regression coefficients of the tobit mixed model
analysis can be interpreted in the same way as the
regression coefficients for a linear mixed model
analysis. So, the regression coefficient for time
(i.e. 0.6649583) indicated the difference in Barthel
index with each time-point for females. This is
because females are coded zero and there is an
interaction between time and sex in the model.
The regression coefficient for the interaction term
indicates the difference in development over time
between males and females, so for males the differ-
ence in Barthel index with each time-point equals
0.6649583 + 0.1013071 = 0.7662654. The coefficient
for sex gives the difference between males and
females when time equals zero and is, therefore,
not very informative.

The last part of the output shows the random
part of the model, ie. the random intercept
variance and the residual variance. Based on the
numbers it can be concluded that there is a huge
correlation between the repeated observations
within the subject. This is also reflected in the
huge Chi-square value for the comparison
between the tobit mixed model analysis with only
a random intercept and the naive tobit mixed
model analysis, which is given in the lowest line
of the output.

As has been mentioned before, in many situ-
ations the floor or ceiling effects are ignored in
longitudinal data analyses and this type of data is

analysed with a linear mixed model analysis
assuming a normal distribution of the outcome
variable. Due to this, it is interesting to compare
the result of the tobit mixed model analysis with
the result of a linear mixed model analysis.
Output 9.2 shows the result of a linear mixed
model analysis with only a random intercept per-
formed on the same dataset.

From Output 9.2 it can be seen that first of all
the regression coefficient for the interaction term
is much lower when ceiling effects are ignored. In
fact, the regression coefficient obtained from the
linear mixed model analysis is 10 times lower than
the one obtained from the tobit mixed model
analysis. Consequently, the interaction between
time and sex is totally insignificant when esti-
mated with a linear mixed model analysis. The
explanation for this huge difference is the per-
centage of males and females that reach the ceiling
in this longitudinal dataset. For females this per-
centage is about 8%, while for males this percent-
age is about 23.5% (see Figure 9.2).

It can also be seen that the log likelihood of the
tobit mixed model analysis is much lower than the
one obtained from the linear mixed model analysis.
Although it is questionable whether the likelihood
can be used to choose between the tobit mixed
model analysis and the linear mixed model analysis,
it gives an indication that the tobit mixed model
analysis provides a better fit. This conclusion
was also confirmed by the BIC values for both
models; i.e. the BIC, which can be seen as an
adjusted value of the -2 log likelihood and which
can be used for comparing models (Schwarz,
1978) was 7929.89 for the linear mixed model
analysis and 7084.412 for the tobit mixed model
analysis.

The second example is taken from a hypothet-
ical longitudinal study in 188 rheumatoid arthritis
patients which are measured three times for a
period of 24 weeks (measurements were taken at
8, 16 and 24 weeks after the start of treatment).
The outcome variable of interest was functional
ability measured by the Disability Index of the
Health Assessment Questionnaire (HAQ_DI),
which is prone to have a floor effect during treat-
ment. The main objective of the study was to
investigate the relationship between HAQ_DI
and disease activity. Disease activity was a time-
dependent continuous covariate theoretically
ranging between zero and ten. Figure 9.3 shows
the distribution of the outcome variable at the
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Output 9.2 Results of a linear mixed model analysis with only a random intercept to analyse the
difference in development over time in the Barthel index between males and females

Mixed-effects ML regression Number of obs 1,646
Group variable: id Number of groups = 101
Obs per group:
min = 2
avg = 16.3
max = 18
Wald chi2 (3) = 2909.75
Log likelihood = -3942.7266 Prob > chi?2 = 0.0000
barthel | Coef Std. Err. z P>|z| [ 95% Conf. Interval]
________ +________________________________________
time | .6167977 .0176607 34.92 0.000 .5821833 .6514121
sex | 1.842671 .9006745 2.05 0.041 .0773815 3.607961
\
timef#sex | .0100313 .0233483 0.43 0.667 -.0357306 .0557932
\

_cons | 5.131309 .6766974 7.58 0.000 3.805007 6.457612
Random-effects Parameters | Estimate Std. Err. [ 95% Conf. Interval]
__________________ +____________________________
id: Identity |

var( _cons) | 18.60101 2.674161 14.03344 24.65522
__________________ +____________________________
var (Residual) | 5.52062 .1986321 5.144718 5.923987

LR test vs. linear model: chibar2 (01) =1994.73

different time-points, while Output 9.3 shows the
result of the tobit mixed model analysis to analyse
the relationship between HAQ_DI and disease
activity.

In the first part of Output 9.3, it can be seen
that there are 504 observations in 188 patients.
There is some missing data because the average
number of observations within a patient is 2.7. It
can also be seen that almost half of the observa-
tions for HAQ_DI are left censored, i.e. are equal
to zero. In the second part of the output the
regression coefficient for disease activity is given.
The regression coefficient belongs to a time-
dependent covariate, so it has a pooled interpret-
ation; partly between-subjects and partly within-
subjects. As has been mentioned before, the
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Prob >=chibar2=0.0000

regression coefficient can be interpreted in the
same way as a regression coefficient in a linear
mixed model analysis. A one-unit difference in
disease activity is associated with a 0.2459272-
unit difference in HAQ_DI (both between- and
within-subjects). It can also be seen that the rela-
tionship between HAQ_DI and disease activity is
highly significant.

As always, the last part of the output shows the
random intercept variance and the residual
variance. From the numbers it can be seen that
in this example also the correlation between the
repeated observations within the patient is very
high.

Because disease activity is a time-dependent
covariate, in the next step of the analysis it can

https://doi.org/10.1017/9781009288002.010 Published online by Cambridge University Press


https://doi.org/10.1017/9781009288002.010

10
Barthel

Males

] g . g L °

Adsusnbaig

Barthel

Females

2 = 2 8 e s =
Asuenbaig

Figure 9.2 Distribution of the Barthel index for females and males separately.
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Output 9.3 Results of a tobit mixed model analysis with only a random intercept to analyse the

relationship between HAQ_DI and disease activity

Mixed-effects tobit regression

Limits: Lower =0
Upper = +inf

Group variable: id

Integration method: mvaghermite

Log likelihood = -272.8182

,,,,,,,,,, e
disease| .2459272 .0228659
_cons | -.5309732 .0742689
4 ____
id \
var (_cons) | .275138 .0424424
bl
var (e.HAQ DI) | .074088 .0082674

LR test vs. tobit model: chibar2 (01) =221.52

be evaluated whether it is necessary to add a
random slope for disease activity to the model.
Output 9.4 shows the result of this analysis.

The necessity of adding a random slope for
disease activity can be evaluated with the likeli-
hood ratio test. To do so, the -2 log likelihood of
the model with only a random intercept has to
be compared to the -2 log likelihood of the
model with both a random intercept, random
slope for disease activity and the covariance
between the random intercept and random slope.
The difference between the two -2 log likelihoods
equals 5.2, which is not statistically significant on
a Chi-square distribution with two degrees of
freedom. So, statistically, it is not necessary to
add a random slope for disease activity to the
model. However, because the difference between
the two -2 log likelihoods is close to the critical
value of 5.99, in some situations the random
slope is kept in the model. Looking at the

Number of obs = 504

Uncensored = 269

Left-censored = 235

Right-censored = 0

Number of groups = 188
obs per group:

min = 1

avg = 2.7

max = 3

Integration pts. = 7

Wald chi2 (1) = 115.67

Prob > chi2 = 0.0000

z P>|z| [ 95%conf. interval]

10.76 0.000
-7.15 0.000

.2011108 .2907435
-.6765376 -.3854088

.2033506 .372268

.0595338 .0922003

Prob >= chibar2 =0.0000

regression coefficients of the two models, the
main difference between the two is found in the
standard error of the regression coefficient for
disease activity, which is (as expected) a bit
higher when estimated in the model with a
random slope.

9.3 Longitudinal Two-part Models

Longitudinal tobit mixed model analysis is an
example of a two-part joint regression model assum-
ing a latent normal distribution. When this assump-
tion does not hold, more flexible two-part joint
regression models can be used. With the GLLAMM
procedure in STATA (see Section 8.1.5.1) it is pos-
sible to mix the binomial distribution with other
distributions, such as a Poisson distribution, a
gamma distribution, a log normal distribution, etc.
(Rabe-Hesketh et al, 200la; Rabe-Hesketh and
Skrondal, 2001).
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Output 9.4 Results of a tobit mixed model analysis with both a random intercept and a random slope
for disease activity to analyse the longitudinal relationship between HAQ_DI and disease activity

Mixed-effects tobit regression Number of obs = 504

Uncensored = 269

Limits: Lower =0 Left-censored = 235

Upper = +inf Right-censored = 0

Group variable: id Number of groups = 188
obs per group:

min = 1

avg = 2.7

max = 3

Integration method: mvaghermite Integration pts. = 7

Wald chi2 (1) = 78.16

Log likelihood =-270.21261 Prob > chi2 = 0.0000

HAQ DI| Coefficient Std.err. z P>|z| [ 95% conf. interval]
7777777777777 +_777777777777777777777777777777777_
disease | .2498791 .028265 8.84 0.000 .1944807 .3052776

_cons | -.5348014 .0844856-6.33 0.000-.7003901 -.3692128

_____________ +___________________________________
id |

var (disease) | .0144137 .0090061 .0042357 .04950488

var (_cons) | .38999 .1291052 .2038287 .7461765

_____________ +___________________________________
id |

cov (disease, cons) | -.0423995 .0330067-1.28 0.199-.1070914 .0222924

____________ +_________________________________

var (e.HAQ DI)| .0646751 .0081416 .050534 .0827733

LR test vs. tobit model: chi2 (3) =226.73 Prob > chi2 =0.0000

93.1 Examp|e medications, a rapid-acting insulin analogue, or

both at the discretion of their treating physician.
Measurements were conducted at baseline, after
three and after six months, and in this example
the development over time in hypoglycaemic events
for diabetic patients was analysed. Figure 9.4 shows
the overall distribution of the number of hypogly-
caemic events in the dataset used in this example.
From Figure 9.4 it can be seen that the distribution
is highly zero-inflated, or in other words, the distri-
bution has a strong floor effect.

Output 9.5 shows the result of a two-part joint
mixed model analysis in which a binomial distribu-
tion was used for zero versus non-zero and a Poisson

The example is taken from the SPIRIT study (Hajos
etal, 2011). This study aimed to examine the effect
of initiation of insulin glargine (a long-acting insu-
lin analogue) on general emotional well-being,
diabetes symptom distress and worries about hypo-
glycaemia in Dutch type 2 diabetes patients who
previously used oral anti-hyperglycaemic medica-
tion. Type 2 diabetes patients who used oral anti-
hyperglycaemic agents were recruited from
363 Dutch primary care practices, which were
spread across the country. This resulted in a total
sample of 889 patients. At baseline, patients initi-
ated insulin glargine either combined with oral
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Figure 9.4 Overall distribution of the number of hypoglycaemic events in the Spirit dataset.

distribution for the non-zero part. Because there are
only three fixed time-points in this study, time was
treated as a categorical variable and represented by
two dummy variables.

Output 9.5 is very simple and very straightfor-
ward. First the log likelihood of the model is given
(i.e. -3312.5361), and after that the regression coef-
ficients, the z-values, the corresponding p-values
and the 95% confidence intervals around the
regression coefficients are given. From this part of
the output it can be seen that the number of hypo-
glycaemic events decrease gradually over time and
that the difference between baseline and six months
is statistically significant (p = 0.008). The actual
interpretation of the regression coefficients for this
two-part joint mixed model analysis is rather com-
plicated and will be further discussed in Section
9.3.2. The last part of Output 9.5 shows the variance
of the random intercept (i.e. 3.5673155).

In real life, a Poisson mixed model analysis is
mostly used for this kind of data, but a Poisson
mixed model analysis basically ignores the excess
of zeroes. To compare the result of the two-part
joint mixed model analysis with only a random
intercept with a comparable Poisson mixed model
analysis, Output 9.6 shows the result of the
Poisson mixed model analysis.

When the result reported in Output 9.6 is
compared with the result reported in Output

9.5, it can be seen that the regression coeffi-
cients for the time dummy variables are slightly
different, especially regarding the development
of hypoglycaemic events between the first meas-
urement and the measurement after three
months. Most striking, however, is the differ-
ence in the standard errors of the regression
coefficients, which are much higher when esti-
mated with the two-part mixed model analysis.
Again, although it is doubtful whether the log
likelihood values can be directly compared with
each other, the comparison indicates that the
two-part mixed model analysis provides a better
fit compared to the Poisson mixed model
analysis. Also in this example, this was con-
firmed by the Bayesian Information Criterion
(BIC) values for both models, which were
6295.563 for the two-part mixed model analysis
and 7983.194 for the Poisson mixed model
analysis. Another way to compare the different
methods with each other is to compare the
observed values with the predicted values.
Figure 9.5 shows, therefore, the observed versus
predicted values for the two-part mixed model
analysis and the Poisson mixed model analysis.
The biggest difference between the two figures is
found in the predicted zero values, which is (as
expected) much better with the two-part mixed
model analysis.
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Output 9.5 Results of a longitudinal two-part joint mixed model analysis with only a random intercept
to analyse the development over time in hypoglycaemic events (analysis performed with the GLALAMM
procedure)

log likelihood = -3312.5361

Robust standard errors

hyp | Coef. Std. Err. z P>|z]| [ 95% Conf. Interval]
________ +____________________________________

time |
-.1682755 .1210002 -1.39 0.164 -.4054316 .0688806

2]

3] =-.2791713 .1050495 -2.66 0.008 -.4850646 -.073278
|
|

.0132694 .1223562 0.11 0.914 -.2265443 .2530832

***xlevel 2 (id)

var(l): 3.5673155 (.30504197)
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Figure 9.5 Observed versus predicted values derived from a Poisson mixed model analysis (A) and a two-part joint mixed model
analysis (B).

9.3.2 Comments with a two-part joint mixed model analysis. An
important reason why the two-part joint mixed
model analysis was chosen is that the outcome
variable in the example (i.e. the number of

In the example, the choice was made to analyse the
longitudinal data with lower or upper censoring
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Output 9.6 Results of a longitudinal Poisson mixed model analysis with only a random intercept to
analyse the development over time in hypoglycaemic events

Mixed-effects Poisson regression Number of obs 1984
Group variable: id Number of groups = 889
Obs per group: min = 1
avg = 2.2
max = 3
Integration points = 7 Wald chi2 (2) = 38.51
Log likelihood = -3976.4112 Prob > chiz2 = 0.0000
hyp | Coef. Std. Err. z P>|z| [ 95% Conf. Interval]
77777777 +7777777777777777777777777777777777777_
time |
2 | -.1055194 .0376571L -2.80 0.005 -.1793259 -.0317129
3 | -.2646151 .042647 -6.20 0.000 -.3482016 -.1810286
|
_cons | -.5001234 .0891871 -5.61 0.000 -.6749269 -.32532

3.946494 .3103373 3.382799 4.604121

LRtestvs. Poissonregression: chibar2 (01) = 7885.91 Prob>=chibar2=0.0000

hypoglycaemic events) can be seen as one
process that cannot be split into two processes.
Sometimes it is better to analyse the data with a
standard two-part regression model, leading to
separate regression coefficients for both parts of
the process (e.g. smoking behaviour related to
covariates).

The biggest problem with the two-part joint
mixed model analysis is the interpretation of the
regression coefficient. The general idea is that the
regression coefficient pools two interpretations:
(1) The difference in the outcome variable if
above the limit, weighted by the probability of
being above the limit; and (2) the difference in
the probability of being above the limit, weighted
by the expected value of the outcome variable if
above the limit. Theoretically this makes sense;
however, in practice, if for instance, one is inter-
ested in the magnitude of the development over
time or the effect of a certain intervention, it is

difficult to get a proper interpretation of the
regression coefficient.

Maybe because of the difficult interpretation of
the regression coefficient, the two-part joint mixed
model analysis is almost never used in longitudinal
medical studies. Mostly, the floor or ceiling effects
are ignored in the analysis. Other ways to analyse
these kind of data are to reduce the information in
the data to either a dichotomous outcome variable
(mostly comparing zero to non-zero) or a categor-
ical outcome variable (mostly comparing zero with
two groups of non-zero outcome in which the two
groups are divided according to the median of the
non-zero part). Sometimes researchers try to
transform (with a logarithmic transformation) a
distribution with many zeros into a normally dis-
tributed variable. However, due to the bunch of
zeros at the beginning of the distribution, this
transformation will not work because it will never
result in a normal distribution.
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10.1 Introduction

In the previous chapters, all examples were taken
from observational longitudinal studies. Although
the same statistical methods can be used for the
analysis of longitudinal intervention studies, there
are some important differences. Most longitu-
dinal intervention studies are randomised con-
trolled trials (RCTs). In general, in an RCT,
before the intervention starts (i.e. at baseline) the
study population is (randomly) divided into two
or more groups. In the case of two groups, one of
the groups receives the intervention of interest
and the other group (i.e. the control group)
receives a placebo intervention, no intervention
at all, or usual care. Both groups are monitored
over a certain period of time, in order to find out
whether the groups differ with regard to a par-
ticular outcome variable, which can be continu-
ous, dichotomous, categorical, etc.

The simplest form of a longitudinal RCT is
one in which a baseline measurement and only
one follow-up measurement are performed. If the
subjects are randomly assigned to the different
groups, a comparison of the follow-up values
between the groups will give an answer to the
question of which intervention is more effective
with regard to the particular outcome variable.
The assumption is that random allocation at
baseline will ensure that there is no difference
between the groups at baseline (in fact, in this
situation a baseline measurement is not even
necessary). However, the assumption of no differ-
ence between the groups at baseline almost never
holds. This is due to the fact that the theory
behind randomisation is related to infinite sample
sizes. When the group sizes are limited (which is,
of course, always the case) it is expected that there
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is a group difference at baseline. Therefore, in the
statistical analysis, this difference between the
groups at baseline should be taken into account.

In the past decade, intervention studies with only
one follow-up measurement have become rare. At
least one short-term follow-up measurement and
one long-term follow-up measurement are per-
formed. However, more than two follow-up meas-
urements are usually performed in order to compare
the development over time among the groups. These
more complicated designs are often analysed with
simple cross-sectional methods, mostly by analysing
the outcome at each follow-up measurement separ-
ately, or sometimes even by ignoring the informa-
tion gathered from the in-between measurements,
i.e. only using the last measurement as outcome
variable to evaluate the effect of the intervention.
This is even more surprising, in view of the fact that
there are statistical methods available which can be
used to analyse the difference in development over
time of the outcome variable between groups using
all available data.

It is obvious that the methods that can be used
for the statistical analysis of longitudinal interven-
tion studies are exactly the same as has been
discussed for observational longitudinal studies.
The remainder of this chapter is devoted to exten-
sive examples covering all aspects of the analysis
of intervention studies, mostly focusing on RCTs.
Like in most other chapters, separate sections will
deal with continuous outcome variables and
dichotomous outcome variables. Furthermore, in
the examples, a distinction is made between RCT's
with only one follow-up measurement and RCT's
with more than one follow-up measurement.
Although RCTs with only one follow-up measure-
ment have become rare, they are theoretically very
important to discuss in detail.
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10.2 Continuous Qutcome Variables

10.2.1 Randomised Controlled Trials
with One Follow-up Measurement

When the effect of an intervention is evaluated in an
RCT with only one follow-up measurement, usually
the change between the baseline measurement and
the follow-up measurement in the continuous out-
come variable is compared between the interven-
tion group and the control group. The effect of
the intervention can then be analysed by a cross-
sectional linear regression analysis (or even by an
independent #-test). This is a very popular method,
which greatly reduces the complexity of the statis-
tical analysis (see Equation 10.1):

AY; =Y — Yio (10.1a)

AY,' = ﬁO + ﬁlXi + & (101b)

where Y are observations of the outcome for
subject i at baseline, Y are observations of the
outcome for subject i at the follow-up measure-
ment, f3, is the intercept, X; are observations of
the intervention variable for subject i, §, is the
regression coefficient for the intervention vari-
able, and ¢; is the error for subject i.

One of the typical problems related to the use
of the change between baseline and follow-up is
the phenomenon of regression to the mean. If
the outcome variable at baseline is a sample of
random numbers, and the outcome variable at
follow-up is also a sample of random numbers,
then the subjects in the upper part of the distribu-
tion at baseline are less likely to be in the upper
part of the distribution at follow-up, compared to
the other subjects. In the same way, the subjects in
the lower part of the distribution at baseline are
less likely than the other subjects to be in the
lower part of the distribution at follow-up.
When the change over time in a whole population
is analysed, regression to the mean is not really a
big problem. However, in an RCT when two
groups are compared to each other, it is possible
that the average baseline value of the outcome
variable differs between the two groups. As has
been mentioned before, the general idea of
random allocation at baseline is that the average
value of the two groups is the same. However, that
is theoretically only the case when the (source)
population is infinite. In real life practice, the two
groups are of limited size and therefore it is highly

possible that the average baseline value of the
outcome variable differs between the two groups.
When the two groups are derived from one
(source) population, this difference is totally
caused by chance. When the average baseline
value differs between the intervention and the
control group, regression to the mean becomes a
problem. Suppose that the aim of a particular
intervention is to decrease the outcome variable
and suppose further that the intervention group
has a higher average baseline value compared to
the control group. When the intervention has
no effect at all, due to regression to the mean,
the average value of the intervention group will go
down, while the average value of the control
group will go up. A comparison between the
intervention and the control group based on the
change between baseline and follow-up will then
reveal a favourable intervention effect. This is not
a real effect, but an effect caused by regression to
the mean.

Because of this regression to the mean prob-
lem, there are methods available which aim to
adjust for regression to the mean. In many med-
ical studies, the relative change between baseline
and follow-up in the continuous outcome variable
is compared between the intervention group and
the control group (see Equation 10.2):

(Yinn — Yigo)
Yo
AY,‘ = ﬂO —+ ﬁlXi —+ &

AY; = x 100% (10.2a)

(10.2b)

where Y are observations of the outcome for
subject i at baseline, Y;; are observations of the
outcome variable for subject i at the follow-up
measurement, f3, is the intercept, X; are observa-
tions of the intervention variable for subject i, 8,
is the regression coefficient for the intervention
variable, and ¢; is the error for subject i.

Although most researchers believe that using
this relative change adjusts for regression to the
mean, this is not the case. This is illustrated in
Figure 10.1.

In Figure 10.1, two situations are shown.
In Figure 10.1A it can be seen that the baseline
value for the intervention group is higher com-
pared to the control group. The next column
reflects the situation after the intervention period.
It can be seen that the difference in outcome
variable between baseline and follow-up in both
groups is equal to one. However, because the
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Figure 10.1 lllustration to show that the use of relative change (Equation 10.2) does not adjust for regression to the mean.

intervention group has a higher baseline value
compared to the control group, due to regression
to the mean, the average value of the intervention
group is expected to decrease, while the average
value of the control group is expected to increase.
In other words, the decrease of one point in the
intervention group is easier to achieve than the
one-point decrease in the control group. When
the relative change is calculated, the intervention
group decreases by 25%, while the control group
decreases by 33%. So, in this situation (when there
is a decrease in the outcome variable), the use of
the relative change works well.

However, Figure 10.1B shows the opposite.
Again, there is a difference in baseline value
between the two groups and again, the average
baseline value of the intervention group is higher
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compared to the control group. In the second part
of the figure, however, the outcome variable
increases over time. Both groups increase with
one point, but because the control group has a
lower value at baseline, due to regression to the
mean, the one-point change is easier to achieve
for the control group compared to the one-point
change in the intervention group. When the rela-
tive change is calculated in this situation, the
intervention group increases by 33%, while the
control group increases by 50%. So, based on
the difference between the two relative changes,
the control group performs better than the inter-
vention group. This is not true, because in fact, it
is just the opposite; the intervention group per-
forms better than the control group. In other
words, when the outcome variable decreases over
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time, the use of the relative change more or less
adjusts for regression to the mean, but when the
outcome variable increases, it goes totally wrong.

Another method that claims to adjust for
regression to the mean is known as analysis of
covariance (Equation 10.3). With this method, the
value of the outcome variable at the follow-up
measurement is used as the outcome variable in
a linear regression analysis, with the baseline
value as one of the covariates.

Yin =By + B X+ B,Yin + & (10.3)

where Yo are observations of the outcome for
subject i at baseline, Y, are observations of the
outcome for subject i at the follow-up measure-
ment, f3, is the intercept, X; are observations of
the intervention variable for subject i, 3, is the
regression coefficient for the intervention vari-
able, 3, is the regression coefficient for the base-
line value and ¢; is the error for subject i.

In this model, 3, reflects the effect of the
intervention adjusted for a possible difference at
baseline, i.e. adjusted for regression to the mean.
Analysis of covariance is almost, but not quite, the
same as the calculation of the change between
baseline and follow-up (see Equation 10.1). This
can be seen when Equation 10.3 is written in a
slightly different way (Equation 10.4).

Yitl — ﬁzYitO = ﬁO + ﬁlxi + & (104)

where Y are observations of the outcome for
subject i at baseline, Y are observations of the
outcome for subject i at the follow-up measure-
ment, f3, is the intercept, X; are observations of
the intervention variable for subject i, 3, is the
regression coefficient for the intervention vari-
able, f3, is the regression coefficient for the base-
line value and ¢; is the error for subject i.

In the analysis of covariance, the change is
defined relative to the value of the outcome vari-
able at baseline. This relativity is expressed in the
regression coefficient 3,, which is known as the
autoregression coefficient (see also Section 5.3.3).
Because of this relativity, analysis of covariance
adjusts for regression to the mean. The analysis of
covariance is comparable to the analysis of
residual change, which was first described by
Blomquist (1977). The first step in the analysis
of residual change is to perform a linear regres-
sion analysis between the outcome at follow-up
and the outcome at baseline. The second step is to
calculate the difference between the observed

value of the outcome at follow-up and the pre-
dicted value of the outcome at follow-up (pre-
dicted by the regression model with the outcome
at baseline as covariate). This difference is called
the residual change, which is then used as out-
come variable in a linear regression analysis with
the intervention variable. The regression coeffi-
cient of the intervention variable is an estimate of
the effect of the intervention adjusted for regres-
sion to the mean. Although the general idea
behind the analysis of residual change is the same
as for analysis of covariance, the results of both
methods are not exactly the same. From the lit-
erature it is known that the analysis of residual
change is not as good as the analysis of covariance
(Forbes and Carlin, 2005).

Some researchers argue that the best way to
estimate an intervention effect, adjusting for
regression to the mean, is a combination of
Equations 10.1 and 10.3. They suggest that the
change between baseline and follow-up is used
as the outcome in a linear regression analysis
adjusting for baseline (Equation 10.5).

Yin — Yio =By + B, Xi + B Yo + & (10.5)
where Y are observations of the outcome for
subject i at baseline, Y;; are observations of the
outcome for subject i at the follow-up measure-
ment, f, is the intercept, X; are observations of
the intervention variable for subject i, 3, is the
regression coefficient for the intervention vari-
able, f3, is the regression coefficient for the base-
line value and ¢; is the error for subject i.

However, analysing the change, adjusting for
baseline, is exactly the same as the analysis of
covariance described in Equation 10.3. This can
be seen when Equation 10.5 is written in another
way (Equation 10.6). The only difference between
the models is that the regression coefficient for
the baseline value is different; i.e. the difference
between the regression coefficient for the baseline
value is equal to one.

Yin = By + B Xi + B, Yo + Yio + &
Yin =B, + B, Xi+ (/32 + I)YitO +¢&

(10.6a)
(10.6b)

where Y, are observations of the outcome for
subject i at baseline, Y;; are observations of the
outcome variable for subject i at the follow-up
measurement, f3, is the intercept, X; are observa-
tions of the intervention variable for subject i, §;
is the regression coefficient for the intervention

167

https://doi.org/10.1017/9781009288002.011 Published online by Cambridge University Press


https://doi.org/10.1017/9781009288002.011

Applied Longitudinal Data Analysis for Medical Science

variable, 3, is the regression coefficient for the
baseline value and ¢; is the error for subject i.

10.2.1.1 Example

The first example dataset is derived from an RCT,
which was performed by Proper et al. (2003). The
example nicely shows the influence of ignoring
the regression to the mean phenomenon on the
result and conclusion of an RCT. In brief, 299 civil
servants working within municipal services in the
Netherlands were randomised either into an
intervention or a control group. All subjects ran-
domised into the intervention group were offered
seven consultations, over a period of nine months
focusing primarily on the enhancement of the
individual’s level of physical activity. Subjects in
the control group received no individual counsel-
ling. Outcome variables were assessed at baseline
and directly after the completion of the last con-
sultation. For the example, two continuous out-
come variables (physical activity and total serum
cholesterol) were selected. For both outcomes,
differences between the intervention and control
group were observed at baseline (see Table 10.1).

From Table 10.1 it can be seen that for both
physical activity and total serum cholesterol, the
baseline value for the intervention group is higher
than for the control group.

To analyse the effect of the intervention, sev-
eral methods were used. Output 10.1 shows the
result for total serum cholesterol of three methods
described in Section 10.2.1, i.e. the analysis of
changes; the analysis of changes, adjusted for
baseline; and the analysis of covariance.

From Output 10.1 it can be seen that the effect
of the intervention is overestimated when the
change between baseline and follow-up is com-
pared between the intervention and control group.

Table 10.1 Mean and standard deviation (between
brackets) for physical activity and cholesterol

Baseline  Follow-up

Total serum cholesterol
(mmol/I)

Intervention group ~ 5.51 (1.04)  5.33 (0.99)

Control group 535 (0.94) 539 (0.95)
Physical activity

Intervention group 580 (1.08)  5.95 (0.95)

Control group 547 (1.07) 539 (1.04)
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This overestimation is caused by the difference
between the groups at baseline. Because the inter-
vention group starts at a higher level, and the
intervention is intending to decrease total serum
cholesterol, regression to the mean is helping the
intervention group to decrease. Analysis of
covariance adjusts for the difference at baseline
and therefore this analysis revealed a less strong
intervention effect (ie. -0.184309 versus -
0.220306). As has been explained in Section
10.2.1, the analysis of covariance and the analysis
of changes adjusted for baseline are basically the
same and therefore, they reveal the same
intervention effect.

Although for both total serum cholesterol and
physical activity the intervention group has a
higher value at baseline, for physical activity, the
results show a different picture than for total
serum cholesterol (see Output 10.2).

From Output 10.2, it can be seen that the
analysis of changes between baseline and follow-
up underestimates the effect of the intervention.
Again, this is due to the difference at baseline
between the intervention and the control group.
The difference between the analysis of the inter-
vention effect for total serum cholesterol and
physical activity has to do with the fact that the
intervention aimed to increase physical activity
and to decrease total serum cholesterol. So, for
physical activity, regression to the mean is helping
the control group and therefore, the analysis of
changes results in an underestimation of the
intervention effect.

In this example with only one follow-up meas-
urement, it is also possible to use the regression-
based methods (i.e. mixed model analysis or gen-
eralised estimating equation (GEE) analysis) to
estimate the intervention effect. The regression-
based methods can only be used when there are
correlated observations in the outcome variable,
so when a regression-based method is used for the
analysis of an RCT with only one follow-up meas-
urement, it directly implies that the baseline value
must be part of the outcome variable. One of the
possibilities, which is often used, is given in
Equation 10.7.

Yie = By + B Xi + Bytime + B, X; X time + ¢
(10.7)
where Y;; are observations of the outcome for

subject i at time ¢, is the intercept, X; are obser-
vations of the intervention variable for subject i,
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Output 10.1 Results of three methods to analyse the effect of the intervention on total serum
cholesterol. (A) The analysis of changes, (B) the analysis of changes, adjusted for baseline and (C) the

analysis of covariance

(A)
del chol | Coef Std. Err.
_________ +______________
intervention | -.220306 .0888516
_cons | .0364762 .0610664

(B)
del chol | Coef. Std. Err
_________ +______________
intervention | -.184309 .0837584
chol base | -.2212941 .0424295
_cons | 1.22021 .2341

(C)
chol t1 | Coef Std. Err.

777777777 +777777777777777

intervention | -.184309 .0837584
chol base | .7787059 .0424295
_cons | 1.22021 .2341

B, is the regression coefficient for the intervention
variable, time is time of measurement (0 for the
baseline measurement and 1 for the follow-up
measurement),, is the regression coefficient for
time, 3, is the regression coefficient for the inter-
action between the intervention variable and time,
and ¢; is the error for subject i at time ¢.

The coefficient of interest in this analysis is the
regression coefficient for the interaction between
the intervention variable and time (i.e. ;). The
regression coefficient for the intervention variable
(B,) reflects the difference between the two
groups at baseline, while the summation of the
regression coefficient for the intervention variable
and the regression coefficient for the interaction
term (B, + fB;) reflects the difference between the
intervention and the control group at follow-up.
So, the regression coefficient for the interaction
term reflects the difference between the interven-
tion and control group in the difference between
baseline and follow-up, which is assumed to be an

t P>|t| [ 95% Conf. Interval]
-2.48 0.014 -.3955283 -.0450836
0.60 0.551 -.0839516 .156904
t P>|t| [ 95% Conf. Interval]
-2.20 0.029 -.3494925 -.0191256
-5.22 0.000 -.304971 -.1376172
5.21 0.000 .7585317 1.681888
t P>|t] [ 95% Conf. Interval]
-2.20 0.029 -.3494925 -.0191256
18.35 0.000 .695029 .8623828
5.21 0.000 .7585317 1.681888

estimation of the intervention effect. Output 10.3
shows the results of the mixed model analyses for
both total serum cholesterol and physical activity,
using Equation 10.7.

As has been mentioned previously, the coeffi-
cients of interest from the results of the mixed
model analyses shown in Output 10.3 are the
regression coefficients belonging to the interaction
terms. Those coefficients are assumed to reflect the
effect of the intervention for the two outcome
variables. For cholesterol, the effect of the inter-
vention is —-0.220306, while for physical activity,
the effect of the intervention is 0.2473911. When
these results are compared to the results obtained
from the three methods presented in Outputs 10.1
and 10.2, it is obvious that the estimated interven-
tion effects are exactly the same as the ones
obtained from the analysis of changes.

So, in the analyses performed in this way there is
no adjustment for the difference at baseline between
the two groups and therefore, the estimated
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Output 10.2 Results of three methods to analyse the effect of the intervention on physical activity. (A)
The analysis of changes, (B) the analysis of changes, adjusted for baseline and (C) the analysis of

_________ +______________________________________

covariance

(A)
del act | Coef Std. Err
intervention | .2473911 .096712
_cons | —-.0904762 .0664688

(B)
del act | Coef. Std. Err
_________ +______________
intervention | .3328238 .0887946
act base| -.2675616 .0408708
_cons | 1.375379 .2319074

(C)
act tl | Coef Std. Err.
777777777 +77777777777777
intervention | .3328238 .0887946
act base | .7324384 .0408708
_cons | 1.375379 .2319074

intervention effects are not correct. An alternative
solution for this problem is a comparable analysis
without the intervention variable in the model
(Equation 10.8).

Yy = B, + B, time + B,X; X time + & (10.8)

where Y, are observations of the outcome for
subject i at time ¢, 3, is the intercept, time is time
of measurement (0 for the baseline measurement
and 1 for the follow-up measurement), 3, is the
regression coefficient for time, X; are observa-
tions of the intervention variable for subject i, 3,
is the regression coefficient for the interaction
between the intervention variable and time, and
&;r is the error for subject i at time t.

Because the intervention variable is not in the
model, the baseline value for both groups is
assumed to be equal and is reflected in the inter-
cept of the model (i.e.8;). In this model, the coeffi-
cient of interest is, again, the regression coefficient
for the interaction between the intervention
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t P>|t| [ 95% Conf. Interval]
2.56 0.011 .0566673 .4381149
-1.36 0.175 -.221558 .0406056
t P>|t] [ 95% Conf. Interval]
3.75 0.000 .1577083 .5079392
-6.55 0.000 -.3481645 -.1869587
5.93 0.000 .9180252 1.832734
t P>|t| [ 95% Conf. Interval]
3.75 0.000 .1577083 .5079392
17.92 0.000 .6518355 .8130413
5.93 0.000 .9180252 1.832734

variable and time (B,), because this coefficient
reflects the intervention effect. Output 10.4 shows
the results of the mixed model analyses based on
this method for both total serum cholesterol and
physical activity.

From Output 10.4 it can be seen that the inter-
vention effects estimated with this method are
slightly different from the intervention effects
estimated with the analysis of covariance. For total
serum cholesterol the effect estimates were
-0.1871102 and -0.184309 respectively, while for
physical activity the effect estimates were
0.3146177 and 0.3328238. This was not really
expected because both methods adjust for the dif-
ference at baseline. However, when a mixed model
analysis is used with both a random intercept and a
random slope for time, the effect estimates were
exactly the same as the ones estimated with the
analysis of covariance (see Output 10.5). This is
despite the fact that the estimation of the random
part of the model is estimated with a huge error.
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Output 10.3 Results of a mixed model analysis to analyse the effect of the intervention on (A) total
serum cholesterol and (B) physical activity, using Equation 10.7

(A)

Mixed-effects ML regression Number of obs = 398
Group variable: id Number of groups = 199

Obs per group:
min = 2
avg = 2.0
max = 2
Wald chi2 (3) = 8.72
Log likelihood = -454.04432 Prob > chi2 = 0.0333
cholesterol | Coef. Std. Err. z P>|z|[ 95% Conf. Interval]

____________ +_________________________________
intervention| .1626657 .138033 1.18 0.239 -.107874 .4332053
l.time| .0364762 .0607588 0.60 0.548 -.0826088 .1555612
|
time#intervention |
1 | -.220306 .088404 -2.49 0.013 -.3935746-.0470374
|
_cons| 5.349143 .0948681 56.39 0.000 5.163205 5.535081

Random-effects Parameters | Estimate Std. Err. [ 95% Conf. Interval]
__________________ +____________________________

id: Identity |
var (_cons) | .7511852 .0855751 .6008666 .939109
777777777777777777 +7777777777777777777777777777
var (Residual) | .1938106 .0194297 .1592369 .2358909

LR test vs. linear model: chibar2 (01) =198.87 Prob >=chibar2 =0.0000

(B)
Mixed-effects ML regression Number of obs = 398
Group variable: id Number of groups = 199
Obs per group:
min = 2
avg = 2.0
max = 2
Wald chi2 (3) = 17.07
Log likelihood = -483.02277 Prob > chi?2 = 0.0007
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Output 10.3 (cont)

activity | Coef. Std. Err. z P>|z| [ 95% Conf. Interval]
_____________ +___________________________________
intervention | .3193009 .1470612 2.17 0.030 .0310663 .6075355
l.time |-.0904762 .066134 -1.37 0.171 -.2200964 .039144

|

time#intervention |
1 | .2473911 .0962248 2.57 0.010 .0587939 .4359883

|
_cons | 5.478571 .1010731 54.20 0.000 5.280472 5.676671

Table 10.2 summarises the results of the dif-
ferent analyses performed to evaluate the effect of
the intervention on total serum cholesterol and
physical activity.

From the results reported in Table 10.2 it can
be seen that the estimation of the intervention
effect highly depends on the method used.
And although there is some debate about whether
or not an adjustment for baseline must be per-
formed, it is more or less accepted that the adjust-
ment has to be done (Steyerberg et al, 2000;
Vickers and Altman, 2001; Twisk and Proper,
2004; Lingsma, 2010; Twisk et al., 2018; Twisk,
2022). In other words, it is strongly advised to use
analysis of covariance to estimate the effect of an
intervention in an RCT with only one follow-
up measurement.

It is essential to realise that whether the
difference between the groups at baseline is stat-
istically significant is not important. It is a huge
misunderstanding to believe that an adjustment
for baseline is only necessary when there is a
significant difference in baseline value between
the groups. Also, a non-significant difference at
baseline can lead to regression to the mean. So, an
adjustment for baseline is always necessary.
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.8430361

.2296193

.0967123 .6732822 1.05559

.0230195 .1886577 .2794745

IR test vs. linear model: chibar2 (01) =191.34

Prob >=chibar2=0.0000

10.2.2 Randomised Controlled Trials
with More than One Follow-
up Measurement

The example dataset used in this section is taken
from an RCT in which a new treatment is com-
pared to placebo with regard to the development
of systolic blood pressure (Vermeulen et al,
2000). In this RCT, three measurements were
carried out: one baseline measurement and two
follow-up measurements with equally spaced
time intervals. Table 10.3 gives descriptive infor-
mation about the variables used in the study. It
should be noted that the main purpose of the
treatment under study was not to lower systolic
blood pressure; this was investigated as a side-
effect. That is one of the reasons why the number
of subjects at baseline was lower than the
number of subjects at the first follow-up meas-
urement. In the next sections, the results of many
different analyses will be shown. It should be
realised that some of the analyses are not really
appropriate. However, because these (wrong)
analyses are often used in real life practice, it is
important to show the impact of the use of such
inappropriate analyses.
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Output 10.4 Results of a mixed model analysis to analyse the effect of the intervention on (A) total
serum cholesterol and (B) physical activity, using Equation 10.8

(A)
Mixed-effects ML regression Number of obs = 398
Group variable: id Number of groups = 199
Obs per group:

min = 2
avg = 2.0
max = 2
Wald chi2 (2) = 7.33
Log likelihood = -454.73672 Prob > chi?2 = 0.0256
cholesterol | Coef Std. Err. z P>|z]| [ 95% Conf. Interval]
________ +_____________________________________
time | .0207958 .0592975 0.35 0.726 -.0954251 .1370167
time int | -.1871102 .0838021 =-2.23 0.026 =-.3513593 -.0228612
_cons | 5.42598 .0691071 78.52 0.000 5.290532 5.561427
Random-effects Parameters | Estimate Std. Err. [ 95% Conf. Interval]
__________________ +____________________________

id: Identity |
var(_cons) | .7564342 .0861727 .6050657 .9456703
__________________ +____________________________
var (Residual) | .1939479 .0194559 .1593298 .2360876

LR test vs. linear model: chibar2 (01) =198.87 Prob >=chibar2 =0.0000

(B)

Mixed-effects ML regression Number of obs = 398
Group variable: id Number of groups = 199

Obs per group:
min = 2
avg = 2.0
max = 2
Wald chi2 (2) = 12.22
Log likelihood = -485.3575 Prob > chi2 = 0.0022
activity | Coef Std. Err z P>|z] [ 95% Conf. Interval]
_______ +______________________________________
time | -.1222315 .0645477 -1.89 0.058 -.2487427 .0042797
time int | .3146177 .0911307 3.45 0.001 .1360048 .4932306
_cons | 5.629397 .0741206 75.95 0.000 5.484123 5.774671
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Output 10.4 (cont)

Random-effects Parameters | Estimate Std. Err [ 95% Conf. Interval]
777777777777777777 +7777777777777777777777777777

id: Identity |
var (_cons) | .8630965 .099009 .6893104 1.080697
__________________ +____________________________
var (Residual) .2301825 .0231269 .1890385 .2802814

LR test vs. linear model: chibar2 (01) =191.36 Prob >= chibar2 =0.0000

Output 10.5 Results of a mixed model analysis with both a random intercept and random slope for
time to analyse the effect of the intervention on (A) total serum cholesterol and (B) physical activity,
using Equation 10.8

(A)
Mixed-effects ML regression Number of obs = 398
Group variable: id Number of groups = 199
Obs per group:

min = 2
avg = 2.0
max = 2
Wald chi2 (2) = 7.29
Log likelihood = -454.60514 Prob > chi?2 = 0.0261
cholesterol | Coef. Std. Err. z P>|z| [ 95% Conf. Interval]
________ +_____________________________________
time | .0194728 .0589978 0.33 0.741 -.0961608 .1351064
time int | -.1843094 .0828422 -2.22 0.026 -.3466771 -.0219417
_cons | 5.42598 .069861l6 77.67 0.000 5.289054 5.562906
Random-effects Parameters | Estimate Std. Err. [ 95% Conf. Interval]
777777777777777777 +7777777777777777777777777777

id: Unstructured |
var (time) | .2000262 15.29588 1.62e-66 2.47e+64
var (_cons) | .8772897 7.648724 3.33e-08 2.31e+07
cov(time, cons) | -.1209703 7.648175 -15.11112 14.86918
777777777777777777 +777777777777777777777777777_
var (Residual) | .0939592 7.647949 4.88e-71 1.8le+68
LR test vs. linear model: chi2 (3) =199.13 Prob > chi2 =0.0000
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Output 10.5 (cont)

(B)
Mixed-effects ML regression
Group variable: id

Number of obs = 398
Number of groups = 199

Obs per group:

min = 2

avg = 2.0

max = 2

Wald chi2 (2) 14.88

Log likelihood = -483.79738 Prob > chi2 0.0006

activity | Coef Std. Err. z P>|z] [ 95% Conf. Interval]

_______ +________________________________________

time | -.130831 .0633416 07 0.039 -.2549783 -.0066838

time int | .3328232 .0871659 3.82 0.000 .1619811 .5036653

_cons | 5.629397 .0768869 73.22 0.000 5.478702 5.780092

Random-effects Parameters | Estimate Std. Err. [ 95% Conf. Interval]

__________________ +____________________________
id: Unstructured |

var (time) | .2385996 24.59686 4.25e-89 1.34e+87

var(_cons) | 1.065177 12.2992 1.58e-10 7.18e+09

cov (time, cons) | -.2035301 12.29869 -24.30852 23.90146

__________________ +____________________________

var (Residual) | .1112289 12.29843 8.51e-96 1.45e+93

IR test vs. linear model: chi2 (3) =194.48

10.2.2.1 Simple Analysis

The simplest way to answer the question of
whether the treatment is more effective than
placebo is to compare systolic blood pressure
values at the two follow-up measurements between
the two groups. In this example, a distinction can
be made between the short-term effect and the
long-term effect. To analyse the short-term effect,
the mean systolic blood pressure measured at the
first follow-up can be compared between the treat-
ment group and placebo group. For the long-term
effect, the systolic blood pressure measured at the
second follow-up can be compared between the
groups. The difference between the two groups
can be analysed with an independent samples ¢-
test. Table 10.4 shows the results of these analyses.

Prob > chi2 =0.0000

From the results in Table 10.4, it can be seen
that there is both a significant short-term and a
significant long-term effect in favour of the treat-
ment group, but that the long-term difference
between the two groups is smaller than the short-
term difference. This indicates that the short-term
effect is stronger than the long-term effect.
A slightly different method is not to analyse the
systolic blood pressure values at the first and the
second follow-up, but to analyse the short-term
and long-term changes in systolic blood pressure.
For this purpose, the changes in systolic blood
pressure between baseline and the first follow-up
and between baseline and the second follow-up
were calculated. Obviously, the change in scores
for treatment and placebo can be compared to each
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Table 10.2 Regress and standard deviation (between brackets) for physical activity and cholesterol

Total serum cholesterol (mmol/l)

Changes

Changes adjusted for baseline

Analysis of covariance

Mixed model analysis not adjusted for baseline

Mixed model analysis adjusted for baseline'

Physical activity

Changes

Changes adjusted for baseline

Analysis of covariance

Mixed model analysis not adjusted for baseline

Mixed model analysis adjusted for baseline'

" With a random intercept and a random slope for time.

Effect (se)

—0.22 (0.09)
—0.18 (0.08)
—0.18 (0.08)
—0.22 (0.09)
—0.18 (0.08)

0.25 (0.10)
0.33 (0.09)
0.33 (0.09)
0.25 (0.10)
0.33 (0.09)

Table 10.3 Mean and standard deviation (between brackets) of systolic blood pressure at the three time-points

Placebo group

Treatment group

Baseline Follow-up 1 Follow-up 2  Baseline Follow-up 1 Follow-up 2
N 71 74 66 68 69 65
Systolic blood  130.7 (17.6) 129.1 (16.9) 126.3 (14.2) 126.5 (12.5) 1225 (11.2) 1216 (12.1)

pressure

Table 10.4 Results of independent samples t-tests to
obtain a short-term and long-term effect of the new
treatment by comparing the mean systolic blood pressure
at both follow-up measurements between the treatment
and placebo group

Effect 95% CI P-value
Short-term  —657 —1134to —1.80 0.007
effect
Long-term  —469 —9261to —0.11 0.044
effect

other with an independent samples ¢-test. Table 10.5
shows the results of these analyses.

The results presented in Table 10.5 show a
different picture to the results in Table 10.4; i.e.
the analysis of the changes between baseline and
follow-up measurements show a non-significant
beneficial effect of treatment compared with pla-
cebo. Although the changes for the treatment
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group were slightly greater than the changes for
the placebo group in all comparisons, the inde-
pendent samples t-test did not produce any sig-
nificant difference. In conclusion, most of the
assumed effect of the treatment was already pre-
sent at baseline. So this effect could not be attrib-
uted to the new treatment.

In Section 10.2.1 it was shown that both ana-
lyses performed (i.e. the comparison of the follow-
up measurements and the comparison of the
changes between baseline and the follow-up meas-
urements) are not appropriate in an RCT when the
baseline value of the groups is different. From the
descriptive information (Table 10.3) it was shown
that the baseline blood pressure of the two groups
differed from each other (130.7 mmHg for the
placebo group versus 126.5 mmHg for the treat-
ment group). To adjust for baseline, analyses of
covariance should be performed to obtain a short-
term and long-term effect of the intervention.
Table 10.6 shows the result of these analyses.
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Table 10.5 Results of independent samples t-tests to obtain a short-term and long-term effect of the new treatment by
comparing the changes in systolic blood pressure between the treatment and placebo group

Treatment Placebo Effect 95% ClI P-value
Short-term difference’ 338 0.64 -2.74 -6.84 to 137 0.189
Long-term difference? 423 313 -1.10 -546 to 3.25 0616

! Systolic blood pressure at baseline — systolic blood pressure at first follow-up.
2 Systolic blood pressure at baseline — systolic blood pressure at second follow-up.

Table 10.6 Results of analyses of covariance to obtain a
short-term and long-term effect of the new treatment

Effect 95% Cl P-value
Short-term -4.38 -8.11 to -0.65 0.022
effect
Long-term -2.96 -6.77 to 0.85 0.127
effect

As expected, from Table 10.6, it can be seen
that the long-term effect is less strong than the
short-term effect. Furthermore, both effects are a
bit stronger than the effects estimated with the
comparison between the changes between base-
line and the follow-up measurements. This has to
do with regression to the mean; because the
baseline value of the treatment group is lower
than the baseline value of the control group, it is
more difficult for the treatment group to decrease
its systolic blood pressure (see also Section
10.2.1).

10.2.2.2 Summary Statistics

There are many summary statistics available with
which to estimate the effect of an intervention in
an RCT with more than one follow-up measure-
ment. Depending on the research question to be
addressed and the characteristics of the outcome
variable, different summary statistics can be used.
The general idea of a summary statistic is to
express the longitudinal development of a particu-
lar outcome variable as one quantity. Therefore,
the longitudinal problem is reduced to a cross-
sectional problem. To evaluate the effect of the
intervention, the summary statistics of the groups
under study are compared to each other. Table 10.7
shows a few examples of summary statistics.

One of the most frequently used summary
statistics is the area under the curve (AUC). The
AUC is calculated as shown in Equation 10.9.

Table 10.7 Examples of summary statistics which are
frequently used in intervention studies

The mean of all follow-up measurements
The highest (or lowest) value during follow-up

The time needed to reach the highest value or a
certain predefined level

The area under the curve

1 T
AUC = 72 (tt+1 - tt)(Yit + YitJrl) (109)

2 Lt=1

where AUC is the area under the curve, T is the
number of measurements, and Y;; are the obser-
vations of the outcome variable for subject i at
time .

The unit of the AUC is the multiplication of
the unit used for the outcome variable and the
unit used for time. This is often rather difficult,
and therefore the AUC is often divided by the
total time period under consideration in order to
obtain a weighted average over the whole time
period. When the AUC is used as a summary
statistic, the AUC must first be calculated for each
subject; this is then used as an outcome variable to
evaluate the effect of the intervention under study.
Again, this comparison can be performed with an
independent samples ¢-test. Table 10.8 shows the
results of this analysis.

From Table 10.8 it can be seen that a highly
significant difference was found between the AUC
values of the two groups. This will not directly
indicate that the treatment has an effect on the
outcome variable. In the calculation, the differ-
ence in baseline value between the two groups is
not taken into account. So, again, a difference in
baseline value between groups can cause a differ-
ence in AUC.

When the time intervals are equally spaced
(like in the example dataset), the AUC is compar-
able to the overall mean. The AUC becomes more
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Table 10.8 Area under the curve for systolic blood pressure between baseline and the second follow-up measurement; a
comparison between treatment and placebo and p-value derived from an independent samples t-test

Treatment

Area under the curve 246.51

interesting when the time intervals in the longitu-
dinal study are unequally spaced, because then the
AUC reflects the weighted average in a certain
outcome variable over the total follow-up period.

10.2.2.3 Generalised Linear Model for
Repeated Measures

With the simple methods described in Section
10.2.2.1, separate analyses for short-term and
long-term effects were performed. The purpose of
summary statistics, such as the AUC, is to summar-
ise the total development of the outcome variable, in
order to make a cross-sectional analysis possible.
Another way to analyse the total development of the
outcome variable over time and to answer the ques-
tion of whether the intervention has an effect on a
certain continuous outcome variable, is to use a
generalised linear model (GLM) for repeated meas-
ures (see Chapter 2). Output 10.6 shows the results
of the GLM for repeated measures to analyse the
difference in development over time in systolic
blood pressure between treatment and placebo.

The output of the GLM for repeated measures
reveals that for systolic blood pressure there is an
overall treatment effect (p = 0.011), and an overall
time effect (p = 0.002), but no significant inter-
action between treatment and time (p = 0.283). In
particular, the information regarding the inter-
action is important, because this indicates that the
observed overall group effect does not change over
time. This means that from the result of the GLM
for repeated measures it can be concluded that the
two groups on average differ over time (a signifi-
cant overall treatment effect), but that this differ-
ence is present along the whole longitudinal period,
including the baseline measurement. So, there is no
real treatment effect. From Figure 10.2 it can be
seen that there is a decrease in systolic blood pres-
sure over time for both groups.

10.2.2.4 Generalised Linear Model for Repeated
Measures Adjusted for Baseline

When the baseline value of the outcome variable
is different in the groups to be compared, it is
often suggested that a GLM for repeated measures
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Placebo

259.23

Effect 95% ClI P-value

-12.72 -21.98 to -347 0.007

should be performed, adjusting for baseline.
It should be noted that when this analysis, which
is also known as multivariate analysis of covar-
iance (MANCOVA) for repeated measures is per-
formed, the baseline value is both an outcome
variable and a covariate. In some software
packages (such as SPSS) this is not possible, and
therefore an exact copy of the baseline value must
be added to the model. Output 10.7 shows the
result of the GLM for repeated measures adjusted
for baseline.

It should be noted that in a GLM for repeated
measures adjusted for baseline, the overall group
effect is an indication of the effect of the new
treatment. This has to do with the adjustment
for baseline (see Figure 10.3). From Output 10.7
it can be seen that there is a significant treatment
effect (p = 0.018). In addition, the interaction
between time and treatment (obtained from this
analysis) does not provide information about the
overall treatment effect. The treatment by time
interaction provides information about whether
the observed treatment effect is stronger at the
beginning or at the end of the follow-up period.
From the result it can be seen that the time by
treatment interaction is almost significant (p
=0.062), but it is not clear during which part of
the follow-up period the effect is the strongest.
Therefore, the graphical representation of the
GLM result is needed (see Figure 10.3). From
Figure 10.3 it can be seen that in the first part of
the follow-up period, the treatment effect is the
strongest. It should further be noted that the
adjustment for baseline leads to equal starting
points for both groups.

10.2.2.5 Regression-based Methods

In the discussion regarding the modelling of time
(Chapter 4) it has already been mentioned that
the questions answered by a GLM for repeated
measures could also be answered by regression-
based methods, such as mixed model analysis or
GEE analysis. The advantage of the regression-
based methods is that all available data are
included in the analysis, while with a GLM for
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Output 10.6 Results of a generalised linear model for repeated measures to analyse the difference in
development over time in systolic blood pressure between treatment and placebo’

Tests of within-subjects effects

Measure: MEASURE 1

Source Type III sumof df Mean F Sig.
squares square

Time Sphericity 816.415 2 408.207 6.430 .002

assumed

Greenhouse— 816.415 1.957 417.209 6.430 .002

Geisser

Huynh-Feldt 816.415 2.000 408.207 6.430 .002

Lower-bound 816.415 1.000 816.415 6.430 .013
Time * Sphericity 160.953 2 80.476 1.268 .283
treatment assumed

Greenhouse— 160.953 1.957 82.251 1.268 .283

Geisser

Huynh-Feldt 160.953 2.000 80.476 1.268 .283

Lower-bound 160.953 1.000 160.953 1.268 .263
Error Sphericity 14854.683 234 63.482
(time) assumed

Greenhouse— 14854.683 228.951 64.881

Geisser

Huynh-Feldt 14854.683 234.000 63.482

Lower-bound 14854.683 117.000 126.963

Tests of between-subjects effects
Measure: MEASURE 1
Transformed variable: Average

Source Type III sum of squares df Mean square F Sig.
Intercept 5701685.315 1 5701685.315 12039.101 .000
Treatment 3122.558 1 3122.558 6.593 .011
Error 55410.881 117 473.597

'Only the univariate estimation procedure is presented.

repeated measures (both with and without an
adjustment for baseline) only those subjects with
a complete dataset are included. In the present
example, both GLM for repeated measures were
carried out for 118 patients, whereas with the
regression-based methods all available data from

the 152 patients can be used. Another limitation
of GLM for repeated measures is that the method
is merely based on statistical testing, while
regression-based methods on the other hand, are
merely based on the estimation of the magnitude
of the treatment effect.
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Estimated marginal means
-
N
[e2)

Time

Figure 10.2 Graphical representation of the
result of the generalised linear model for
repeated measures (—— placebo, — - -
treatment).

Output 10.7 Results of a generalised linear model for repeated measures to analyse the difference in
development over time in systolic blood pressure between treatment and placebo, adjusted for

baseline’

Source

Time

Time *
treatment

Error
(time)
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Tests of within-subjects effects

Sphericity
assumed

Greenhouse—
Geisser

Huynh-Feldt
Lower-bound

Sphericity
assumed

Greenhouse—
Geisser

Huynh-Feldt
Lower-bound

Sphericity
assumed

Greenhouse—
Geisser

Huynh-Feldt

Lower-bound

Measure: MEASURE 1

Type III sumof
squares

1959.230

1959,

1959.
1959.
304.

304.

304.
304.
12586.

12586.

12586.
12586.

230

230
230
692

692

692
692
272

272

272
272

df

232

226.

232.
116.

Mean
square
979.615
.953 1003.326
.000 979.615
.000 1959.230
152.346
.953 156.033
.000 152.346
.000 304.692
54.251
517 55.564
000 54.251
000 108.502

18.

18.

18.
18.
.808

057

057

057
057

.808

.808
.808

Sig.

.000

.000

.000
.000
.062

.064

.062
.096
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Tests of between-subjects effects

Measure: MEASURE 1
Transformed variable: average

(cont)
Source Type III sumof squares
Intercept 3599.882
Treatment 539.478
Error 10836.937

'Only the univariate estimation procedure is presented.

df Mean square F Sig.
1 3599.882 38.534 .000
1 539.478 5.775 .018
116 93.422

Figure 10.3 Graphical representation of the

130

128 |

126

124 -

Estimated marginal means

122 T T

result of the generalised linear model for
repeated measures adjusted for baseline (——
placebo, - — - treatment).

There are many possibilities to use the
regression-based methods to evaluate the effect of
an intervention in an RCT with more than one
follow-up measurement. The different possibilities
will be discussed step by step. Again, it should be
noted that not all possibilities are equally
appropriate.

To analyse the effects of an intervention, first,
a longitudinal analysis of covariance can be used
(Equation 10.10):

Yie =By + B Xi + B, Yio + it

where Y;; are the observations of the outcome for
subject i at time f, f3, is the intercept, X; are
observations of the intervention variable for sub-
ject i, B, is the regression coefficient for the inter-
vention variable, Y, are observations of the
outcome for subject i at baseline, f3, is the regres-
sion coefficient for the baseline value, and ¢;; is the
error for subject i at time t.

This model is an extension of analysis of
covariance used for an RCT with one follow-up

(10.10)

measurement. In the longitudinal analysis of cov-
ariance, the outcome is longitudinal including all
follow-up measurements. It is important to realise
that the regression coefficient for the intervention
variable reflects the overall intervention effect on
average over time. The model looks similar to the
autoregressive model which was described in
Chapter 5 (Section 5.3.3), but it is slightly differ-
ent. In an autoregressive model, an adjustment is
made for the value of the outcome variable at t —
1 (Equation 10.11), while in the analysis of covar-
iance, an adjustment is made for baseline.

Yie =By + B Xi +B,Yiem1 + it (10.11)

where Y;; are observations of the outcome for
subject i at time ¢, f3, is the intercept, X; are
observations of the intervention variable for sub-
ject i, 8, is the regression coefficient for the inter-
vention variable, Y;;_; are observations of the
outcome for subject i at t — 1, 3, is the autore-
gression coefficient, and ¢ is the error for subject
i at time ¢.
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Output 10.8 Results of a mixed model analysis to analyse the effect of the new treatment on systolic
blood pressure using a longitudinal analysis of covariance

Mixed-effects ML regression Number of obs = 249

Group variable: id Number of groups = 130
Obs per group:

min = 1

avg = 1.9

max = 2

Wald chiz (2) = 159.71

Log likelihood =-929.0358 Prob > chi2 = 0.0000

systolic | Coef Std. Err. z P>|z] [ 95% Conf. Interval]

________ +________________________________________

treatment | -3.708809 1.568446 -2.36 0.018 -6.782906 -.6347113

baseline | .6145549 .0516282 11.90 0.000 .5133654 .7157443

_cons | 48.4137 6.829042 7.09 0.000 35.02903 61.79838

Random-effects Parameters | Estimate Std. Err [ 95% Conf. Interval]

__________________ +____________________________

id: Identity |

var (_cons) | 42.02991 11.28599 24.83084 71.14192

__________________ +____________________________

var (Residual) | 67.89443 9.06958 52.25497 88.21464

Output 10.8 shows the results of the mixed
model analysis based on a longitudinal analysis of
covariance, while Output 10.9 shows the results of
an autoregressive mixed model analysis.

When the result obtained from a longitudinal
analysis of covariance is compared to the result
obtained from an autoregressive analysis, it can
be seen that the treatment effect obtained from a
longitudinal analysis of covariance is higher than
the one obtained from an autoregressive analysis
(—3.708809 versus —2.276566). So, the question is,
which of the two methods is better? As has been
mentioned before, in the autoregressive model, the
first follow-up measurement is adjusted for base-
line, but the second follow-up measurement is
adjusted for the value at the first follow-up meas-
urement. In Section 10.2.1 it was explained that an
adjustment for baseline is necessary to take into
account regression to the mean. It was indicated
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IR test vs. linear model: chibar2 (01) =16.31

Prob >= chibar2 =0.0000

that in an RCT the difference in the baseline value
between the groups was totally due to chance.
Therefore, it makes sense to adjust both follow-
up measurements for baseline. In an autoregressive
model, the second follow-up measurement is
adjusted for the first follow-up measurement. It
is, however, highly questionable whether the differ-
ence between the groups observed at the first
follow-up measurement are due to chance. It is
more likely that the difference at the first follow-
up measurement are partly (or maybe totally)
caused by the treatment itself (Boshuizen, 2005;
Twisk and Proper, 2005). An adjustment for the
value at the first follow-up measurement, therefore,
partly (or maybe totally) adjusts the treatment
effect at the second follow-up measurement for
the treatment effect at the first follow-up measure-
ment and that is wrong. So, therefore, it is highly
recommended to use longitudinal analysis of
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Output 10.9 Results of a mixed model analysis to analyse the effect of the new treatment on systolic

blood pressure using an autoregressive analysis

Mixed-effects ML regression
Group variable: id

Log likelihood = -975.67735

systolic | Coef. Std. Err.
________ e e
treatment | -2.276566 1.284747
systolic 1 | .6458443 .0430679
_cons | 44.06264 5.677741

covariance to estimate the intervention effect in an
RCT with more than one follow-up measurement.
It should be noted that when the overall treatment
effect on average over time is estimated, the time
variable is not included in the model. For some
readers, this may be strange. However, an adjust-
ment for the time variable does not make sense,
because both groups are measured at the same
time-points. Therefore, time is not related to treat-
ment and, therefore, time cannot be a confounder
in the estimation of the overall treatment effect on
average over time.

After the total intervention effect over time is
estimated, in the next step of the analysis, the
effect of the intervention at the different follow-
up measurements can (or maybe must) be esti-
mated. This can be done by adding time and the
interaction between intervention and time to the
longitudinal analysis of covariance (Equation

Number of obs = 261
Number of groups = 142
Obs per group:
min = 1
avg = 1.8
max = 2
Wald chi2 (2) = 248.43
Prob > chi?2 = 0.0000

z P>|z] [ 95% Conf. Interval]
-1.77 0.076 -4.794624 .2414915
15.00 0.000 .5614328 .7302558

7.76 0.000 32.93447 55.1908

2.57e-24 7.13e-18

87.0955 122.7501

IR test vs. linear model: chibar2 (01) =0.00

Prob >= chibar2 =1.0000

10.12). Because in an RCT the time-points are
more or less fixed, when there are more than
two follow-up measurements, time can be treated
as a categorical variable and therefore represented
by dummy variables.

Yie =B, + B, Xi+ Bytime+ B, X; x time+ B, Yio +&ir
(10.12)

where Y;; are observations of the outcome for
subject i at time f, 3, is the intercept, X; are
observations of the intervention variable for sub-
ject i, 8, is the regression coefficient for the inter-
vention variable, f, is the regression coefficient
for time, f; is the regression coefficient for the
interaction between the intervention variable and
time, Y;o are observations of the outcome for
subject i at baseline, 8, is the regression coeffi-
cient for the baseline value, and ¢;; is the error for
subject i at time £.
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Output 10.10 Results of a mixed model analysis to analyse the effect of the new treatment on systolic
blood pressure at the two follow-up measurements using a longitudinal analysis of covariance

Mixed-effects ML regression Number of obs = 249
Group variable: id Number of groups = 130
Obs per group:
min = 1
avg = 1.9
max = 2
Wald chi2 (4) = 162.61
Log likelihood = -926.90682 Prob > chi2 = 0.0000
systolic | Coef Std. Err. z P>|z| [ 95% Conf. Interval]
_______ +______________________________________
treatment | -4.57607 1.850071 -2.47 0.013 -8.202142 -.9499968
2.time | -2.872997 1.448173 -1.98 0.047 -5.711363 -.0346307
\
time# |
treatment |
2 | 1.900896 2.063158 0.92 0.357 -2.142819 5.94461
\
baseline | .6132101 .0518268 11.83 0.000 .5116315 .7147887
_cons | 49.91222 6.893055 7.24 0.000 36.40208 63.42236

IR test vs. linear model: chibar2 (01) =18.34

Output 10.10 shows the result of the mixed
model analysis based on a longitudinal analysis of
covariance including time and the interaction
between treatment and time.

In the analysis reported in Output 10.10, the
first follow-up measurement is used as reference
time-point. Because of that, the regression coefti-
cient for treatment (i.e. —4.57607) indicates the
difference between the two groups at the first
follow-up measurement. Furthermore, because
the baseline value is added to the model as a
covariate, the analysis is adjusted for baseline
and, therefore, adjusted for regression to the
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26.8063 73.00356

49.94483 84.41123

Prob >= chibar2=0.0000

mean. Based on Output 10.10 it is also possible
to calculate the difference between the two groups
at the second follow-up measurement. Therefore,
the regression coefficient for the interaction term
(i.e. 1.900896) has to be added to the regression
coefficient for treatment (i.e. —4.57607). This
leads to a treatment effect of —2.675174. The
problem is, however, that in this way it is only
possible to obtain the effect estimate, while it is
also necessary to report the 95% confidence inter-
val around the effect estimate and the correspond-
ing p-value. To obtain these, the same analysis
has to be redone with the second follow-up
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Output 10.11 Results of a mixed model analysis to analyse the effect of the new treatment on systolic
blood pressure at the two follow-up measurements using a longitudinal analysis of covariance with the
second follow-up measurement as reference category

Mixed-effects ML regression Number of obs = 249

Group variable: id Number of groups = 130
Obs per group:

min = 1

avg = 1.9

max = 2

Wald chi2 (4) = 1le62.61

Log likelihood = -926.90682 Prob > chi2 = 0.0000

systolic | Coef. sStd. Err. z P>|z| [ 95% Conf. Interval]
________ +_______________________________________
treatment | -2.675174 1.917198 -1.40 0.163 -6.432813 1.082465
l.time | 2.872997 1.448173 1.98 0.047 .0346307 5.711363

!

time# |

treatment |
1 | -1.900896 2.063158 =-0.92 0.357 -5.94461 2.142819

|
baseline | .6132101 .0518268 11.83 0.000 .5116315 .7147887
cons | 47.03922 6.893%941 6.82 0.000 33.52735 60.5511

26.8063 73.00356

49.94483 84.41123

LR test vs. linear model: chibar2 (01) =18.34 Prob >=chibar2 =0.0000

measurement as reference time-point. Output
10.11 shows the results of this analysis.

In Output 10.11 it can be seen that indeed
the regression coefficient for treatment equals
-2.675174. It can also be seen that the 95% confi-
dence interval around the effect estimate ranges
from -6.432813 to 1.082465 and that the corres-
ponding p-value equals 0.163. It should be
noted that in this particular analysis it is not
really interesting whether the p-value of the inter-
action term is statistically significant. This is differ-
ent from standard regression analysis with an

interaction term, in which significance of the
regression coefficient of the interaction term deter-
mines whether stratified results should be reported.
In the analysis of intervention studies, the research
question is not whether the effects at the different
follow-up measurements are significantly different
from each other, the research question is directly
related to effect estimates at the different follow-
up measurements.

A method which is often used to evaluate the
effect of an intervention at the different follow-up
measurements is also known as the repeated
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measures method (Twisk et al., 2018; Twisk,
2022). In this method a longitudinal regression
analysis is performed in which all measurements
are used as outcome (including the baseline
measurement) including time (represented as
dummy variables) and the interaction between
the intervention variable and time (Equation
10.13, i.e. a longitudinal extension of Equation
10.7).

Yi = By + B Xi + B,time; + B,time,
+ﬂ4Xi X time, +/35X,' X timey + &;
(10.13)

where Y;; are observations of the outcome for
subject i at time t, f3, is the intercept, X; are
observations the intervention variable for subject
i, B, is the regression coefficient for the interven-
tion variable, time, is the first dummy variable for
time, f3, is the regression coefficient for the first
dummy variable for time, time, is the second
dummy variable for time, 8, is the regression
coefficient for the second dummy variable for
time, f3, is the regression coefficient for the inter-
action between the intervention variable and the
first dummy variable for time, f3 is the regression
coefficient for the interaction between the inter-
vention variable and the second dummy variable
for time and ¢;, is the error for subject i at time .
In this model, the f, coefficient reflects the
difference between the two groups at baseline,
B, + B, reflects the difference at the first follow-
up measurement, while 3, 4 3. reflects the differ-
ence between the two groups at the second follow-
up measurement. Although this is a nice way of
analysing the effect of the intervention at the dif-
ferent time-points, it does not adjust for the base-
line difference between the groups, or in other
words, it does not adjust for possible regression
to the mean. Output 10.12 shows the output of the
repeated measures method to analyse the effect of
the new treatment on systolic blood pressure.
From Output 10.12, it can be seen that at
baseline the treatment group had a lower systolic
blood pressure compared to the control group
(-4.146645 mmHg). At the first follow-up meas-
urement there is a bigger difference between the
groups (—4.146645 + —2.940018 = —7.086663).
At the second follow-up measurement the differ-
ence between the groups is somewhat less than
estimated at the first follow-up measurement (i.e.
—4.146645 + —1.050144 = —5.196789). Due to
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missing values in the dataset, the differences
between the treatment group and the control
group at the two follow-up measurements are
not exactly the same as the observed differences
between the average values at the two follow-up
measurements (see Table 10.3), but they are close.
However, again, the repeated measures method
does not adjust for the difference observed at
baseline and therefore, this method is not appro-
priate to analyse data from an RCT.

To make a proper adjustment for baseline
(and therefore, for regression to the mean), the
model shown in Equation 10.13 without the inter-
vention variable can be used (Equation 10.14, i.e.
a longitudinal extension of Equation 10.8)

Yie = B, + Bytime, + B, time, + ,X; (10.14)

x timey + ,X; X timey + &
where Y;; are observations of the outcome for
subject i at time ¢, f3, is the intercept, time; is
the first dummy variable for time, 3, is the regres-
sion coefficient for the first dummy variable for
time, time, is the second dummy variable for
time, f3, is the regression coefficient for the
second dummy variable for time, X; are observa-
tions of the intervention variable for subject
i, B is the regression coefficient for the inter-
action between the intervention variable and
the first dummy variable for time, 3, is the regres-
sion coefficient for the interaction between the
intervention variable and the second dummy vari-
able for time and ¢, is the error for subject i at
time £.

Without the intervention variable, the baseline
value for the two groups is assumed to be equal
and is reflected in the intercept of the model.
Output 10.13 shows the results of the mixed
model analysis based on Equation 10.14 to analyse
the effect of the new treatment on systolic
blood pressure.

The result shown in Output 10.13 indicate that
the intervention effect at the first follow-up meas-
urement is —4.304897 and at the second follow-up
is 2.415109. As has been mentioned before, the
analysis based on Equation 10.14 is basically the
same as a longitudinal analysis of covariance,
although the result is slightly different. The differ-
ence between the two methods was also observed
in the analysis of an RCT with only one follow-up
measurement (see Section 10.2.1.1).
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Output 10.12 Results of a mixed model analysis to analyse the effect of the new treatment on systolic
blood pressure at the different follow-up measurements using the repeated measures method (see
Equation 10.13)

Mixed-effects ML regression Number of obs = 388
Group variable: id Number of groups = 139

Obs per group:

min = 1
avg = 2.8
max = 3
Wald chi2 (5) = 22.47
Log likelihood = -1503.3301 Prob > chi2 = 0.0004
systolic | Coef. Std. Err. z P>|z| [ 95% Conf. Interval]
________ +_______________________________________
treatment | -4.146645 2.452393 -1.69 0.091 -8.953247 .6599575

\

time |
1 | -.6333109 1.435063 -0.44 0.659 -3.445984 2.179362
2 | -3.491867 1.493045 -2.34 0.019 -6.418182 -.5655524

\

time# |

treatment |
1 | -2.940018 2.059911 -1.43 0.154 -6.97737 1.097334
2 | -1.050144 2.125544 -0.49 0.621 -5.216132 3.115845

\
_cons | 130.6761 1.715288 76.18 0.000 127.3142 134.038
Random-effects Parameters | Estimate Std. Err [ 95% Conf. Interval]
__________________ +____________________________

id: Identity |

var (_cons) | 139.253 20.06486 104.9918 184.6943
__________________ +____________________________

var (Residual) | 69.64419 6.248278 58.41408 83.03329

LR test vs. linear model: chibar2 (01) =163.59 Prob >=chibar2 =0.0000

10.3 Dichotomous Qutcome was one month, and patients were seen at three
Variabl follow-up visits. The first follow-up visit was dir-
ariables ectly at the end of the treatment period (after one

. month) and the two long-term follow-up visits
10.3.17 Introduction were scheduled at six and 12 months after the
The example of an RCT with a dichotomous start of the treatment. In this RCT, the treatment
outcome variable uses a hypothetical dataset from  js compared to usual care, and 60 patients
a study in which a new treatment was applied on  were included in each of the two groups. The
patients with low back pain. Treatment duration  dichotomous outcome variable of interest was
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Output 10.13 Results of a mixed model analysis to analyse the effect of the new treatment on systolic
blood pressure at the different follow-up measurements using the repeated measures method (see

Equation 10.14)

Mixed-effects ML regression Number of obs = 388
Group variable: id Number of groups = 139
Obs per group:

min = 1

avg = 2.8

max = 3

Wald chi2 (4) = 19.49

Log likelihood = -1504.75 Prob > chiz = 0.0006

systolic | Coef. Std. Err. z P>|z| [ 95% Conf. Interval]

________ +____________________________________

timel | .0353962 1.380497 0.03 0.980 -2.670328 2.74112

time2 | -2.823212 1.440867 -1.96 0.050 -5.64726 .0008363

treat timel | -4.304897 1.894967 -2.27 0.023 -8.018965 -.5908295

treat time2 | -2.415109 1.96634 -1.23 0.219 -6.269064 1.438846

_cons | 128.6475 1.234181 104.24 0.000 126.2285 131.0664

Random-effects Parameters | Estimate Std. Err. [ 95% Conf. Interval]

__________________ +____________________________
id: Identity |

var( cons) | 141.9214 20.47283 106.969 188.2945

777777777777777777 +7777777777777777777777777777

var (Residual) | 69.8037 6.274467 58.52834 83.25123

IR test vs. linear model: chibar2 (01) =163.62

self-reported recovery, which was reversible, so it
is possible that, for instance, patients could be
recovered after one month, but not recovered at
later follow-up measurements. There was no
missing data, so all 120 patients had a full
follow-up. Figure 10.4 shows the proportion of
patients who were recovered at the different
follow-up measurements.

10.3.2 Simple Analysis

The classical way to analyse the result of such an
RCT is to analyse the difference in proportion of
patients experiencing recovery between treatment
and usual care at each of the three follow-up
measurements, by simply applying a Chi-square
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Prob >= chibar2 =0.0000

test. Furthermore, at each of the follow-up meas-
urements, the effect of the new treatment can be
estimated by calculating the relative risk (and
corresponding 95% confidence interval). The rela-
tive risk is defined as the proportion of subjects
recovered in the treatment group, divided by the
proportion of subjects recovered in the usual care
group. Table 10.9 summarises the results of
the analyses.

From the results in Table 10.9 it can be seen
that during the treatment period of one month
both the treatment group and the usual care
group show quite a high proportion of patients
who recover, and although in the treatment group
this proportion is slightly higher, the difference is
not statistically significant (p = 0.20). After the
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Table 10.9 Results of an RCT to investigate the effect of a new treatment, i.e. the number of patients recovered, the relative risks
and 95% confidence intervals (between brackets) for the treatment group and the corresponding p-values at each of the follow-

up measurements

Recovery after one

Recovery after six months

Recovery after 12 months

month

Yes No Yes No Yes No
Treatment 35 25 39 21 60 10
Placebo 28 32 29 31 30 30
Relative risk 1.28 (0.87-1.88) 148 (0.97-2.53) 3.00 (1.61-5.58)
P-value 0.20 0.07 < 0.01

proportion of patients recovered
100

Figure 10.4 The proportion of patients
recovered in an RCT to investigate the effect
of a new treatment for patients with low back
pain (m —— treatment, « — — — usual care).

1 6

time (months)

treatment period, in both groups there is an
increase in the number of patients who recovered,
but in the treatment group this increase is more
pronounced, which results in a significant differ-
ence between the treatment group and the usual
care group after 12 months of follow-up with a
relative risk of 3.0, which indicates that in
the treatment group the probability of recovery
is three times as high compared to the usual
care group.

10.3.3 Regression-based Methods

It is, of course, also possible to estimate the effect
of the new treatment with either a logistic GEE
analysis or a logistic mixed model analysis. The
first thing that should be realised is that within a
logistic GEE analysis or a logistic mixed model
analysis, odds ratios are estimated. Odds ratios
can be interpreted as relative risks, but they are
not the same. Due to the mathematical back-
ground of odds ratios and relative risks, odds
ratios always reveal stronger effects compared to

12

Table 10.10 Odds ratios, 95% confidence intervals
(between brackets) and p-values as a result of an RCT to
analyse the effect of a new treatment on recovery

One Six 12 months
month months
Odds 1.60 1.99 5.00
ratio (0.78-3.29) (0.95-4.13) (2.14-11.66)
P-value  0.20 0.07 < 0.01

relative risks. This difference between the two
becomes larger as the proportion of cases (i.e.
recovered patients) increases. To illustrate this,
the odds ratios for treatment versus usual care
were calculated at each of the follow-up measure-
ments (see Table 10.10).

From the results in Table 10.10 it can be seen
that the odds ratios are bigger than the relative
risks shown in Table 10.9, and that the confidence
intervals are wider, but that the significance levels
are the same. So, when a logistic GEE analysis or a
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Output 10.14 Results of a logistic GEE analysis with an exchangeable correlation structure to analyse
the effect of a new treatment on recovery on average over a period of 12 months

GEE population-averaged model

Number of obs = 360
Number of groups = 120
Obs per group:
min = 3
avg = 3.0
max = 3
Wald chi2 (1) = 8.71
Prob > chi2 = 0.0032

(Std. Err. adjusted for clustering on id)

Group variable: id

Link: logit

Family: binomial

Correlation: exchangeable

Scale parameter: 1
| Robust

recovery | Coef Std. Err.

,,,,,,,, e
treatment | .8616212 .2919719
_cons | -.0666914 .1983756

logistic mixed model analysis is carried out, one
must realise that the results (i.e. odds ratios)
obtained from such an analysis have to be inter-
preted with caution, and cannot be directly inter-
preted as relative risks. Output 10.14 presents the
results of a logistic GEE analysis (assuming an
exchangeable correlation structure), in which the
effect of the new treatment on average over time
is analysed.

From Output 10.14, it can be seen that the new
treatment is highly successful over the total follow-
up period. To obtain the odds ratio, EXP[regres-
sion coefficient] has to be taken. In the present
example, the odds ratio is EXP[0.8616212] = 2.37.
This can be interpreted as on average over time, the
odds for recovery in the treatment group is 2.37 as
high as the odds for recovery in the usual care
group. To obtain the 95% confidence interval
around the odds ratio, EXP[0.2893669] and EXP
[1.433876] have to be taken; the 95% confidence
interval around the odds ratio of 2.37 ranges there-
fore from 1.34 to 4.19. Although logistic GEE
analysis is the best way to estimate the effect of
the new treatment (see Section 7.2.5), the same
analysis can also be performed with a logistic
mixed model analysis. To illustrate the difference
between the two methods, Output 10.15 shows the
results of the logistic mixed model analysis.

As expected, the odds ratio obtained from the
logistic mixed model analysis is higher compared
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z P>|z]| [ 95% Conf. Interval]
2.95 0.003 .2893669 1.433876
-0.34 0.737 -.4555004 .3221177

to the odds ratio obtained from the logistic GEE
analysis. Estimated with logistic mixed model
analysis, the effect of the new treatment on aver-
age over time equals EXP[1.415927] = 4.12.

It should be noted that there is no need to adjust
for baseline. As all patients had low back pain at
baseline (by definition), there is no baseline differ-
ence between the groups. Every patient in both
groups is not recovered at baseline This is mostly
the case when a dichotomous outcome variable is
considered in an RCT. So, the whole discussion
about how and when to adjust for baseline is mostly
not relevant for dichotomous outcome variables.

The odds ratios obtained from the analyses
performed are interpreted as the effect of the
new treatment on average over time. This is an
interesting effect measure, but it is also interesting
to investigate the effect of the treatment at differ-
ent time-points. Therefore, a logistic GEE analysis
can be performed with time and an interaction
between treatment and time in the model
Because fixed time-points are used, time can be
treated as a categorical variable and represented
by dummy variables. Output 10.16 shows the
results of the logistic GEE analysis to estimate
the effect of the new treatment at the different
time points.

From Output 10.16 the effects of the new
treatment at the different time-points can be
derived. The coefficient for the treatment variable
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Output 10.15 Results of a logistic mixed model analysis to analyse the effect of a new treatment on

recovery on average over a period of 12 months

Mixed-effects logistic regression
Group variable: id

Integration method: mvaghermite

Log likelihood = -214.78798

_______+_________________________________

recovery | Coef Std. Err.
treatment | 1.415927 .4874143
_cons | -.0966625 .3254968
—_ — — = 777+7 777777777777
id |

LR test vs. logisticmodel: chibar2 (01) =42.95

(i.e. 0.4700036) can be transformed into an odds
ratio, which reflects the effect of the new treat-
ment at the first follow-up measurement (i.e. at
month one). The odds ratio at the first follow-up
measurement is therefore equal to 1.60. The inter-
vention effect at the second follow-up measure-
ment (i.e. at month six) can be calculated by
adding up the regression coefficient for treatment
and the regression coefficient for the interaction
between treatment and the first dummy variable
for time (i.e. 0.4700036 + 0.215727 = 0.6857306),
which gives an odds ratio of 1.99. In the same
way, the odds ratio at the last follow-up measure-
ment (i.e. at month 12) can be calculated
(i.e. 0.4700036 + 1.139434 = 1.6094376), which
gives an odds ratio of 5.00. To obtain the 95%
confidence intervals around the odds ratios at the
different time-points the time dummy variables
for time should be recoded. The odds ratios (and
95% confidence intervals) derived in this way are
exactly the same as the odds ratios derived from
three separate analyses, the results of which were
shown in Table 10.10. This has to do with the fact
that there is no missing data in the example RCT.
With missing data (which is normally the case),

Number of obs = 360
Number of groups = 120

Obs per group:
min = 3
avg = 3.0
max = 3
Integration pts. = 7
Wald chi2 (1) = 8.44
Prob > chi?2 0.0037
z P>|z] [ 95% Conf. Interval]
2.90 0.004 .4606122 2.371241
-0.30 0.766 -.7346245 .5412995
1.990406 7.738081

Prob >=chibar2=0.0000

the results would not have been exactly the same.
Output 10.17 shows the results of the logistic GEE
analyses to obtain the effects of the new treatment
at the different follow-up measurements includ-
ing the 95% confidence intervals and correspond-
ing p-values. In the outputs, the odds ratios are
given instead of the regression coefficients.

10.3.4 Other Methods

Besides a longitudinal logistic regression analysis,
a survival analysis can also be used to analyse the
data from the present example. Regarding sur-
vival analysis, Cox regression for recurrent events
can be used. Although there are different estima-
tion methods available (Kelly and Lim, 2003) the
general idea behind Cox regression for recurrent
events is that the different time periods are ana-
lysed separately and adjusted for the fact that the
time periods within a subject are dependent of
each other (Glynn et al., 1993). The idea of this
adjustment is that the standard error of the
regression coefficient of interest is increased pro-
portional to the correlation of the observations
within the subject. One of the problems with
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Output 10.16 Results of a logistic GEE analysis with an exchangeable correlation structure to analyse
the effect of a new treatment on recovery at different time-points

GEE population-averaged model

Number of obs = 360
Number of groups = 120
Obs per group:
min = 3
avg = 3.0
max = 3
Wald chi2 (5) = 18.94
Prob > chi2 = 0.0020

(Std. Err. adjusted for clustering on id)

Group variable: id
Link: logit
Family: binomial
Correlation: exchangeable
Scale parameter: 1
| Robust
recovery | Coef. Std. Err.
,,,,,,,,, e
intervention | .4700036 .3696954
|
time
6 | .06684 .3075189
12 | .1335314 .3416822
|
time# |
intervention |
6 | .215727 .4051391
12 | 1.139434 .5097866
|
_cons | —-.1335314 .2598596

using Cox regression for recurrent events is the
question of how to define the time at risk. This is
especially so in the present example, because the
events under study are not short-lasting events,
but can be long lasting and can be considered as
states, i.e. the events can continue over more than
one repeated measurement. In general, the time at
risk can be defined in three different ways (see
Figure 10.5): (1) The counting method; each time
period is analysed separately assuming that all
patients are at risk at the beginning of each
period, irrespective of the situation at the end of
the foregoing period. (2) The total time method;
this method is comparable to the counting
method, however, in the total time method, the
starting point for each period is the beginning of
the study. (3) The time to event method; in this
method only the transitions from no treatment
success to treatment success are taken into account.
So, if for a patient treatment is successful after
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z P>|z| [ 95% Conf. Intervall
1.27 0.204 -.254586 1.194593
0.22 0.828 -.5358859 .6695659
0.39 0.696 -.5361533 .8032161
0.53 0.594 -.578331 1.009785
2.24 0.025 .140271 2.138598
-0.51 0.607 -.6428468 .3757841

three months and stays successful at all repeated
measurements, only the first measurement is taken
into account in the analysis. When, for another
patient, treatment is successful after three months,
and not successful at six months, that particular
patient is again at risk from three months
onwards until treatment for that patient is suc-
cessful for the second time, or until the follow-up
period ends.

Output 10.18 shows the result of a Cox regres-
sion analysis for recurrent events when the time at
risk is defined according to the counting method.

From Output 10.18 it can be seen that the
hazard ratio for treatment compared to usual care
is 1.43 with a 95% confidence interval that ranges
between 1.12 and 1.81. The treatment effect is
much lower than the one estimated with the logis-
tic GEE analysis. This is not surprising, because
the hazard ratio can be interpreted as an average
relative risk over time and (as has been mentioned
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Output 10.17 Results of a logistic GEE analysis with an exchangeable correlation structure to analyse
the effect of a new treatment on recovery at different time-points. (Odds ratios are shown instead of
regression coefficients.)

GEE population-averaged model Number of obs = 360

Group variable: id Number of groups = 120
Link: logit Obs per group:

Family: binomial min = 3

Correlation: exchangeable avg = 3.0

max = 3

Wald chi2 (5) = 18.94

Scale parameter: 1 Prob > chi2 = 0.0020

(Std. Err. adjusted for clustering on id)

| Robust
recovery | Odds Ratio Std. Err. z P>|z]| [ 95% Conf. Interval]
___________ +__________________________________
treatment | 1.6 .5915126 1.27 0.204 .7752374 3.302214

|
time |
6 | 1.069124 .3287759 0.22 0.828 .5851507 1.953389
12 | 1.142857 .3904939 0.39 0.696 .5849942 2.23271
|
time#c.treatment |
6 | 1.240764 .5026818 0.53 0.594 .5608336 2.745011

12 | 3.125 1.593083 2.24 0.025 1.150586 8.487526
|

_cons | .875 .2273771 -0.51 0.607 .5257934 1.456133
GEE population-averaged model Number of obs = 360
Group variable: id Number of groups = 120

Link: logit Obs per group:
Family: binomial min = 3
Correlation: exchangeable avg = 3.0
max = 3
Wald chi?2 (5) = 18.94
Scale parameter: 1 Prob > chi2 = 0.0020

(Std. Err. adjusted for clustering on id)
\ Robust
recovery | Odds Ratio Std. Err. z P>|z| [ 95% Conf. Interval]

treatment | 1.985222 .7459188 1.83 0.068 .9505657 4.146063
|
time |

1 | .9353448 .2876362 -0.22 0.828 .5119307 1.708962

12 | 1.068966 .2146099 0.33 0.740 .7212287 1.584362
|

time#c.treatment |
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Output 10.17 (cont.)

1 | .8059553 .326524
12 | 2.51861 .9345178
|
_cons | .9354839 .2426885

GEE population-averaged model

Group variable: id
Link: logit
Family: binomial
Correlation: exchangeable
Scale parameter: 1

-0.53 0.594 .3642973 1.78306
2.49 0.013 1.217102 5.211888
-0.26 0.797 .5626169 1.555463

Number of obs = 360
Number of groups = 120
Obs per group:
min = 3
avg = 3.0
max = 3
Wald chi2 (5) = 18.94
Prob > chi2 = 0.0020

(Std. Err. adjusted for clustering on id)

| Robust

recovery | Odds Ratio Std. Err. z P>|z| [ 95% Conf. Interval]
____________ +____________________________________
treatment | 5 2.169305 3.71 0.000 2.136323 11.70235

|

time |
1] .875 .2989719 -0.39 0.696 .4478862 1.709419
6 | .9354839 .1878116 -0.33 0.740 .6311689 1.386523

|

time#c.treatment |
1] .32 .1631317 -2.24 0.025 .11782 .8691227
6 | .3970443 .1473213 -2.49 0.013 .191869 .821624

|
cons | 1.2592815 0.00 1.000 .601588 1.662267

before) a relative risk always gives a milder effect
compared to an odds ratio estimated on the same
data. In the example study the difference between
the two is relatively big, because the prevalence of
the outcome of interest (i.e. recovery) is quite
high (around 60%).

It should be realised that Cox regression for
recurrent events is especially useful for short-
lasting events, such as asthmatic attacks, falls,
etc. In all three ways the time at risk can be
defined, it is assumed that directly after an event
occurs, the subject is at risk to get another event.
As has been mentioned before, in the present
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example, this is not really the case, i.e. the events
are long lasting and can be considered as states.
Therefore, in the present example it is not recom-
mended to use Cox regression for recurrent
events.

There are also other possibilities to model recur-
rent events data, such as the continuous-time
Markov process model for panel data (Berkhof
et al., 2009) or the conditional frailty model (Box-
Steffensmeier et al., 2006). However, most of those
alternative methods are mathematically compli-
cated and not used extensively in practice.
Therefore, they are beyond the scope of this book.
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Output 10.18 Results of a Cox regression for recurrent events to analyse the effect of a new treatment
on recovery when time at risk is defined according to the counting method

Cox regression — Breslow method for ties

No. of subjects = 360
No. of failures = 211
Time at risk = 2280
Log pseudolikelihood = -1123.2464

Number of obs = 360
Wald chi2 (1) = 8.40
Prob > chi2 = 0.0037

(Std. Err. adjusted for 120 clusters in id)

| Robust
_t | Haz. Ratio Std. Err.
1.425287

treatment | .1742538

@ o treatment success ]
Time (weeks)
Il Treatment success

1 6

z P>|z] [ 95% Conf. Interval]

1.121594 1.811212

Figure 10.5 Possible definitions of

the time at risk to be analysed with Cox

regression for recurrent events for a
12 patient whose treatment was not
successful at week one, successful at

-0
S =m

Counting approach

week six and not successful at week 12.

Total time approach

Time to event approach

10.4 Stepped Wedge Designs

In the RCTs discussed so far, the intervention
variable was time-independent, which means that
a subject who is allocated to the intervention group
stays within the intervention group over the whole
follow-up period. It is also possible that the inter-
vention variable is time-dependent, i.e. the subject
is allocated to both the intervention and the control
condition. This study design is known as a cross-
over design. In a cross-over design, mostly two
groups receive both the intervention and the

control condition in a different order. The analysis
of data from a cross-over design is not much dif-
ferent from the analysis of data from a regular
intervention study (Twisk, 2022). A combination
of a regular design and a cross-over design is the
stepped wedge design. The stepped wedge design is
known as a one-way cross-over design in which
several arms start with the intervention at different
time points (see Table 10.11). Due to the fact that,
after receiving the intervention, the subjects do not
go back to the control condition, it is a one-way
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Table 10.11 Schematic illustration of a stepped wedge
trial design with four arms and five repeated measurements

Time
Arm Baseline 2 3 4 5
1 0 X X X X
2 0 0 X X X
3 0 0 0 X X
4 0 0 0 0 X

Key: 0 = control; X = intervention.

cross-over design. The starting point of the inter-
vention is randomised and although this random-
isation can be on the subject level, it is mostly on a
cluster level, such as hospitals, nursery homes, etc.
Although there is some debate about the usefulness
of a stepped wedge design (Kotz et al., 2012), it is
increasingly popular as an alternative to the RCT.
Besides the discussion about the usefulness of a
stepped wedge design, there is also much confusion
about the way data from a stepped wedged trial
should be analysed. In a systematic review, Brown
and Lilford (2006) mentioned that “no two studies
use the same method in analysing data”, while
Mdege et al. (2011) concluded that there was a huge
variation in statistical methods used, varying from
simple cross-sectional statistical methods, such as
independent samples t-tests or Mann-Whitney U
tests to more complicated methods, such as
regression-based longitudinal methods. It is clear
that there is no consensus regarding the way the
data from a stepped wedge trial should be analysed.
Most stepped wedge trials are longitudinal in
nature. This means that the same group of subjects
is followed over time and that the different (clusters
of ) subjects receive the intervention at different
points in time. The most important issue to be
considered in the analysis of data from a longitu-
dinal stepped wedge trial is the one-way cross-over
nature of the design. Because of that, the effect of
the intervention can be measured partly within the
subjects (each subject moves at a certain point in
time from the control condition to the intervention
condition) and partly between the subjects (at a
certain point in time, the intervention group can
be compared to the control group). Ideally, these
two aspects of the intervention effect should be
combined in one analysis. Because of this, it is
necessary that data from a stepped wedge trial is
analysed with a method that is capable to combine
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these effects; i.e., a linear mixed model analysis for
continuous outcomes or a logistic GEE analysis for
dichotomous outcomes.

Besides the combination of the between- and
within-subjects effects, in the analysis of data from
a stepped wedge trial the time variable can also play
an important role. It has already been mentioned
that in a standard intervention study, an adjust-
ment for the time variable is not necessary, because
the control group and the intervention group are
measured at the same time-points and therefore,
adjustment for time cannot influence the estimated
intervention effect. In a stepped wedge trial this is
different, because all (clusters of) subjects start
with the intervention at different time-points and
the effects of the intervention are also measured at
different time-points. Therefore, the intervention
variable becomes time-dependent and, therefore,
time can influence the estimated intervention
effect. Finally, it should be evaluated whether or
not an adjustment for baseline should be made. In
Section 10.2 it was argued that an adjustment for
baseline is necessary to take into account regression
to the mean. It is, however, questionable whether
an adjustment for baseline is also necessary in a
stepped wedge trial. For an extensive discussion
about the different regression-based methods than
can be used to analyse data from a stepped wedge
trial, see Twisk et al. (2016) and Twisk (2022).

10.5 Comments

The analyses discussed so far were limited to
crude analyses, in such a way that no potential
confounders (apart from the value of the outcome
variable at baseline in the examples with a con-
tinuous outcome variable) and/or effect modifiers
(apart from the interaction between the interven-
tion variable and time) have been discussed.
Potential effect modifiers can be interesting if
one wishes to investigate whether the intervention
effect is different for subgroups of the population
under study. The way confounders and effect
modifiers are treated in longitudinal data analysis
is, however, exactly the same as in cross-sectional
regression analysis.

It is recommended that statistical analysis to
evaluate the effect of an intervention should
always start with descriptive statistics. This not
only provides insight into the data, but can also
provide (important) information regarding the
effect of the intervention. After descriptive
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statistics, it is (highly) recommended to apply
regression-based methods, especially for the analy-
sis of continuous outcomes for which it is neces-
sary to adjust for baseline. Furthermore, it is also
important to use regression-based methods when
the number of repeated measurements differs
between subjects, and/or when there is (a lot of)
missing data.

10.6 Beyond the Randomised

Controlled Trial

Although the RCT is the best way to estimate
intervention effects, in some situations it is not
possible to perform an RCT. Furthermore, due to
the increasing availability of real word data, it is
also important to evaluate intervention effects in
real-life observational studies. In Section 6.3.1, G-
methods were introduced as methods to evaluate
causal relationships when time-varying covariates
were present in longitudinal data. G-methods are
also suitable to evaluate the effect of different
intervention strategies seen in observational data.
It has already been mentioned that the outcome
variables that can be used in G-methods are either
adichotomous outcome measured at the end of the
study or a survival outcome. When the outcome is
longitudinal (i.e. measured at different time-
points) or when the outcome variable is continu-
ous, G-methods cannot be used. One of the key
issues in estimating intervention effects in obser-
vational data is the difference in all kinds of cov-
ariates between the groups being compared. In an
RCT this difference is in general small due to the
randomisation process. However, in observational
data, there is no randomisation, so there will be
differences between the groups. In other words,
there are many possible confounders that should
be taken into account. The challenge of all methods
dealing with the estimation of intervention effects
in observational studies is to take these differences,
i.e. these confounders, into account. It should be
realised that a possible confounder in the estima-
tion of an intervention effect must not only be
different between the intervention groups, but that
the possible confounder must also be related to the
particular outcome. The simplest way to deal with
the confounding problem is to adjust for the
confounders in a standard way by adding these
possible confounders to the regression model.
However, in some situations (for instance when
the number of possible confounders is very high) a

standard adjustment is not really possible.
Therefore, other methods are developed to deal
with this problem. In Section 6.3.1, for instance,
it was mentioned that marginal structural models
use inverse probability weighting for the estima-
tion. With inverse probability weighting, an artifi-
cial population is generated in which exposures are
independent of possible confounders. Also, the
whole theory behind propensity score adjustment
and the use of instrumental variables are related to
this problem.

Although in real-life observational data an
adjustment has to be made for (many) possible
confounders, it is, however, questionable whether
an adjustment has to be made for the baseline
difference in the outcome variable between the
groups. In an RCT, an adjustment for baseline
has to be made to take into account regression to
the mean. In an RCT this is necessary because the
difference between the groups at baseline is due to
chance. However, when observational data is used
to estimate an intervention effect, the baseline dif-
ference in the outcome variable between the
groups is (in general) not due to chance. In most
situations, the baseline difference in the outcome
variable between the groups is a real difference and
is mostly related to the intervention provided to
the subjects. When this is the case, an adjustment
for baseline should not be performed.

Another key issue in the estimation of inter-
vention effects in observational studies is the fact
that in real-life observational data, usually the
intervention can change over time. Although in
standard longitudinal data analysis the interven-
tion can be time-dependent, in Section 6.3.1 it was
shown that G-methods (including marginal struc-
tural models) can also deal with this issue.

A relatively new method that can be used to
estimate intervention effects in an observational
study is the difference in difference method (see
Section 10.6.1). Most methods (including the
G-methods and the difference in difference
method) that claim to estimate (causal) interven-
tion effects in observational studies are related to
counterfactuals or potential outcomes. The gen-
eral idea behind this is that for a particular sub-
ject, the observed outcome under a certain
intervention must be compared with the hypo-
thetical situation that that particular subject did
not receive the intervention. That hypothetical
situation is not observed and should, therefore,
be simulated. Although the whole idea of
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counterfactuals or potential outcomes theoretic-
ally makes sense, in practice the result of an
analysis based on counterfactuals or potential out-
comes is the same as the result obtained from a
standard (longitudinal) regression analysis com-
paring the two groups with each other.

10.6.1 Difference in Difference Method

The application of the difference in difference
method is relatively simple. Basically, the differ-
ence between the groups at baseline is compared
to the difference between the groups at the follow-
up measurement(s). Nevertheless, the literature
regarding the difference in difference method is
rather complicated. Because the difference in dif-
ference method is supposed to be used in evaluat-
ing intervention effects in observational studies,
the key issue in the theory is about the possible
confounding. One of the most important assump-
tions for using the difference in difference method
is the so-called common trend assumption. This
assumption includes that possible confounders

varying across the groups are time-independent
and that possible confounders that are time-
dependent are independent of the groups. It goes
beyond the scope of this book to explain in detail
all the theoretical concepts behind the difference
in difference method. A good overview of the
difference in difference method can be found in
Wing et al. (2018).

10.6.1.1 Example

To illustrate the general idea behind the difference
in difference method, the same example is given
which has been used to illustrate the estimation of
an intervention effect in an intervention study
with more than one follow-up measurement (see
Table 10.3). Although in this study a baseline
measurement and two follow-up measurements
were performed, first a difference in difference
analysis was performed using only the first
follow-up measurement. It should be realised that
in the long data structure used for the difference in
difference analysis, the baseline value is included.
Output 10.19 shows the results of this analysis.

Output 10.19 Results of a difference in difference analysis to analyse the effect of the new treatment
on systolic blood pressure using only the first follow-up measurement
DIFFERENCE-IN-DIFFERENCES ESTIMATION RESULTS

Number of observations in the DIFF-IN-DIFF: 269

Before After
Control: 71 67 138
Treated: 68 63 131
139 130
Outcome var. | sys | S. Err. | |t] | P>|t]
————————— - —— —— — - - - —— - - - — 44— — - — — — —
Before | | | |
Control | 130.676 | | |
Treated | 126.529 | | |
Diff (T-C) | =4.147 | 2.582 | -1.61 1] 0.110
After | | | |
Control | 130.060 | | |
Treated | 122.571 | | |
Diff (T-C) | =7.488 | 2.531 | 2.96 | 0.004***
| | | |
Diff-in-Diff | -3.342 | 2.101 | 1.59 | 0.114
R-square: 0.04

* Means and Standard Errors are estimated by linear regression

**Clustered Std. Errors

**Inference: *** p<0.01; ** p<0.05;
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Output 10.20 Results of a difference in difference analysis to analyse the effect of the new treatment
on systolic blood pressure using both follow-up measurements
DIFFERENCE-IN-DIFFERENCES ESTIMATION RESULTS

Number of observations in the DIFF-IN-DIFF: 388

Before After
Control: 71 127 198
Treated: 68 122 190
139 249
Outcome var. | sys | S. Err. |
- ——— — —— +— - — — - +——— — = +— —
Before | | |
Control | 130.676 | |
Treated | 126.529 | |
Diff (T-C) | =4.147 | 2.577 |
After | |
Control | 128.717 | |
Treated | 122.123 | |
Diff (T-C) | =6.594 | 2.255 |
| | |
Diff-in-Diff | -2.447 | 1.947
R-square: 0.05

-1.61

2.92

| 1.26

| 0.004***

|
| 0.211

* Means and Standard Errors are estimated by linear regression

**Clustered Std. Errors

**Inference: *** p<0.01; ** p<0.05; * p<0.1

The first part of Output 10.19 shows the
number of observations used for the analysis. In
the second part, the result of the analysis is given.
First the difference in systolic blood pressure
between the two groups at baseline is given. This
difference is equal to —4.147. Second, the differ-
ence in systolic blood pressure between the two
groups at the first follow-up measurement is
given. This difference is equal to —7.488. After
that the final result of the analysis is given, i.e. the
difference between the two differences, which is
equal to —3.342. In the last part of Output 10.19 it
is mentioned that the result is obtained from
linear regression analysis and that clustered stand-
ard errors are estimated. The latter indicates that
the standard errors are adjusted for the depend-
ency of the observations within the subject. It
should be realised that this adjustment for the
dependency of the observations only influences
the standard error and not the effect estimate,
which is a (strong) limitation of the analysis. For
the difference in difference analysis including

both follow-up measurements, it is important to
realise that the time variable must be coded 1 for
both follow-up measurements. Output 10.20 shows
the results of the analysis.

In the first part of Output 10.20 it can be seen
that in this analysis more observations are used,
while in the second part of the analysis the differ-
ence between the groups at baseline is given and
between the groups on average over the two
follow-up measurements. Furthermore, the second
part of the output shows the difference in the
difference, which is equal to -2.447.

10.6.1.2 Comments

Based on the literature, the theory behind the dif-
ference in difference method seems to be rather
complicated, but basically the method is relatively
simple and calculates the difference in the difference
between the groups at baseline and the difference
between the groups at the follow-up measurement
(s). An important limitation of the method is the
rather simple adjustment for the correlated
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observations within the subject, which only influ-
ences the standard error. Furthermore, it should
be realised that exactly the same analyses can be
performed with regression-based longitudinal
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11.1 Introduction

One of the main methodological problems in lon-
gitudinal studies is missing data, i.e. the (unpleas-
ant) situation when not all subjects have data on all
repeated measurements. When subjects have miss-
ing data at the end of a longitudinal study they are
referred to as drop-outs. It is, however, also pos-
sible that subjects miss one particular measure-
ment, and then return to the study at the next
follow-up. This type of missing data is referred to
as intermittent missing data (Figure 11.1). It
should be noted that, in practice, drop-outs and
intermittent missing data usually occur together.
Besides the distinction regarding the missing
data pattern (i.e. intermittent missing data versus
drop-outs), in the statistical literature a distinction
is made regarding the missing data mechanism.
Rubin (1976) was the first to develop a framework
of different missing data mechanisms. The three
missing data mechanisms are missing completely
at random (MCAR), missing at random (MAR)
and missing not at random (MNAR). MCAR
means that missing values are randomly distrib-
uted over the data sample. The reason for missing
data is not related to relevant outcomes and/or
covariates. For example, suppose a study in which
people with familial hypertension are invited to
come to the research centre where blood pressure
and several covariates are measured in order to
investigate which covariates are related to blood
pressure in this particular population. When data
on blood pressure is missing, because some people
were not able to visit the research centre due to, for
instance, a strike on public transport, this missing
data is MCAR. Missing at random (MAR) means
that the probability of missing data is related to
other variables. For example, when more data on
blood pressure is missing of people with high body
mass index (BMI) this missing data is MAR.
Missing not at random (MNAR) is when the prob-
ability of missing data is dependent on the values

Missing Data in Longitudinal Studies

of the variable itself. This is the case when people
with the highest values for blood pressure do not
visit the research centre. This situation is problem-
atic because you never know whether this is the
case or not. Although the above-mentioned dis-
tinction between the three different types of miss-
ing data is important, it is rather theoretical. For a
correct interpretation of the result of a longitu-
dinal data analysis, two issues must be considered.
First of all, it is important to investigate whether or
not missing data on the outcome variable at a
certain time-point is dependent on the values of
the outcome variable observed one (or more) time-
point(s) earlier or later. In other words, it is
important to investigate whether or not missing
data depends on earlier or later observations of the
outcome variable. Secondly, it is important to
determine whether or not particular covariates
are related to the occurrence of missing data. For
example, are males more likely to have missing
data than females? In general, it is preferable to
make a distinction between non-informative miss-
ing data (i.e. when missing is not dependent on
other observations of the outcome variable and/or
covariates) and informative missing data (i.e. when
missing is dependent on other observations of the
outcome variable and/or covariates).

11.2 Informative or Non-

informative Missing Data

Although there is an abundance of statistical lit-
erature describing (complicated) methods that
can be used to investigate whether or not one is
dealing with informative or non-informative
missing data in a longitudinal study (see, for
instance, Diggle, 1989; Ridout, 1991; Potthoff,
et al., 2006; Enders, 2010), it is basically quite easy
to investigate this matter. It can be done by com-
paring the group of subjects with data at a certain
time-point with the group of subjects with miss-
ing data at that certain time-point. First of all, this
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intermittent missing data

Figure 11.1 lllustration of
intermittent missing data and drop-

outs. (X indicates a missing data point.)

X ” X X . y X
X X
X X
X X
drop-outs
J X X X X X
X X X X X X X X
1 2 3 4 5 6

comparison can concern the particular outcome
variable of interest measured one time-point
earlier or later. Depending on the distribution of
that particular variable, an independent sample
t-test (for continuous variables) or a Chi-square
test (for dichotomous and categorical outcome
variables) can be carried out. Secondly, the influ-
ence of covariates on the occurrence of missing
data can be investigated. This can be done by
means of a standard logistic regression analysis,
with missing or non-missing at each of the repeated
measurements as a dichotomous outcome variable.
Up to now, a distinction has been made
between missing data dependent on other values
of the outcome variable and missing data depend-
ent on values of covariates. Of course, this distinc-
tion is not really necessary, because in practice
they both occur together and can both be investi-
gated with a logistic regression analysis, with both
values of the outcome variable and covariates as
possible determinants for the missing data.
When there are only a few (repeated) measure-
ments, and when the amount of missing data at
each of the (repeated) measurements is rather
high, the above-mentioned methods are highly
suitable to investigate whether one is dealing with
informative or non-informative missing data.
However, when the amount of missing data at a
particular measurement is rather low, the power to
detect differences between the subjects with data
and the subjects without data at a particular time-
point can be too low. Although the possible signifi-
cance of the differences is not the most important
issue in determining whether or not the pattern of
missing data is informative or non-informative, it
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can be problematic to interpret the observed dif-
ferences correctly. Therefore, the information
about missing data at different time-points can be
combined. This can be done in a relatively simple
way in which the population is divided into two
groups; i.e. the subjects without any missing data
over the longitudinal period and the subjects with
missing data at one or more of the repeated meas-
urements. The two groups are then compared to
each other regarding the values of the outcome
variable and/or the covariates at the first measure-
ment. This is done because in practice, mostly all
subjects are measured at the first measurement.
There are also more complicated methods available
to combine the information about missing data at
different time-points (Diggle, 1989; Ridout, 1991).
However, the statistical techniques involved are
seldom used in practice.

11.3 Example

11.3.1 Generating Datasets with
Missing Data

The dataset used to illustrate the influence of
missing data on the result of a statistical analysis
is the same example dataset which has been used
throughout this book (see Section 1.5).

From the complete dataset, four datasets with
missing data were created. In all datasets, the
first measurement is complete for all subjects.
The second measurement was made missing for
15 subjects (approximately 10%). The third to
sixth measurements were made missing for 25
(17%), 35 (24%), 45 (30%) and 55 (37%) subjects
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Table 11.1 Mean value and standard deviation (between brackets) of cholesterol at the different time-points in the different

datasets with missing data'

Time Complete MCAR MAR_1 MAR_2 MNAR

mean (sd) mean (sd) mean (sd) mean (sd) mean (sd) N2
1 44 (0.7) 44 (0.7) 44 (0.7) 44 (0.7) 44 (0.7) 147
2 4.3 (0.7) 4.3 (0.7) 4.3 (0.7) 4.2 (0.6) 42 (0.5) 132
3 43(0.7) 43 (0.7) 43(0.7) 4.1 (06) 4.0 (0.5) 122
4 4.2 (0.7) 4.2 (0.7) 4.1 (0.6) 39 (0.5) 39 (0.5) 112
5 4.7 (0.8) 4.7 (0.8) 4.6 (0.8) 43 (06) 43 (0.5) 102
6 5.1 (09 52 (09 5.1 (09 4.7 (0.8) 4.5 (0.5) 92
N’ 147 43 73 81 75

' See Section 11.3.1 for the description of the datasets with different types of missing data.

2 Number of observations in the datasets with missing data.
3 Number of complete cases.

respectively. In the MCAR dataset, all missing data
was randomly selected from the complete dataset.
Regarding MAR, two datasets were created; one in
which missing data was related to sex and one in
which the missing data was related to the outcome
variable cholesterol measured one time-point
earlier. In the first MAR dataset (MAR_1), missing
data at the different time-points was randomly
selected from the males, while in the second
MAR dataset (MAR_2), all observations were
made missing for subjects with the highest values
for cholesterol measured one time-point earlier.
Finally, in the MNAR dataset, all observations
were made missing for subjects with the highest
values for cholesterol at that particular time-point.
For all missing datasets, when the outcome vari-
able is made missing, also the time-dependent
covariate sum of skinfolds is made missing. This
is comparable to missing data observed in a real-
life study, because when a certain subject does not
attend a particular visit in a longitudinal study, all
data to be collected at that measurement is gener-
ally missing. Furthermore, the missing datasets
contain both intermittent missing data and drop-
outs. Table 11.1 shows descriptive information for
the outcome variable cholesterol in the complete
dataset and in the datasets with missing data.

11.3.2 Analysis of Determinants for
Missing Data

As has been mentioned in the introduction of this
chapter, it is important to investigate whether or

not the missing data is informative or non-
informative. This knowledge can have important
implications for the interpretation of the results of
a longitudinal study with missing data.

As previously stated, it is quite simple to
investigate whether the missing data is dependent
on other values of the outcome variable choles-
terol. This can be done by comparing the subjects
with data at a certain time-point with the subjects
with missing data at that time-point. The com-
parison is then performed on, for instance, the
value of cholesterol one time-point earlier. The
difference between the two groups can be tested
with an independent samples -test.

Besides the analyses at each time-point, an
analysis can also be performed in which the sub-
jects with complete data (i.e. data at all six meas-
urements) are compared with the subjects with
missing data at, at least, one of the measurements.
The two groups can be compared to each other
regarding cholesterol at the first measurement.

To illustrate the latter, in Table 11.2, the
results of the independent samples ¢-tests compar-
ing the group with missing data with the group
without missing data are given for the four data-
sets with missing data.

Because the missing datasets are forced to be
of a certain type, the results are as expected. In the
MNAR and MAR_2 datasets, missing was related
to the outcome variable (either at the time of
missing or one time-point earlier) and therefore,
for these two datasets the outcome variable chol-
esterol at the first measurement is significantly
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Table 11.2 Results of independent samples t-tests to
compare subjects with missing data’ with subjects without
missing data regarding the value of cholesterol at the

first measurement

N  Cholesterol® p-value

MCAR
Missing 104 44 0.35
Not missing 43 4.5

MAR_1
Missing 74 44 0.78
Not missing 73 45

MAR_2
Missing 66 4.8 < 0.01
Not missing 81 4.1

MNAR
Missing 72 48 < 001

Not missing 75 4.0

! See Section 11.3.1 for the description of the datasets with
different types of missing data.
2 Measured at the first time-point.

different between subjects with complete data
compared to subjects with missing data. For the
MCAR and MAR 1 datasets no significant differ-
ences were found between subjects with complete
data compared to subjects with missing data.
Also, this is not very surprising, because in both
datasets, missing data was not (forced to be)
related to (earlier) values of cholesterol.

The independent samples t-tests are only per-
formed to determine whether the missing data are
dependent on the outcome variable cholesterol.
It is also of interest to analyse the relationship
between the occurrence of missing data and other
covariates. This information can also be important
for correct interpretation of the result of a longitu-
dinal analysis performed on a dataset with missing
data. To illustrate this, logistic regression analyses
were performed, with complete versus non com-
plete as the dichotomous outcome variable. The
values of two covariates in the example dataset (sex
and sum of skinfolds) at the first measurement
were analysed as potential determinants for the
missing data. Table 11.3 summarises the results
of the logistic regression analyses.

From the results presented in Table 11.3 it can
be seen that it is only in the MAR_2 and MNAR
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Table 11.3 Regression coefficients and p-values of logistic
regression analyses to investigate possible determinants of
missing data’

Sex Sum of skinfolds?
MCAR —049 (p=0.22) 024 (p=0.12)
MAR_1 3 0.08 (p=0.83)
MAR_2 —0.50 (p=0.19) —0.61 (p<0.01)
MNAR —044 (p=025)  —065 (p<0.01)

! See Section 11.3.1 for the description of the datasets with
different types of missing data.

2 Measured at the first time-point.

3 Not applicable, because there were no complete cases
for males.

datasets that subjects with higher values of sum of
skinfolds at the first measurement seem to have a
higher probability of having missing data. This is
not really surprising, because from earlier ana-
lyses of the example dataset it is already known
that cholesterol and sum of skinfolds are strongly
associated with each other. So, when missing data
is found to be dependent on the value of choles-
terol at the first measurement, it can be expected
that this is also the case for the sum of skinfolds.

The analyses described in this section illustrate
how to investigate possible determinants of
missing data. In the example datasets these ana-
lyses were not really interesting, because the data-
sets with missing data were forced to be of a
certain type. However, in practice it is necessary
to perform these analyses, because interpretation
of the result can depend on the missing data
mechanism.

11.4 Analysis Performed on
Datasets with Missing Data

In the foregoing sections it was stressed that it is
important to investigate whether one is dealing with
informative or non-informative missing data. First
of all, it is important to invoke a correct interpret-
ation of the result of a longitudinal analysis per-
formed on a dataset with missing data. Secondly, it
is also important because the regression-based
methods to analyse longitudinal data (i.e. general-
ised estimating equations (GEE) analysis and mixed
model analysis) differ in the way in which they treat
missing data. In fact, in the literature it is often
argued that one of the most important differences


https://doi.org/10.1017/9781009288002.012

Missing Data in Longitudinal Studies

Table 11.4 Regression coefficients and standard errors
(between brackets) derived from GEE analyses (with an
exchangeable correlation structure) and mixed model
analyses (with only a random intercept) performed on a
complete dataset and several datasets with missing data' to
analyse the relationship between cholesterol and the sum
of skinfolds

GEE analysis  Mixed
model
analysis

Complete 0.186 (0.020) 0.186 (0.018)

dataset

Missing

data
MCAR 0.176 (0.023) 0.175 (0.020)
MAR_1  0.202 (0.025) 0.202 (0.021)
MAR_2  0.154 (0.023) 0.158 (0.020)
MNAR 0.115 (0.019) 0.116 (0.018)

! See Section 11.3.1 for the description of the datasets with
different types of missing data.

between GEE analysis and mixed model analysis is
found in the analysis of datasets with missing data.
The difference is that within GEE analysis the miss-
ing data is assumed to be missing completely at
random (MCAR), and that within mixed model
analysis the missing data is assumed to be missing
at random (MAR) (Little, 1995; Albert, 1999; Omar
etal., 1999). When GEE analysis is performed on a
dataset with informative missing data, the calcula-
tion of the working correlation structure is assumed
to be biased, and therefore the calculation of the
regression coefficients is also assumed to be biased.
However, from the literature it is not clear how
important this bias really is (see also Section 11.6).
It is therefore interesting to analyse the missing
datasets with both GEE analysis and mixed model
analysis, and to compare the results. Table 11.4
shows the results of both a linear mixed model
analysis and a linear GEE analysis performed on
the different datasets. With both methods the rela-
tionship between cholesterol and the sum of skin-
folds was analysed.

From Table 11.4 it can be seen that almost the
same result was obtained for a GEE analysis and a
mixed model analysis, even when data are MAR
or MNAR. This is remarkable because, as has
been mentioned before, in the literature it is
argued that GEE analysis is only valid when miss-
ing data are MCAR, while mixed model analysis is

assumed to be valid also on MAR datasets. These
results show again that the difference between
GEE analysis and mixed model analysis on data-
sets with missing data is slightly more subtle than
often suggested. In Section 11.6 this issue will be
further discussed.

Because a few decades ago generalised linear
model (GLM) for repeated measures was the only
available method for the analysis of longitudinal
data, imputation methods had to be used in order
to create complete datasets. In the following sections,
several of the available imputation methods to
replace missing data will be discussed, and the influ-
ence of different imputation methods on the results
of statistical analyses will be illustrated.

11.5 Imputation Methods

11.5.1 Continuous Variables

Historically, imputation methods can be divided
into cross-sectional and longitudinal imputation
methods. Both can be used to replace missing data
in longitudinal studies. The cross-sectional methods
described here are the mean or median of series
method, the hot-deck method and the cross-sectional
linear regression method. Longitudinal imputation
methods which are described are the last value
carried forward or last observation carried forward
method, the linear interpolation method and the
longitudinal linear regression method. Besides these
historical methods, a lot of attention will be given to
multiple imputation, which is the state-of-the-art
method for imputing missing data.

11.5.1.1 Cross-sectional Imputation Methods

All variants of the mean or median of the series
imputation method involve calculation of the mean
or median of the available data for a particular
variable at a particular time-point. The mean or
median is imputed for the missing value. Because
of its simplicity, it was by far the most frequently
used imputation method in practice. A somewhat
different method is called the hot-deck imputation
method. With this method, the mean or median
value of a sub-set of comparable subjects (e.g. sub-
jects with the same gender, age, etc.) is imputed for
the missing value. The minimum number of sub-
jects in the sub-set can be one, and the maximum
number can be the total population (which makes
the hot-deck method the same as the mean or
median of series method). With cross-sectional
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regression methods, a linear regression with all
available (possible) covariates at a certain time-
point is used to provide predicted values for the
variable with missing data at that particular
time-point. This predicted value is then used for
the imputation.

11.5.1.2 Longitudinal Imputation Methods

The simplest longitudinal imputation method is
called the last value carried forward (LVCF) or last
observation carried forward (LOCF) method. In
this method the value of a variable at (¢t = 1) for a
particular subject is imputed for a missing value for
that subject at (t = 2). Another longitudinal imput-
ation method is the linear interpolation method.
With this method, for a missing value at (¢ = 2) the
average of the values at (f = 1) and (t = 3) is
imputed, assuming a linear development over time
of the variables with missing data. Comparable, but
somewhat more sophisticated, is the longitudinal
regression imputation method. With this method,
a linear regression analysis between the time-
dependent variable with missing data and time is
assessed for each subject with a missing value. The
predicted value for the time-point of the missing
value is then used for the imputation.

11.5.1.3 Comments

The biggest problem with imputation methods
based on average values or predicted values from
a cross-sectional or longitudinal regression analy-

sis is that the standard deviation of the imputed
variable is artificially decreased. When a statistical
analysis is performed on such an imputed dataset,
the standard error of the effect estimate will be
decreased as well and, therefore, the correspond-
ing p-value will be too low. This problem can be
solved by making a random draw from a distri-
bution around the average value or around the
value predicted by the cross-sectional or longitu-
dinal regression analysis. This will add some
noise to the imputed data, leading to more realis-
tic standard deviations and therefore, to more
realistic standard errors and p-values.

All imputation methods discussed so far are
known as single imputation methods. Nowadays,
however, it is generally accepted that multiple imput-
ation must be used instead of single imputation.

11.5.1.4 Multiple Imputation

With multiple imputation, various (say M) imput-
ation values are calculated for every missing value.
With the M imputations, M complete datasets are
developed, and on each dataset created in this way,
a statistical analysis is performed. The M complete
dataset summary statistics (e.g. regression coeffi-
cients) can be combined (i.e. pooled) to form one
summary statistic (see Figure 11.2).

The point estimate of the summary statistic is
calculated as the average of the M imputations,
while the standard error of the summary statistic
is usually calculated from two components (i.e.

imputation analysis Figure 11.2 [llustration of multiple
imputation.
 E——_
\
missing pooled
data \ results
_ /
 E——_
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two variances). One component reflects the
within-imputation variance (the average of the
variances of the summary statistics of the M
imputations) and the other component reflects
the between-imputation variance (the difference
between the summary statistic of each imputation
and the average of the summary statistics of the M
imputations). Equation 11.1 shows a possible way
in which the overall variance is calculated:

iyvary

var, = i (11.1a)
M -\ 2
. (bi—D
vary = 72"1( ) (11.1b)
M
1
var = var,, + vary, (11.1¢)

M

where var, is the within-imputation variance,
var; is the variance of imputation i, M is the
number of imputations, var, is the between-
imputations variance, b; is the parameter of inter-
est calculated with imputation 4, and b is the
average of the parameter of interest calculated
with M imputations.

The major advantage of multiple imputation
is that the combined standard error is greater than
the standard error obtained from a single imput-
ation. This greater standard error accounts for the
uncertainty introduced by estimating the missing
values. In principle, the M imputations of the
missing values are M repetitions from the poster-
ior predictive distribution of the missing values.
The posterior predictive distribution is related to
a model for missing data which can (or in fact
must) be based on the information derived from
the simple analyses discussed in Sections 11.2 and
11.3. When the missing data is known to be
dependent on the observed values of the outcome
variable and/or several covariates, these variables
can or must be used (for instance in a regression
analysis) to create the posterior predictive distri-
bution of the missing values (see the example in
Section 11.5.3.1). In the literature it is suggested
that five imputations should be enough to obtain
a valid result (Rubin, 1987; Schafer, 1999 ).
However, it is questionable whether that is true
(see Section 11.5.3.3). For extensive information
on multiple imputation, reference is made to several
other publications (e.g. Rubin, 1987, 1996; Schafer,
1999; Royston, 2004; Kenward and Carpenter, 2007;

Royston et al., 2009; Buuren van, 2018; Austin et al.,
2021; Lee et al., 2021).

11.5.2 Dichotomous and
Categorical Variables

For dichotomous and/or categorical variables, a
commonly used cross-sectional method is imput-
ation of the category with the highest frequency
for the subject(s) with missing data. This can
either be based on the total population (mean or
median of series method) or on a particular sub-
set (hot-deck method). The most frequently used
longitudinal imputation method available for
dichotomous and categorical missing data is the
LVCF method. Linear interpolation can be used,
but the average value of the outcome variable at
the two surrounding time-points has to be
rounded off. For dichotomous variables, cross-
sectional and longitudinal logistic regression can
also be used to predict missing data. However, in
these situations, the predicted values also have to
be rounded off, which makes the use of these
techniques slightly complicated.

11.5.3 Example
11.5.3.1 Continuous Variables

The example deals with the influence of the imput-
ation of missing data on the result of a mixed
model analysis. Both the use of LVCF and multiple
imputation will be illustrated. It is questionable
whether or not it is necessary to perform multiple
imputation in combination with a mixed model
analysis, because it is suggested that performing a
mixed model analysis without any imputation is
valid when missing data is either MCAR or MAR.
However, because many researchers are not aware
of the differences between a mixed model analysis
on a dataset with missing values and a mixed
model analysis on multiple imputed datasets,
these differences will be illustrated in this example.
For multiple imputation, in this example, Data
Augmentation (DA) was used. DA is an iterative
Markov Chain Monte Carlo (MCMC) method to
generate the imputed values assuming a multivari-
ate normal distribution. DA is recognised as one of
the state-of-the-art methods for imputing arbitrary
missing data patterns (ie. for longitudinal data
with both intermittent missing data and drop-outs)
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Table 11.5 The relationship between cholesterol and the
sum of skinfolds estimated with a linear mixed model
analysis with only a random intercept with and without
imputation on datasets with different missing data
mechanisms'

Regression Standard
coefficient error

Complete dataset 0.186 0018
MCAR

Without imputing 0.175 0.020
LVCF 0.172 0.018
Multiple imputation? 0.177 0.022
MAR_1

Without imputing 0.201 0.021
LVCF 0.181 0.018
Multiple imputation? 0223 0034
MAR_2

Without imputing 0.158 0.020
LVCF 0.174 0.018
Multiple imputation? 0.155 0032
MNAR

Without imputing 0.116 0018
LVCF 0.111 0.016
Multiple imputation? 0.104 0.025

' See Section 11.3.1 for the description of the datasets with
different types of missing data.
2 For multiple imputation, five imputations were used.

(Barnard and Meng, 1999; Fairclough et al., 2008;
STATA, 2009). Furthermore, for all multiple
imputation models, the observed values of the
outcome variable cholesterol at the different time-
points as well as the covariate used in the mixed
model analyses (i.e. sum of skinfolds) were used to
predict the missing values. For all multiple imput-
ations, the first five imputations were used.

Table 11.5 shows the results of the analyses
to analyse the relationship between cholesterol and
the sum of skinfolds on the complete dataset, the
datasets with missing data and the imputed
datasets.
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From Table 11.5, it can be seen that for the
MCAR datasets, mixed model analyses without
imputation only provided slightly different results
compared to LVCF and multiple imputation. The
regression coefficients obtained from multiple
imputation were a bit closer to the regression
coefficient obtained from the complete dataset
compared to the dataset without imputations and
the LVCF imputed dataset. The standard errors
obtained from the analyses with and without mul-
tiple imputation were, as expected, slightly higher
compared to the analysis on the complete dataset.
The standard error obtained from the mixed model
analysis on the LVCF imputed dataset is the same
as the one obtained from the complete dataset.
Although this seems to be an advantage, it is not.
Due to the artificial increase in the number of
observations in an LVCF imputed dataset with
missing data, the standard error of the regression
coefficient decreases. Also, in the multiple imputation
method, the number of observations is artificially
increased, but the decrease in standard error due to
the higher number of observations is compensated
with the higher standard error based on the combin-
ation of two variances (see Equation 11.1).

For the MAR datasets, regarding the regression
coefficients, the analyses led to comparable results
for the mixed model analyses with and without
imputation. However, they were different from
the regression coefficient obtained from the com-
plete dataset. Regarding the uncertainty of the esti-
mates, the standard errors of the analyses with or
without multiple imputation were quite different.
Surprisingly, the regression coefficient obtained
from a mixed model analysis on an LVCF imputed
dataset were relatively close to the regression coef-
ficient obtained from the complete dataset. The
standard error, again, is underestimated.

For the MNAR datasets, the regression coeftfi-
cients obtained from the different analyses are
more or less the same, but they are totally different
from the analysis on the complete dataset without
missing data. The comparison of standard errors
shows the same picture as for all other analyses.

In general, the results of the example show that
the results obtained from the imputed and non-
imputed datasets are different. More specifically,
the standard errors of the regression coefficients are
different and in general somewhat larger when they
are obtained from mixed model analyses with mul-
tiple imputation than obtained from mixed model
analyses without multiple imputation. Regarding the
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regression coefficients, the results are not straightfor-
ward in favour of one of the methods.

In the example, the standard errors of the
mixed model analyses with multiple imputation
were higher than the standard errors obtained
from the mixed model analyses without multiple
imputation. The remaining question is whether
the standard error resulting from the mixed
model analysis without multiple imputation is
an underestimation or whether the standard error
obtained from the mixed model analysis with
multiple imputation is an overestimation. In the
literature, most evidence is given for the fact that
the two methods lead to similar results when the
data are either MCAR and MAR, which is, how-
ever, not the case in the present example. There
are authors who suggest that a mixed model
analysis without multiple imputation leads to an
underestimation of the standard error (Kenward
and Carpenter, 2007; Mazumdar et al., 2007),
while Enders on the other hand states that the
imputation phase can use an unnecessarily com-
plex model to deal with the missing data and that
this additional complexity can add a small
amount of noise to the resulting estimations
(Enders, 2010), which leads to an overestimation
of the standard error. Furthermore, Robins and
Wang suggest that the combination rule shown in
Equation 11.1c leads to an overestimation of the
standard error (Robins and Wang, 2000). In their
theoretical paper they suggest an alternative
method to obtain the pooled standard error.

maximum
likelihood
observed imputation
data —
maximum
likelihood
observed
data

However, that alternative method has never been
used in applied (medical) studies.

11.5.3.2 Multiple Imputation in Combination with
Mixed Model Analysis?

Because the comparison of regression coefficients
and standard errors in the example does not give a
straight answer to the question whether or not mul-
tiple imputation should be used in combination with
a mixed model analysis, other arguments must be
used to provide an answer to that question. A mixed
model analysis without multiple imputation is def-
initely less complicated because only one dataset has
to be analysed, while with multiple imputation, mul-
tiple datasets have to be analysed. So, it is computa-
tionally more efficient to perform a mixed model
analysis without multiple imputation than a mixed
model analysis with multiple imputation.

Besides this, with multiple imputation, basic-
ally two maximum likelihood estimations have to
be performed to obtain the final result; one max-
imum likelihood estimation to impute the miss-
ing data and one maximum likelihood estimation
to estimate the regression coefficients. With a
mixed model analysis, only one maximum likeli-
hood estimation has to be performed to obtain
the final result. Because both multiple imputation
and mixed model analysis use the same informa-
tion for the estimations, it is obvious that mixed
model analysis without multiple imputation is
more efficient (see Figure 11.3).

maximum
likelihood
analysis
—p
analysis

Figure 11.3 Mixed model analysis is more efficient than multiple imputation.
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In addition, the results of the example show
that the results obtained from a mixed model
analysis with multiple imputation can be quite
unstable (see also Section 11.5.3.3). So, based on
these arguments, it can be concluded that in gen-
eral it is not necessary to perform multiple imput-
ation before performing a mixed model analysis.

Although in the example, performing multiple
imputation in combination with a mixed model
analysis did not lead to a more valid result, there
are situations in which multiple imputation
potentially holds an advantage (Enders, 2010).
When auxiliary variables (i.e. variables that are
related to the missing data mechanism but not used
in the model to answer the research question) are
measured, they can be included in predicting the
missing data, without being included in the mixed
model analysis, which probably increases the effi-
ciency. Also, in a situation when only covariates are
missing, performing multiple imputation before a
mixed model analysis seems to be better. However,
the latter hardly exists in longitudinal studies,
because in these studies most data to be collected
at a visit is missing for a particular subject.

11.5.3.3 Additional Analyses

Because there is ongoing discussion in the litera-
ture regarding the number of imputations needed
to obtain a stable result, for all multiple imput-
ations performed in the present example, the use
of 50 imputations was evaluated. Table 11.6 shows
the results of these analyses.

Based on the inconsistent patterns in the mag-
nitude of (especially) the standard errors between
some of the analyses with five and 50 imputations
(see Tables 11.5 and 11.6), the (in)stability of the

Table 11.6 The relationship between cholesterol and the
sum of skinfolds, estimated with a linear mixed model
analysis with only a random intercept on datasets with
different missing data mechanisms' with multiple
imputation with 50 imputations

Regression Standard

coefficient error
MCAR 0.183 0.024
MAR_1 0213 0.029
MAR_2 0.168 0.027
MNAR 0.113 0.021

' See Section 11.3.1 for the description of the datasets with
different types of missing data.
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mixed model analyses with multiple imputation
was further investigated. In the additional analyses
to evaluate the relationship between cholesterol
and the sum of skinfolds, all multiple imputations
were repeated 100 times. Figure 11.4 summarises
the (in)stability of the different multiple imput-
ations for both the regression coefficient and the
standard error. Figure 11.5 shows the distribution
of the standard errors of the 100 analyses per-
formed on the MAR_2 dataset. It is clear that
using five imputations lead to very unstable results
in all datasets, but especially for the MAR_2 data-
set. For the latter even the use of 50 imputations is
somewhat unstable.

The (in)stability of multiple imputation is in
contrast with most basic multiple imputation litera-
ture (Rubin, 1987; Kenward and Carpenter, 2007),
which suggests that five imputations should be suf-
ficient to obtain a valid result. However, Graham
recognised that some analyses may require much
more imputations to obtain a valid result (Graham,
2009). Literature with formal recommendations on
how to choose the optimal number of imputations
is scarce. It is sometimes argued that the number of
imputations must be at least equal to the percentage
of missing data. So, when the missing data percent-
age isaround 20%, at least 20 imputed datasets must
be created. Royston and co-workers discuss the
impact of the number of imputations on the
precision of the estimates and suggests ways of
determining the required number of imputations
by evaluating the sampling error of the multiple
imputation estimates (Royston, 2004; Royston
et al,, 2009). In the example it is obvious that five
imputations do not appear to be sufficient to obtain
stable estimates.

11.5.3.4 Dichotomous Variables

In the example discussed before, the imputations
were performed on a continuous variable. The
reason for this is that the method used for mul-
tiple imputation in the present example assumes a
multivariate normal distribution. For dichotom-
ous variables, sophisticated multiple imputation
methods are only available for missing data pat-
terns without intermittent missing data; a situ-
ation which is also known as monotone missing
data. Several authors, however, suggest that for
non-monotone missing data patterns (i.e. longi-
tudinal data with both intermittent missing data
and drop-outs) the same methods can be used as
for continuous variables (Bernaards et al., 2007;


https://doi.org/10.1017/9781009288002.012

Missing Data in Longitudinal Studies

A , -
regression coefficient
0.25 T
0.2 I
| |
0.15
I
0.1 .
0.05
& 3 ° N &
Qw J N/ 7 Qu J
'S e Q i Q> 4 \s e
®0 @C)?“ @?‘ ®§\ @?‘ ??\ @% @é?‘
standard error
0.06 7
0.05
0.04
0.03 I ]
0.02 I
0.01
X 2 N 2 X X
Q\/ 7/ \/ 7 r]// e Q\/ 7/
3 & <& S & Q ¥ &
Y @ov N\ Q@ R\ @Q* @ @g

Figure 11.4 (A) Range in regression coefficients and (B) range in standard errors obtained from 100 mixed model analyses, after
multiple imputation for different types of missing data with either 5 or 50 imputations, analysing the relationship between

cholesterol and the sum of skinfolds.

Demirtas et al., 2008). One major problem for
dichotomous data is the rounding of the imputed
values (Yucel et al., 2008). Although it is not
expected that the conclusions based on logistic
mixed model analyses with and without multiple
imputation would be different from the ones
based on the linear mixed model analyses,
Table 11.7 shows the results of logistic mixed
model analyses on imputed datasets (both LVCF
and multiple imputation) to analyse the relation-
ship between the dichotomous outcome variable
hypercholesterolemia and the sum of skinfolds.
From Table 11.7 it can be seen that multiple
imputation only seems to work well for the
MAR_1 dataset. On the other hand, for the

MAR_2 dataset, LVCF seems to be the most
appropriate. This is rather surprising because it is
generally accepted that multiple imputation is
better than any single imputation method. The fact
that the standard errors of the effect estimates are
not lower than the ones obtained from the logistic
mixed model analyses on either the dataset with
missing values or the multiple imputed datasets is
rather strange. Due to the artificial increase in the
number of observations, it was expected that the
standard errors would be comparable to the one
obtained from the complete dataset.

It should be realised, however, that the com-
parison is based on only one dataset with very
typical missing data mechanisms and that the
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Figure 11.5 Distribution of the standard errors obtained from 100 mixed model analyses after multiple imputation analysing the
relationship between cholesterol and the sum of skinfolds, performed on the MAR_2 dataset with either (A) five or (B)

50 imputations.

results of a logistic mixed model analysis should
be interpreted with caution (see Chapter 7).

11.5.4 Comments

The present example shows that mixed model ana-
lyses with or without multiple imputation do not
lead to valid results when performed on a MNAR
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dataset. Both methods behave equally unsatisfac-
torily when the results are compared with the
result of the analysis on the complete dataset with-
out missing data. This is as expected because both
multiple imputation and mixed model analysis use
the observed data for the estimations. Because of
that, for both mixed model analysis and multiple
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Table 11.7 The relationship between
hypercholesterolemia and the sum of skinfolds estimated
with a logistic mixed model analysis with only a random
intercept with and without imputation on datasets with
different missing data mechanisms'

Regression Standard
coefficient error
Complete dataset 0.560 0.106
MCAR
Without imputing 0.602 0.121
LVCF 0.597 0.120
Multiple imputation® 0478 0.103
MAR_1
Without imputing 0.663 0.127
LVCF 0.695 0.129
Multiple imputation®  0.546 0.113
MAR_2
Without imputing 0442 0.122
LVCF 0.586 0.137
Multiple imputation®  0.367 0.132
MNAR
Without imputing 0.114 0.122
LVCF 0.115 0.135
Multiple imputation?  0.160 0.124

! See Section 11.3.1 for the description of the datasets with
different types of missing data.
2 For multiple imputation, five imputations were used.

imputation, the assumption is that the methods are
only valid when the missing data is either MAR of
MCAR (Hogan et al., 2004; Kristman et al., 2005;
Kenward and Carpenter, 2007). A big problem,
however, is that in real-life data it is not possible
to evaluate whether missing data is MAR or
MNAR (Potthoff et al., 2006; Kenward and
Carpenter, 2007; Enders, 2010), which means that
it is never known whether the results obtained
from the mixed model analysis (either with or
without multiple imputation) provides a valid
result. Furthermore, in real-life data, missing data

is never totally MCAR, MAR or MNAR. Some
missing observations will be totally random, while
other missing observations will depend on either
observed data or unobserved data. Surprisingly,
even in the MCAR datasets, the results of the
mixed model analyses were different from the
results obtained from the complete dataset without
missing data. This is probably to do with the fact
that only one MCAR dataset was created, which
makes it possible that the created MCAR dataset
was not completely MCAR (Burton et al., 2006).

11.6 Alternative Methods

Although in the literature most researchers use a
mixed model analysis with or without multiple
imputation, there are some alternative methods
available to deal with missing data in longitudinal
studies. These alternative methods include selec-
tion models and pattern mixture models (Little,
1993, 1994; Demirtas and Schafer, 2003; Yang and
Shoptaw, 2008). Both are frequently used in
econometrics and are supposed to provide valid
results even on MNAR datasets. The general idea
of a selection model is that the analysis is split into
two parts. The first part is the regression analysis
of interest and the second part is a regression
analysis that predicts the response probabilities.
Within a pattern mixture model, first, subgroups
of subjects with the same missing data pattern are
created. In the next step, the regression coeffi-
cients are estimated within the different sub-
groups. In the last step, the subgroup specific
coefficients are combined to get one regression
coefficient that accounts for missing data being
MNAR. Although both methods have some
potential in adequately dealing with missing
values, they also have some disadvantages (i.e.
computational complexity and their reliance on
knowledge about the missing data mechanism)
and are therefore not used extensively in real-life
medical studies.

In the literature, some other alternative
methods are also suggested (e.g. Fitzmaurice et al.,
1994; Greenland and Finkle, 1995; Little, 1995;
Hogan and Laird, 1997; Shis and Quan, 1997;
Molenberghs et al., 1998; Kenward, 1998; Haan
et al, 1999; Kenward and Molenberghs, 1999;
Chen et al, 2000; Verbeke and Molenberghs,
2000; Sun and Song, 2001), but unfortunately most
of them are very technical and difficult to under-
stand for non-statisticians.
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Figure 11.6 Simple longitudinal dataset used to illustrate the difference between GEE analysis and mixed model analysis regarding
the analysis of a dataset with missing data; (A) complete dataset and (B) dataset with missing data.

11.7 GEE Analysis or Mixed Model
Analysis for the Analysis of Datasets
with Missing Data?

In the literature there is some discussion about the
use of GEE analysis in datasets with missing data.
It has already been mentioned that it is argued that
GEE analysis only provides a valid result when
missing data is MCAR. Mixed model analysis on
the other hand provides a valid result when miss-
ing data is MAR. However, from Table 11.4 it
could be seen that the results of a GEE analysis
on datasets with missing values were comparable
to the results of a mixed model analysis even when
missing data is MAR or MNAR. To explore the
difference between GEE analysis and mixed model
analysis on datasets with missing data a bit further,
a very simple example dataset will be used, in
which 20 subjects were measured 10 times. Half
of the subjects show an increase of one unit per
time-interval, while the other half show an increase
of two units per time-interval (see Figure 11.6A).
When this data is analysed by either GEE analysis
or mixed model analysis, both will give the same
regression coefficient of 1.5. Figure 11.6B shows a
situation in which there is missing data. From the
subjects with an increase of two units per time-
interval, half of them dropped out after the fifth
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measurement. When this data is analysed with a
GEE analysis, the regression coefficient will be
1.357. A mixed model analysis with only a random
intercept will also give a regression coefficient of
1.357. However, when a random slope is added to
the mixed model analysis, the regression coeffi-
cient returned to 1.5. So, in general, only if the
missing values can be predicted perfectly by
observed data (when the missing values are per-
fectly MAR), and only when a mixed model analy-
sis is performed with a correctly specified model
(i.e. including random slopes and the appropriate
covariances between the random intercept and
slopes) a mixed model analysis will provide a valid
result whereas GEE analysis will provide an invalid
result. However, when missing values are not per-
fectly MAR, GEE analysis and mixed model analy-
sis will both provide (comparable) invalid results.

11.8 Conclusions

For continuous outcome variables, the use of
imputation methods is recommended when GLM
for repeated measures is used to analyse a longitu-
dinal dataset with missing data. When mixed
model analysis is used to analyse a longitudinal
dataset with missing data, no imputations at all
may be better than applying any of the imputation
methods. If a decision is made to impute missing
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values, longitudinal methods are generally pre-  describe as well as possible the missing data
ferred above cross-sectional methods and multiple =~ mechanisms in the study dataset, because this
imputation is preferred above single imputation. can have important implications for the interpret-

Beyond the question of whether or not to  ation of the results of the statistical analysis
use imputations, it is of utmost importance to  performed.
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12.1 Introduction

Before performing a longitudinal (intervention)
study, it is necessary to calculate the number of
subjects needed to ensure that a certain predefined
effect will be statistically significant. Sample size
calculations are also a prerequisite for research
grants and are used by (medical) ethical committees
in their evaluation of study design protocols.
Besides this, sample size calculations are part of
the CONSORT statement, meaning that without a
sample size calculation, a paper reporting the result
of an intervention study will not be published.
The importance of sample size calculations is basic-
ally a very strange phenomenon. First of all, sample
size calculations are based on many assumptions
which can easily be changed, in which case the
calculated number of subjects will be totally differ-
ent. Secondly, sample size calculations are related to
the importance of significance levels (how many
subjects are needed to make a certain effect signifi-
cant?) and that is strange because in medical research
the importance of significance testing is becoming
more and more questionable. Nevertheless, there is a
large amount of literature discussing sample size
calculations for longitudinal studies (e.g. Lui and
Cumberland, 1992; Snijders and Bosker, 1993; Lee
and Durbin, 1994; Lipsitz and Fitzmaurice, 1994;
Liu and Liang, 1997; Hedeker et al., 1999; Basagafa
and Spiegelman, 2010; Guo et al., 2013; Guo and
Pandis, 2015).

In general, the sample size calculations used
for a longitudinal intervention study are the same
as for standard intervention studies. It should be
noted that the standard sample size calculations
are developed for intervention studies with one
follow-up measurement. In fact, with the standard
sample size calculations, the difference in a certain
outcome variable between several groups at the
first follow-up measurement is used as an effect
size. This assumes that the baseline values for the
groups to be compared are equal, which seems to
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be a reasonable assumption in a randomised trial,
but which is not always true (see Chapter 10).
Equation 12.1 shows how the sample size can be
calculated in an intervention study with one
follow-up measurement for a continuous out-
come varijable.

2
(Z(l—%) +Z(1_ﬁ)) X 0% X 2

N= 5

(12.1)

where N is the sample size in either the
intervention or control group, Z(p%) is the

(1 — a4) percentile point of the standard normal
distribution, Z,_p, is the (1 — ) percentile point
of the standard normal distribution, o is the
standard deviation of the outcome variable and v
is the difference in mean value of the outcome
varjable between the groups.

For dichotomous outcome variables, a com-
parable equation can be used (Equation 12.2).

(Z(lf%) + Z<17ﬁ))2 xp(1—p) x2

N = 2
(1_P0)

(12.2a)

P = @ (12.2b)

where N is the sample size in either the interven-
tion or control group, Z(l,%) is the (1 —a4)

percentile point of the standard normal distribu-
tion, Z(;_p) is the (1 — f)percentile point of the
standard normal distribution, p is the weighted
average of p, and p,, p, is the proportion of cases
in the intervention group, and p, is the propor-
tion of cases in the control group.

In the standard sample size calculations, it is
assumed that the number of subjects in the inter-
vention group is equal to the number of subjects
in the control group. Although an equal number
of subjects in both groups is the most efficient
way to divide the population under study into two
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groups, it is also possible to have unequal
numbers in both groups. When that is the case,
the number 2 in the numerator of the standard
sample size calculation equation must be replaced
by r + 1, where r is the ratio in the number of
subjects in the two groups. Furthermore, r should
be multiplied by the effect size (either v* or
(p, — po)") in the denominator of the standard
sample size equation.

When more than one follow-up measurement
is carried out, and the purpose of the study is to
estimate the effect of the intervention on average
over the total follow-up period, Equation 12.3 can
be applied.

(Z(l_%) —&-Z(l,l;))z X 0% X2 % [14+(T—1)xp]

v2Ex T

N=
(12.3)

where N is the sample size in either the interven-
tion or control group, Z (1-a3) is the (1 — o) per-

centile point of the standard normal distribution,
Z(1_p) is the (1 — B) percentile point of the stand-
ard normal distribution, ¢ is the standard devi-
ation of the outcome variable, T is the number of
follow-up measurements, p is the (average) correl-
ation coefficient between the repeated measure-
ments, and v is the difference in mean value of
the outcome variable between the groups.

To illustrate how many subjects are needed to
make a certain difference between groups statis-
tically significant, Equation 12.3 is applied to sev-
eral research situations with different effect sizes,
different correlation coefficients between the
repeated measurements and either two or three
follow-up measurements (see Table 12.1).

For sample size calculations in longitudinal
intervention studies with a dichotomous outcome
variable, Equation 12.4 can be applied.

(Z(lf%) +Z<1—ﬁ>)2 Xp(1=p) x2x [14(T=1) xp]

N= 2
(Pl *Po) xT

(12.4)

where N is the sample size in either the interven-
tion or control group, Z(l_%) is the (1 —ay4)
percentile point of the standard normal distribu-
tion, Z(;_p) is the (1 — f3) percentile point of the
standard normal distribution, p is the weighted
average of p, and p, (Equation 12.2b), T is the

Table 12.1 Sample sizes needed to make a certain
difference in a continuous outcome variable
statistically significant on a 5% level with a power of
80%; studies with different expected differences and
different (average) correlation coefficients (p) between
the repeated measurements

Expected difference (in standard
deviation units)

0.1 0.2 0.5 1

Two follow-up measurements

p=0 785 196 31 8
p =025 981 245 39 10
p=0.5 1178 294 47 12
p=0.75 1374 343 55 14
Three follow-up measurements

p=0 523 130 21 5
p=0.25 785 196 31 8
p=05 1047 262 42 10
p=0.75 1308 327 52 13

number of follow-up measurements, p is the
(average) correlation coefficient between the
repeated measurements, p, is the proportion of
cases in the intervention group, and p, is the
proportion of cases in the control group.

Based on Equation 12.4, a sample size table for
the same research situations with a dichotomous
outcome variable can also be constructed (see
Table 12.2).

All sample size equations presented in this
section can be used to estimate the sample size
needed for a particular intervention study or to
calculate the power of that particular study. Here
again it should be noted that for the calculation of
sample sizes or power, several unknown values
have to be filled in, i.e. the expected (relevant)
difference between the groups, the standard
deviation of the outcome variable of interest,
and the (average) correlation coefficient between
the repeated measurements. Furthermore, in the
equations, a specific significance level (usually
5%) is essential, and as has been mentioned
before, the importance of significance testing is
becoming more and more questionable. Caution
is therefore strongly advised in the use of sample
size calculations.
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Table 12.2 Sample sizes needed to make a certain
difference in a dichotomous outcome variable statistically
significant on a 5% level with a power of 80%; studies with
different expected differences and different (average)
correlation coefficients (p) between the

repeated measurements

Expected proportion of intervention
group’

0.4 0.3 0.2

Two follow-up measurements

p=0 194 47 20
p=025 243 59 25
p=05 291 71 30
p=0.75 340 82 35
Three follow-up measurements

p=0 130 31 13
p=025 194 47 20
p=05 259 59 26
p=075 324 78 33

" The expected proportion in the reference category is
assumed to be 0.5.

12.2 Example

The way a required sample size is calculated in a
longitudinal intervention study will be illustrated
for the two examples, which were explained in
detail in Chapter 10. The first example was a ran-
domise controlled trial (RCT) with two follow-up
measurements aiming to reduce systolic blood
pressure (see Section 10.2.2).

Table 12.3 shows the information that is
needed to perform a sample size calculation
for the longitudinal intervention study with a
continuous outcome variable, i.e. systolic blood
pressure.

The first step in the sample size calculation is
to apply the standard sample size calculation for-
mula (see Equation 12.1)

7.85 x 14> x 2
M=% -

So, with 123 subjects, a difference of 5 mmHg will
be statistically significant with a significance level
of 0.05 and a power of 80%, assuming a standard
deviation of 14 mmHg. When this number is
calculated, it is common practice to take into

123
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Table 12.3 Information needed for the sample size
calculation of the RCT regarding decrease in systolic blood
pressure

Number of follow-up measurements 2

Average difference to be detected 5 mmHg
Assumed standard deviation 14 mmHg
Assumed correlation between 06
repeated measures

power 80%
Significance 0.05

Ratio of the number of observationsin 1
the groups to be compared

account the fact that some of the subjects will
drop out during the study and because of that,
the required sample size is slightly increased. In
this case, the sample size per group can be
increased to 135 subjects, assuming a drop-out
percentage of around 10%.

In the next step, it must be taken into account
that there are two follow-up measurements and
that there is an assumed correlation of 0.6
between the two follow-up measurements (see
Table 10.1). To do that, Equation 12.3 can be
applied to obtain the multiplication factor.

1+(2-1)x0.6
2
0.8 x 135 = 108

=0.8

So, taken into account the fact that there are two
follow-up measurements with a correlation of 0.6,
the number of subjects needed in this RCT
reduces to 108 subjects per group.

A similar sample size calculation can be per-
formed for the example with a dichotomous out-
come variable, i.e. recovery from lower back pain
(see Section 10.3.1). Table 12.4 shows the infor-
mation that is needed to perform a sample size
calculation for this RCT.

The first step in the sample size calculation is
to apply the standard sample size calculation for-
mula (see Equation 12.2).

7.85 x 0.585 x 0.415 x 2
N, = >
0.13

= 226

So, with 226 subjects a difference of 13% in recov-
ery between the two groups will be statistically
significant with a significance level of 0.05 and a
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Table 12.4 Information needed for the sample size
calculation of the RCT regarding recovery from lower
back pain

Number of follow-up measurements 3
Proportion recovered in usual care group 52%
Expected proportion recovered in treatment  65%
group

Assumed (average) correlation between 04
repeated measures

power 80%
Significance 0.05

Ratio of the number of observations in the 1
groups to be compared

power of 80%, assuming a recovery percentage of
52% in the usual care group. Assuming a drop out
percentage of around 10%, around 250 patients
are needed for each group.

In the next step, it must be taken into account
that there are three follow-up measurements and
that there is an (average) assumed correlation of

0.4 between the three follow-up measurements.
To do that, Equation 12.4 can be applied to obtain
the multiplication factor.

14+ (3—-1) x0.4]
3
0.6 x 250 = 150

=0.6

So, taken into account the fact that there are three
follow-up measurements with an (average) correl-
ation of 0.4 between the repeated measurements,
the number of subjects needed in this RCT
reduces to 150 subjects per group.

12.3 Comment

It should be realised that the sample size calcula-
tions performed in this way use the difference
between the groups on average over time as effect
estimate. When the differences between the
groups at the different time-points are used as
effect estimates, the multiplication factor cannot
be used. In that case, the standard sample size
calculation formula must be used.
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13.1 Introduction

In the previous chapters, many methods for the
analysis of longitudinal data have been discussed.
In the examples, the generalised linear model (GLM)
for repeated measures was performed with SPSS,
while the regression-based methods were performed
with STATA. This chapter provides an overview of a
few major software packages (i.e. SPSS, SAS and R)
and their ability to perform regression-based longi-
tudinal data analysis. In this chapter, only general-
ised estimating equation (GEE) analysis and mixed
model analysis will be discussed in detail. GLM for
repeated measurements can be performed with all
major software packages, and can usually be found
under the repeated measures option of the GLM or
as an extension of the (M)ANOVA procedure. The
emphasis of this overview lies on the output and
syntax of the regression-based longitudinal data
analysis in the different software packages, and on
the comparison of the results obtained with the
different packages. In this overview, only the
analyses used to evaluate the relationship between
cholesterol and the sum of skinfolds and the
relationships between hypercholesterolemia and
the sum of skinfolds will be discussed. Because
STATA was used in the examples throughout
this book, the STATA outputs will not be repeated
here.

13.2 GEE Analysis with a Continuous
Outcome Variable

13.2.1 STATA

The syntax needed to perform a linear GEE analy-
sis is very simple:
i(id)

xtgee chol skinf, corr (exch)

robust

First the STATA procedure is specified (i.e.
xtgee), directly followed by the outcome variable
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and the covariates. After the comma, additional
information is supplied, i.e. the subject identifier
(id) and the working correlation structure (exch).
Because an exchangeable correlation structure is
the default in STATA, the syntax will also run
without this additional information. It should be
noted that in STATA, the default procedure for
the estimation of the standard errors is so-called
model based. This is rather strange, because it is
generally accepted that a robust estimation of the
standard error is preferred; see Section 3.4.3 for
details of the robust estimation of the standard
error within GEE analysis.

13.2.2 SAS

In SAS, the genmod procedure can be used to
perform a GEE analysis. Output 13.1 shows part
of the output of a linear GEE analysis performed
with the genmod procedure.

From Output 13.1 it can first be seen that a
linear GEE analysis has been performed (ie. a
normal distribution and an identity link function).
Furthermore, it can be seen that an exchangeable
correlation structure is used and that the value of the
(exchangeable) correlation is equal to 0.515210383.
At the end of the output, the parameter estimates
are given, i.e. the regression coefficients, the stand-
ard errors, the 95% confidence intervals around
the regression coefficients, the z-values and the cor-
responding p-values.

The syntax needed to perform a linear GEE
analysis in SAS is slightly more complicated than
the syntax for STATA:

proc genmod data=chol long;
class id;

model chol = skinf;

repeated subject=id/type=exch;
run;

Each SAS procedure starts with the procedure
specification (proc genmod) and ends with a run
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Output 13.1 Results of a linear GEE analysis performed in SAS
The GENMOD Procedure

Model information

Data set chol long
Distribution Normal
Link function Identity
Dependent variable Chol cholesterol
Number of observations read 882
Number of observations used 882
GEE model information
Correlation structure Exchangeable

Subject effect

Number of clusters
Correlation matrix dimension
Maximum cluster size

Minimum cluster size

id (147 levels)
147

6

6

6

Exchangeable working correlation

Correlation 0.515210383
Analysis of GEE parameter estimates
Empirical standard error estimates
Parameter Estimate Standard 95% Confidence limits 4 Pr> |Z]|
error
Intercept 3.7993 0.0904 3.6221 3.9765 42.02 <.0001
skinf 0.1871 0.0201 0.1478 0.2265 9.31 <.0001

statement. The class statement in SAS is needed to
indicate that the subject identifier is a categorical
variable (class id). In the third line of the syntax
the model to be analysed is specified (model chol
= skinf), and in the fourth line the fact that the
subjects are repeatedly measured (repeated sub-
ject=id), and that the correlation structure is
exchangeable (type=exch).

1323 R

R is a very popular software programme that can
be downloaded for free from the Internet. R is
developed from the commercial statistical software
package S-plus and it uses the same programming
environment (Venables and Ripley, 2000, 2002;
Dalgaard, 2002; Fox, 2002; Maindonald and

221

https://doi.org/10.1017/9781009288002.014 Published online by Cambridge University Press


https://doi.org/10.1017/9781009288002.014

Applied Longitudinal Data Analysis for Medical Science

Output 13.2 Results of a linear GEE analysis performed in R

Coefficients:

Estimate Std.err
3.79931
0.18712

(Intercept)
skinf

Signif. codes:

Correlation structure = exchangeable

Estimated Scale Parameters:

Estimate Std.err
(Intercept) 0.5693 0.0397
Link = identity

Estimated Correlation Parameters:
Estimate Std.err

alpha 0.51590.03779

Number of clusters:

Braun, 2003). Besides the fact that it is free, it is also
recognised for its flexibility and excellent graphical
features. Output 13.2 shows the output of a linear
GEE analysis performed in R.

In the output of a linear GEE analysis per-
formed in R, first the regression coefficients and
the (robust) standard errors are given. Besides
that, also the Wald statistics and the correspond-
ing p-values are given. It should be noted that the
Wald statistic is equal to the z-statistic squared
and because the Chi-square distribution with one
degree of freedom (which is used in the Wald-
test) is equal to the standard normal distribution
squared, the corresponding p-values are the same.
Below the coefficients, the scale parameter is
given (0.5693) and the magnitude of the correl-
ation of the exchangeable working correlation
matrix (0.5159). The syntax needed to perform a
linear GEE analysis in R is as follows:

result <- geeglm(chol ~ skinf,
id=id, data=chol long, family=
gaussian, corstr="exchangeable")

R is an object-oriented programme, which means
that the result of the analysis must be linked to an
object. The object for the analysis is named result
and from the syntax it can be seen that this object is
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Wald Pr(>|W]|)
0.09043 1764.98 <2e-16***
0.02010 86.69 <2e-16***

© Wi @001 Y%7 @.01 Y7 0,05 V.7 0.1 7 1

147 Maximum cluster size: 6

linked to the result of the GEE analysis. The other
part of the syntax is straightforward and is com-
parable to the syntax used in STATA; i.e. after the
GEE procedure specification, the outcome variable
and the covariates are given. After the comma,
additional information has to be specified, i.e. the
subject identifier (id=id), the dataset used (data=-
chol_long), the distribution of the outcome vari-
able (family= gaussian), and the correlation
structure (corstr="“exchangeable”).

13.2.4 SPSS

Output 13.3 shows part of the output of a linear
GEE analysis performed in SPSS.

The output of a linear GEE analysis performed
in SPSS gives the same information as the outputs
from the other software packages. First, some gen-
eral model information is provided, i.e. the number
of subjects, the minimum and maximum number
of observations within the subject, the link func-
tion, the family (here the Probability Distribution)
and the correlation structure that is used. The last
part of the output contains the regression coefti-
cients, the standard errors, the 95% confidence
intervals and the results of the Wald-test for the
regression coefficients. Although one of the best
parts of SPSS is the fact that the programme is fully
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Output 13.3 Results of a linear GEE analysis performed in SPSS

Model information

Dependent variable
Probability distribution
Link function

Subject effect

Working correlation matrix structure

Cholesterol
Normal
Identity

id number

Correlated data summary

Number of levels
Number of subjects

Number of measurements per subject

Correlation matrix dimension

Exchangeable
Subject effect id number
147
Minimum 6
Maximum 6
6

Parameter estimates

Parameter B Std. 95% Wald Hypothesis test
Error confidence
interval
Lower Upper Wald Chi- df Sig.
Square

(Intercept) 3.799 .0904 3.622 3.976 1765.700 1 .000
Sumof skinfolds .187 .0201 .148 .227 86.757 1 .000
(Scale) .571

Dependent variable: cholesterol
Model: (Intercept), sum of skinfolds

menu driven, it is also possible to use syntax to
perform a GEE analysis. The following syntax was
used to obtain the results presented in Output 13.3.

GENLIN chol WITH skinf

/MODEL skinf INTERCEPT=YES
DISTRIBUTION=NORMAL LINK=IDENTITY

/CRITERIA SCALE=MLE PCONVERGE=1E-
006 (ABSOLUTE) SINGULAR=1E-012
ANALYSISTYPE=3 (WALD) CILEVEL=95
LIKELIHOOD=FULL

/REPEATED SUBJECT=id SORT=YES
CORRTYPE=EXCHANGEABLE
ADJUSTCORR=YES COVB=ROBUST
MAXITERATIONS=100 PCONVERGE=1e-006

(ABSOLUTE) UPDATECORR=1
/MISSING CLASSMISSING=EXCLUDE
/PRINT CPS DESCRIPTIVES MODELINFO
FIT SUMMARY SOLUTION.

13.2.5 Overview

Table 13.1 summarises the results of linear GEE
analyses with an exchangeable correlation struc-
ture performed in different software packages.

From Table 13.1 it can be seen that the results
of linear GEE analyses with an exchangeable cor-
relation structure are exactly the same for all four
software packages.
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Table 13.1 Summary of the results for the relationship
between cholesterol and sum of skinfolds derived from
linear GEE analyses with an exchangeable correlation
structure performed in different software packages

Package Regression coefficient (se)
STATA 0.187 (0.020)
SPSS 0.187 (0.020)
SAS 0.187 (0.020)
R 0.187 (0.020)

13.3 GEE Analysis with a
Dichotomous Outcome Variable

13.3.1 STATA

The syntax needed to perform a logistic GEE
analysis in STATA is comparable to that needed
to perform a linear GEE analysis, except for the
part of the additional information where it is
indicated that a logistic GEE analysis is performed
(i.e. fam(bin) link(logit)):

xtgee hyperchol skinf, i (id) fam(bin)
link (logit) corr (exch) robust

Again, the standard errors are, by default, esti-
mated by the model-based method. This can be
changed by adding robust to the syntax (see
Section 3.4.3).

13.3.2 SAS

Output 13.4 shows part of the output of a logistic
GEE analysis with an exchangeable correlation
structure performed in SAS. It is obvious that
the output of a logistic GEE analysis is compar-
able to the output of a linear GEE analysis. The
difference is the information in the first part of
the output, where it is mentioned that a logit link
is used with a binomial distribution, ie. that a
logistic GEE analysis is performed.

The syntax needed to perform a logistic GEE
analysis in SAS is comparable to that discussed for
the linear GEE analysis. The only difference is
found in the third line, where it has to be specified
that the outcome variable is dichotomous (link=-
logit and dist=binomial):
proc genmod data=chol long;
class id;
model hyperchol = skinf /link=logit
dist=binomial;
repeated subject=id/type=exch;
run;
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Output 13.5 shows the output of a logistic GEE
analysis with an exchangeable correlation structure
performed in R. As for STATA and SAS, the output
of a logistic GEE analysis performed in R is com-
parable to that discussed for a linear GEE analysis.
The syntax needed to obtain a logistic GEE analy-
sis is also fairly straightforward. The difference with
the syntax needed to perform a linear GEE analysis is
found in the family definition (family = binomial).

result <- gee(formula = hyperchol ~
skinf, id =1id, data =chol long,
family =binomial, corstr =
“exchangeable”)

13.3.4 SPSS

Output 13.6 shows part of the output of a logistic
GEE analysis performed in SPSS.

As for all the other software packages, the
output of a logistic GEE analysis is comparable
to the output of a linear GEE analysis. The syntax
to obtain this result is also comparable to the
syntax used to perform a linear GEE analysis.
The difference is found in the third line where
the distribution (BINOMIAL) and the link func-
tion (LOGIT) are defined.

GENLIN hyperchol
WITH skinf
/MODEL skinf INTERCEPT=YES
DISTRIBUTION=BINOMIAL LINK=LOGIT
/CRITERIA METHOD=FISHER (1) SCALE=1
MAXITERATIONS=100 MAXSTEPHALVING=5
PCONVERGE=1E-006 (ABSOLUTE)
SINGULAR=1E-012 ANALYSISTYPE=3
(WALD) CILEVEL=95 LIKELIHOOD=FULL
/REPEATED SUBJECT=id SORT=YES
CORRTYPE=EXCHANGEABLE
ADJUSTCORR=YES COVB=ROBUST
MAXITERATIONS=100 PCONVERGE=1e-006
(ABSOLUTE) UPDATECORR=1
/MISSING CLASSMISSING=EXCLUDE
/PRINT CPS DESCRIPTIVES MODELINFO
FIT SUMMARY SOLUTION.

(REFERENCE=FIRST)

13.3.5 Overview

Table 13.2 summarises the results of logistic GEE
analyses with an exchangeable correlation struc-
ture performed in different software packages. As
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Output 13.4 Results of a logistic GEE analysis performed in SAS
The GENMOD Procedure

Model information

Data set chol long
Distribution Binomial
Link function Logit
Dependent variable hyperchol

Number of observations read 882
Number of observations used 882
Number of events 587
Number of trials 882

GEE model information
Correlation structure
Subject effect
Number of clusters
Correlation matrix dimension
Maximum cluster size

Minimum cluster size

Exchangeable working correlation

Correlation
Analysis Of GEE parameter estimates
Empirical standard error estimates
Parameter Estimate Standard 95% confidence limits
error
Intercept 1.7777 0.2680 1.2525 2.3029
skinf —0.2791 0.0539 —0.3848 —0.1734
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Hypercholesterolemia

Exchangeable

id (147 levels)

147
6
6

0.4921003861

6.63
=5,17

Pr> |2Z]|

<.0001
<.0001
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Output 13.5 Results of a logistic GEE analysis performed in R

Coefficients:

Estimate Std.err Wald Pr(>|W|)
(Intercept) -1.7773 0.2680 44 .0 3. Se A
skinf 0.2790 0.0539 26.8 2.3e-07 ***
Signif. codes: 0 “***’ (0.001 “**’” 0.01 “*/ 0.05'.” 0.1 " 1

Correlation structure = exchangeable
Estimated Scale Parameters:

Std.err
0.0563

Estimate
(Intercept) 0.964
Link = identity

Estimated Correlation Parameters:
Estimate Std.err
alpha 0.493 0.0503
Number of clusters: 147 Maximum cluster size: 6

was the case for the linear GEE analyses, the results
obtained from the logistic GEE analyses in differ-
ent software packages are exactly the same.

mixed chol skinf || id:

The first part of the syntax is the same for all
STATA procedures. First the procedure is spe-
cified (i.e. mixed) and then the outcome vari-
able and the covariates are given. Normally,
after the variables a comma is given for some
additional information. In the mixed proced-
ure, however, first || id: is given in order to
define the cluster variable. In a longitudinal
study, the cluster variable is the variable indi-
cating the subject. In the example dataset used
throughout the book this identifier is the vari-
able id. After the definition of the cluster vari-
able, a comma can be given after which some
additional information can be provided. In the
syntax above there is no additional information
needed. The following syntax can be used to
perform a linear mixed model analysis with a
random intercept and a random slope for the
sum of skinfolds.

13.4 Mixed Model Analysis with a
Continuous Outcome Variable

13.4.1 Introduction

In Section 3.3.5 it was argued that there is some
debate about the use of maximum likelihood or
restricted maximum likelihood for the estimation
of the regression coefficients in a linear mixed
model analysis. It was also argued that the default
estimation method in STATA is maximum likeli-
hood and therefore, the linear mixed model ana-
lyses used throughout the book were performed
with maximum likelihood. However, in the other
software packages used in this chapter, restricted
maximum likelihood is the default estimation
method. To obtain better comparisons between
the results of the different software packages, the

linear mixed model analyses will all be performed . 4 ;7 skinf id:

skinf , cov

with maximum likelihood.

13.4.2 STATA

The syntax used for a linear mixed model analysis
with only a random intercept is slightly different
from the syntax used for the GEE analysis.

226

(unstruct)

The additional statement cov(unstruct) is neces-
sary to obtain, besides the random intercept and
the random slope for the sum of skinfolds, the
covariance between the two (see Section 3.3.3).
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Output 13.6 Results of a logistic GEE analysis performed in SPSS

Model information

Dependent variable
Probability distribution

Link function

Hypercholesterolemia®
Binomial

Logit

Subject effect 1 id number
Working correlation matrix structure Exchangeable
a. The procedure models 1 as the response, treating 0 as the reference category.
Correlated data summary

Number of levels Subject Effect id number 147
Number of subjects 147
Number of measurements per subject Minimum 6

Maximum 6
Correlation matrix dimension 6

Parameter estimates

Parameter B Std. Error 95% Wald confidence Hypothesis test
interval
Lower Upper Wald Chi- df Sig.
square
(Intercept) 1.778 .2680 1.253 2.303 44,014 1 .000
Sum of skinfolds .279 .0539 .385 .173 26.781 1 .000

(Scale) 1

Dependent variable: hypercholesterolemia.
Model: (Intercept), sum of skinfolds.

Table 13.2 Summary of the results for the relationship
between hypercholesterolemia derived from logistic GEE
analyses with an exchangeable correlation structure
performed in different software packages

Package Regression coefficient (se)
STATA 0.279 (0.054)
SPSS 0.279 (0.054)
SAS 0.279 (0.054)
R 0.279 (0.054)

13.4.3 SAS

In SAS, the MIXED procedure can be used to
perform a linear mixed model analysis. Output
13.7 shows part of the output of a linear mixed
model analysis with only a random intercept per-
formed in SAS.

In Output 13.7, it is first shown that the esti-
mation method is maximum likelihood (ML).
The next part of the output, which is of interest, is
where the covariance parameter estimates are pre-
sented. The variance of the random intercept is
equal to 0.2937, and the residual variance is equal
to 0.2756.

In addition to the variance parameters, some
model fit indicators are also provided. The —2 log
likelihood, Akaike’s Information Criterion (AIC),
Hurvich and Tsai’s Criterion (AICC) and Schwarz’s
Bayesian Information Criterion (BIC) are pre-
sented. AIC, AICC and BIC can be seen as adjusted
values of the —2 log likelihood, i.e. adjusted for the
number of parameters estimated by the particular
model (Akaike, 1974; Schwarz, 1978; Hurvich and
Tsai, 1989).
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Output 13.7 Results of a linear mixed model analysis with only a random intercept performed in SAS

The Mixed Procedure

Model information

Data set chol long

Dependent variable chol

Covariance structure Variance components

Subject effect id

Estimation method ML

Residual variance method Profile

Fixed effects SE method Model-based

Degrees of freedom method Containment
Dimensions

Covariance parameters
Columns in X

Columns in Z per subject
Subjects

Maximum observations per subject

Number of observations
Number of observations read

Number of observations used

Covariance parameter estimates

Covariance parameter Subject
Intercept id
Residual

Fit statistics
—2 log likelihood
AIC (smaller is better)
AICC (smaller is better)

BIC (smaller is better)

Solution for fixed effects

Effect Estimate Standard DF t Value
error

Intercept 3.7993 0.08387 146 45.30

skinf 0.1871 0.01836 734 10.19
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882
882

Estimate
0.2937
0.2756

1660.
1668.
1668.

w DD

1680.

Pr> |t|

<.0001
<.0001
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The last part of the output shows the estimates
of the regression coefficients, the standard errors,
the degrees of freedom, the t-values and the cor-
responding p-values. It should be noted that in
SAS the t-distribution is used instead of the stand-
ard normal distribution (z-distribution), which is
used in STATA. Using the t-distribution instead
of the z-distribution leads to slightly higher
p-values, especially when the number of observa-
tions is low. However, when the number of obser-
vations is high, the ¢-distribution is almost equal
to the z-distribution.

The following syntax can be used to perform a
mixed model analysis with only a random inter-
cept in SAS.

proc
od=ml;
class id;

model chol = skinf/s;
random int/ subject=1id;
run;

mixed data=chol long meth-

The syntax looks similar to that needed to per-
form a linear GEE analysis. The difference is
firstly that the repeated statement is replaced by
the random statement, which is necessary in order
to identify the random part of the mixed model.
Secondly, there is no specification of the correl-
ation structure needed. Finally, it has to be men-
tioned that maximum likelihood has to be used
(method=ML). This has to be done because the
default estimation method in SAS is restricted
maximum likelihood (see Section 13.4.1).

Output 13.8 shows part of the output of a
linear mixed model analysis with both a random
intercept and a random slope for the sum of
skinfolds. The most important difference between
Output 13.7 and Output 13.8 is the number of
covariance parameters that are estimated. In the
analysis with both a random intercept and a
random slope, three covariance parameters are
estimated: (1) UN(1,1) which is an estimate of
the variance of the random intercept, (2) UN
(2,2) which is an estimate of the variance of the
random slope for the sum of skinfolds, and (3)
UN(2,1) which is an estimate of the covariance
between the random intercept and the random
slope. The value of the —2 log likelihood can be
used to evaluate the necessity of adding a random
slope for the sum of skinfolds to the model by
performing the likelihood ration test.

The following syntax can be used to perform a
linear mixed model analysis with both a random
intercept and a random slope for the sum of
skinfolds in SAS.

proc
od=ml;
class id;
model chol = skinf/s;
random int skinf/
typ3=un;

run;

mixed data=chol long meth-

subject=id

1344 R

Output 13.9 shows the output of a linear mixed
model analysis with only a random intercept per-
formed in R.

The first line of Output 13.9 shows that the
parameters of this linear mixed model analysis
were estimated with maximum likelihood. In the
same block of the output, the log likelihood of the
model is shown, in addition to some other model
fit indicators (i.e. AIC and BIC; see Section 13.4.3).

The next part of the output shows the random
part of the model. In a model with only a random
intercept, two variance parameters are estimated
(given as standard deviations in the R output): the
standard deviation of the random intercept (0.542)
and the residual (or error) standard deviation
(0.525). The following part of the output shows the
estimates of the regression coefficients, the standard
errors of the regression coefficients, the degrees of
freedom, the t-values and the corresponding
p-values. Note that in R, the t-distribution is used
instead of the standard normal (z-)distribution.

The following syntax can be used to perform a
linear mixed model analysis with only a random
intercept in R.
result <- 1lme (chol~skinf, data=-
chol long, random= ~1]|id,
method="“"ML")

As for the GEE analysis, the results of the mixed
model analysis are linked to the object result. In the
last part of the syntax, the random part of the
model is specified (random= ~1|id). Note that also
in the R syntax it has to be mentioned that max-
imum likelihood must be used (method=“ML”).
Again, this is because in R, restricted maximum
likelihood is the default estimation method.
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Output 13.8 Results of a linear mixed model analysis with both a random intercept and a random
slope for sum of skinfolds performed in SAS

The Mixed Procedure

Model information

Data set chol long
Dependent variable chol
Covariance structure Unstructured
Subject effect id
Estimation method ML
Residual variance method Profile
Fixed effects SE method Model-based
Degrees of freedom method Containment
Dimensions
Covariance parameters 4
Columns in X 2
Columns in Z per subject 2
Subjects 147
Maximum observations per subject 6

Number of observations

Number of observations read 882
Number of observations used 882
Number of observations not used 0

Covariance parameter estimates

Covariance parameter Subject Estimate
UN(1,1) id 0.4729
UN(2,1) id —0.04134
UN(2,2) id 0.009403
Residual 0.2657

Fit statistics

—2 log likelihood 1657.9
AIC (smaller is better) 1669.9
AICC (smaller is better) 1670.0
BIC (smaller is better) 1687.8
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Solution for fixed effects

Effect Estimate Standard DF t Value Pr> |t|
error

Intercept 3.7900 0.09271 146 40.88 <.0001

skinf 0.1920 0.02092 146 9.18 <.0001

Output 13.9 Results of a linear mixed model analysis with only a random intercept performed in R

Linear mixed-effects model fit by maximum likelihood

Data: chol long
AIC BIC logLik
1668 1688 -830

Random effects:
Formula: ~1 | id

(Intercept) Residual
StdDev: 0.542 0.525

Fixed effects: chol ~ skinf

Value Std.Error DF t-value p-value
(Intercept) 3.80 0.0840 734 45.3 0
skinf 0.19 0.0184 734 10.2 0
Correlation:
(Intr)

skinf -0.819
Standardized Within-Group Residuals:

Min Q1 Med Q3 Max
-2.7916 -0.6200 -0.0978 0.5229 4.2901

Number of Observations: 882
Number of Groups: 147

Output 13.10 shows the output of a linear
mixed model analysis with both a random inter-
cept and a random slope for the sum of skinfolds
performed in R. It is obvious that the most
important difference between Output 13.9 and
Output 13.10 is the estimation of two more par-
ameters in the random part of the model, i.e. the
random slope for the sum of skinfolds and the
correlation between the random intercept and
random slope. Note the R provides the correlation
between the random intercept and random slope
instead of the covariance, which is provided by
the other software programmes. Although the
numbers are different, the general interpretation
of the two is the same.

The following syntax can be used to perform a
linear mixed model analysis with both a random
intercept and a random slope for the sum of
skinfolds in R.

result <- 1lme (chol~skinf, data=-
data, random= ~ skinf|id,

method=“ML")

13.4.5 SPSS

Output 13.11 shows part of the output of a linear
mixed model analysis with only a random inter-
cept performed in SPSS.
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Output 13.10 Results of a mixed model analysis with a both random intercept and a random slope for

sum of skinfolds performed in R

Linear mixed-effects model fit by maximum likelihood

Data: chol long
AIC BIC 1loglLik
1670 1699 -829

Random effects:
Formula: ~skinf | id

Structure: General positive-definite, Log-Cholesky parametrization

StdDev Corr

(Intercept) 0.688 (Intr)
skinf 0.097 -0.62
Residual 0.515

Fixed effects: chol ~ skinf

Value Std.Error DF
(Intercept) 3.79 0.0928 734
skinf 0.19 0.0209 734
Correlation:
(Intr)

skinf -0.849

t-value p-value

Standardized Within-Group Residuals:

Med
-0.0743

Min 01
-2.4791 -0.6237

Q3
0.5176

Number of observations: 882
Number of groups: 147

The first part of Output 13.11 shows some
general information (Model Dimension) and the
model fit indicators (Information Criteria). In the
latter, first of all the -2 log likelihood is provided
(1671.416). Besides the -2 log likelihood, AIC,
AICC, and BIC were also provided. Again, they
all can be seen as adjusted values of the -2 log
likelihood. Bozdogan’s criterion (CAIC) is slightly
different but can be interpreted in more or less the
same way (Bozdogan, 1987). The next part of the
output shows the estimates of the fixed part of the
model. In this part of the output, the regression
coefficients, the standard errors, the degrees of
freedom, the t-values, the corresponding p-values,
and the 95% confidence intervals around the
regression coefficients are provided. The last part
of the output shows the estimates of the covar-
iance parameters. Because only a random inter-
cept was added to the model, only the variance of
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40.8 0
9.2 0
Max

4.2737

the random intercept (0.293719) and the residual
variance (0.275599) are provided.

The syntax to perform a linear mixed model
analysis with only a random intercept in SPSS
looks as follows:

MIXED chol WITH skinf
/CRITERIA=DFMETHOD (SATTERTHWAITE)
CIN(95) MXITER(100) MXSTEP (10)
SCORING (1) SINGULAR
(0.000000000001) HCONVERGE (0,
ABSOLUTE) LCONVERGE (0, ABSOLUTE)
PCONVERGE (0.000001, ABSOLUTE)
/FIXED=skinf | SSTYPE (3)
/METHOD=ML
/PRINT=SOLUTION
/RANDOM=INTERCEPT |

COVTYPE (VC).

SUBJECT (1d)
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Output 13.11 Result of a linear mixed model analysis with only a random intercept performed in SPSS

Model dimension?®

Number of Covariance Number of Subject
levels structure parameters variables
Fixed Intercept 1 1
effects  syins 1 1
Random Intercept 1 Variance 1 id
effects components
Residual 1
Total 3 4

a. Dependent variable: cholesterol.

Information criteria®

-2 log likelihood 1660.386
Akaike’ s Information Criterion (AIC) 1668.386
Hurvich and Tsai’ s Criterion (AICC) 1668.432
Bozdogan’ s Criterion (CAIC) 1691.515
Schwarz’ s Bayesian Information Criterion (BIC) 1687.515

The information criteria are displayed in smaller-is-better form.
a. Dependent variable: cholesterol.

Estimates of fixed effects?®

Parameter Estimate Std. df t Sig. 95% confidence
Error interval
Lower Upper
bound bound

Intercept 3.799312 .083867 505.237 45.301 .000 3.634540 3.964084
skinf .187118 .018359 850.734 10.192 .000 .151084 .223152

a. Dependent variable: cholesterol.

Estimates of covariance parameters®

Parameter Estimate Std. error
Residual .275599 .014377
Intercept [ subject = id] variance .293719 .039703

a. Dependent variable: cholesterol.

Output 13.12 shows part of the output of a  only a random intercept. The difference is found
linear mixed model analysis with both a random  in the last part in which the estimates of covar-
intercept and a random slope for the sum of  iance parameters are given. Besides the random
skinfolds performed in SPSS. The output looks intercept variance (UN(1,1)) and the remaining
similar to the one discussed for the analysis with  error variance, the random slope variance for the
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Output 13.12 Result of a linear mixed model analysis with both a random intercept and a random

slope for sum of skinfolds performed in SPSS

Model dimension®

Number of Covariance Number of Subject

levels structure parameters variables
Fixed Intercept 1 1
effects  syinf 1 1
Random Intercept + 2 Unstructured 3 id
effects skinf
Residual 1
Total 4 6
a. Dependent variable: cholesterol.

Information criteria®
-2 log likelihood 1657.855
Akaike’ s Information Criterion (AIC) 1669.855
Hurvich and Tsai’ s Criterion (AICC) 1669.951
Bozdogan’ s Criterion (CAIC) 1704.548
Schwarz’ s Bayesian Information Criterion (BIC) 1698.548
The information criteria are displayed in smaller-is-better form.
a. Dependent variable: cholesterol.
Estimates of fixed effects®

Parameter Estimate Std. df t Sig. 95% confidence

error interval

Lower Upper
bound bound

Intercept 3.790026 .092707 99.069 40.882 .000 3.606076 3.973976
skinf .191955 .020917 63.910 9.177 .000 .150169 .233742

a. Dependent variable: cholesterol.

Estimates of covariance parameters®

Parameter Estimate

Residual .265658
Intercept + skinf [ subject = id] UN(1,1) .472930
UN(2,1) -.041336

UN (2, 2) .009403

a. Dependent variable: cholesterol.

Std. error

.015143

.154083

.030975

.007130
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sum of skinfolds (UN(2,2)) and the covariance
between the random intercept and random slope
(UN(2,1)) are also given.

The following syntax can be used to perform a
linear mixed model analysis with a random intercept
and a random slope for the sum of skinfolds in SPSS.

MIXED chol WITH skinf
/CRITERIA=DFMETHOD
(SATTERTHWAITE) CIN(95) MXITER
(100) MXSTEP (10) SCORING (1)
SINGULAR (0.000000000001) HCONVERGE
(0, ABSOLUTE) LCONVERGE (0,

ABSOLUTE) PCONVERGE (0.000001,
ABSOLUTE)

/FIXED=skinf | SSTYPE (3)
/METHOD=ML

/PRINT=SOLUTION
/RANDOM=INTERCEPT skinf | SUBJECT

(id) COVTYPE (UN).

13.4.6 Overview

Table 13.3 summarises the results of the linear
mixed model analyses with only a random intercept
performed with different software packages, while
Table 13.4 summarises the results of the linear
mixed model analyses with both a random intercept
and a random slope for the sum of skinfolds. From
both tables it can be seen that using a different

Table 13.3 Summary of the results of linear mixed model
analyses with only a random intercept performed in
different software packages

Package Regression Random —2 log
coefficient intercept  likelihood
(se) variance

STATA  0.187 (0.018)  0.294 1660

SPSS 0.187 (0.018) 0.294 1660

SAS 0.187 (0.018) 0.294 1660

R 0.19 (0.018) 0.294 1660

software package does not lead to different results
of the linear mixed model analyses.

13.5 Mixed Model Analysis with a
Dichotomous Outcome Variable

13.5.1 Introduction

In Chapter 7 it has already been mentioned that a
logistic mixed model analysis is quite difficult to
perform (i.e. the mathematics behind a logistic
mixed model analysis is complicated). Although
there are different methods available to estimate
the regression coefficients of a logistic mixed
model analysis, the most straightforward method
is the Gauss-Hermite method, which is based on
Gaussian quadrature points (Rabe-Hesketh and
Pickles, 1999; Rabe-Hesketh et al., 2000, 2001a,
2001b). In Chapter 7, it was shown that this
method is the default method used in STATA.
In a recent paper by Stroup and Claassen (2020),
it was also shown that this method is the most
appropriate for a logistic mixed model analysis. It
should, however, be realised that different statis-
tical software programmes can use a different
default estimation method.

For more technical information about the
different estimation methods, reference is made
to the more technical literature (e.g. Goldstein,
1991; Schall, 1991; Breslow and Clayton, 1993;
Longford, 1993; Liu and Pierce, 1994; Pinheiro
and Bates, 1995; Goldstein and Rasbash, 1996;
Agresti et al., 2000; Lesaffre and Spiessens, 2001).

13.5.2 STATA

In the examples discussed in Chapter 7, STATA
was used to perform a logistic mixed model analy-
sis. In STATA, the logistic mixed model analysis
can be performed with the melogit procedure.
The syntax to perform a logistic mixed model
analysis with only a random intercept in STATA

Table 13.4 Summary of the results of linear mixed model analyses with both a random intercept and a random slope for the

sum of skinfolds performed in different software packages

Package Regression coefficient =~ Random intercept Random slope —2 log
(se) variance variance likelihood

STATA 0.192 (0.021) 047 0.01 1658

SPSS 0.192 (0.021) 047 0.01 1658

SAS 0.192 (0.021) 047 0.01 1658

R 0.19 (0.021) 047 0.01 1658

235

https://doi.org/10.1017/9781009288002.014 Published online by Cambridge University Press


https://doi.org/10.1017/9781009288002.014

Applied Longitudinal Data Analysis for Medical Science

is comparable to the syntax used to perform a
linear mixed model analysis.

melogit hyperchol skinf || id:

In the examples presented in Chapter 7, the melogit
procedure was used with the default number of
integration points (i.e. 7). In the literature it is argued
that the result of a logistic mixed model analysis can
depend on the number of quadrature points used in
the estimation (Lesaffre and Spiessens, 2001; Twisk,
2013). In the statistical literature, it is generally
accepted that 10 quadrature points are sufficient for
a valid logistic mixed model analysis, although
others suggest that 20 quadrature points are needed
(e.g. Hu et al., 1998; Rodriguez and Goldman, 2001).
However, in the present example, as well as in
examples presented by others (e.g. Lesaffre and
Spiessens, 2001), neither of these suggestions is con-
firmed. In the example presented here, the default
option of seven quadrature points seems to be very
reasonable. See Table 13.5, which presents the results
of logistic mixed model analyses with a different
number of quadrature points.

The reason why the results from the melogit
procedure with a different number of quadrature
points are almost the same has to do with the use
of adaptive quadrature, which leads to a much
more accurate (numeric) integration and there-
fore to much more valid estimations of the par-
ameters (Rice, 1975; Pinheiro and Bates, 1995;
Gander and Gautschi, 2000).

For a mixed model analysis with a random
intercept and a random slope for the sum of
skinfolds, the following syntax can be used.

melogit hyperchol skinf || id:
skinf, cov (unstruct)

In Chapter 7, it has already been mentioned that
this analysis did not converge, so it was not able to

Table 13.5 Summary of the results for the relationship

between hypercholesterolemia and the sum of skinfolds

derived from logistic mixed model analyses performed in
STATA with a different number of integration points

Number of integration Regression
points coefficient (se)
7 0.561 (0.106)
10 0.563 (0.107)
15 0.561 (0.107)
20 0.561 (0.107)
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add a random slope for the sum of skinfolds to
the model.

13.5.3 SAS

In the nineties, a SAS macro called glimmix that
can be used to perform logistic mixed model analy-
sis became available (Breslow and Clayton, 1993).
Although with the glimmix procedure in SAS it is
possible to use the adaptive Gauss-Hermite quad-
rature method, the default option is the residual
pseudo-likelihood method. When this method is
used, the result of the logistic mixed model analysis
is quite different from the one obtained from a
logistic mixed model analysis using the Gauss-
Hermite quadrature method. Output 13.13a shows
part of the output of a logistic mixed model analy-
sis with only a random intercept performed in SAS
using the default estimation method, while Output
13.13b shows part of the output of a logistic mixed
model analysis with only a random intercept per-
formed in SAS using the Gauss-Hermite quadra-
ture estimation method.

The output of the logistic mixed model analy-
sis is comparable to the output obtained from a
linear mixed model analysis performed in SAS.

The syntax needed to perform a logistic mixed
model analysis is also comparable to the syntax
used to perform a linear mixed model analysis.

proc glimmix data=chol long;
class id;

model hyperchol = skinf/s dist=
binomial;
random int / subject=id;

run;

proc glimmix data=chol long
method=quad (INITPL=7) ;

class id;

model hyperchol = skinf/s dist=
binomial;
random int / subject=id;

run;

Unfortunately, a logistic mixed model analysis with
both a random intercept and a random slope for the
sum of skinfolds could not be performed (the model
did not converge). Nevertheless, the following
syntax can be used to perform such an analysis
(again performed with the Gauss-Hermite quadra-
ture estimation method).
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Output 13.13a Results of a logistic mixed model analysis with only a random intercept performed in

SAS using the default estimation method

The GLIMMIX Procedure

Model information

Data set

Response variable
Response distribution
Link function

Variance function
Variance matrix blocked by
Estimation technique

Degrees of freedom method

WORK . IMPORT
hyperchol
Binomial
Logit
Default

id
Residual PL

Containment

Dimensions

G-side covariance parameters
Columns in X

Columns in Z per subject
Subjects (blocks in V)

Maximum observations per subject

147

Fit statistics

—2 res log pseudo-likelihood
Generalised Chi-square

Generalised Chi-square / DF

4263.38
533.72
0.61

Covariance parameter estimates

Covariance parameter

Intercept id

Subject

Standard
error

Estimate

3.2143 0.5662

Solutions for fixed effects

Effect Estimate Standard
error

Intercept =2, 1221 0.3813

Skinf 0.4494 0.08629

proc glimmix data=chol long meth-
od=quad (INITPL=7) ;

class id;

model hyperchol = skinf/s

DF t Value Pr> | t|

146 -7.14 <.0001

734 5.21 <.0001

dist=binomial;

random int skinf/ subject=id
typ3=un;

run;
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Output 13.13b Results of a logistic mixed model analysis with only a random intercept performed in
SAS using the Gauss-Hermite quadrature estimation method

Data set WORK . IMPORT
Response variable Hyperchol
Response distribution Binomial
Link function Logit
Variance function Default
Variance matrix blocked by id

Estimation technique
Likelihood approximation

Degrees of freedom method

Model information

Dimensions

G-side covariance parameters

Columns in X

Columns in Z per subject

Subjects (blocks in V)

Maximum observations per subject

Fit statistics

—2 log likelihood

AIC (smaller is better)

AICC (smaller is better)

BIC (smaller is better)

CAIC (smaller is better)

HQIC (smaller is better)

Covariance parameter

Intercept

Effect

Intercept
Skinf

238

Covariance parameter estimates

Subject Estimate

Id 6.7689

Solutions for fixed effects

Estimate Standard DF t Value
error
—3.6087 0.5055 146 —7.14
0.5601 0.1063 734 5.27
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Containment

Maximum likelihood

806.
812.
812.
821.
824.
816.

Gauss—-Hermite quadrature

147

97
97
99
94
94
61

Standard

error

1.491

Pr >

0

Il

<.0001
<.0001
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1354 R

In R, the Gauss-Hermite quadrature estimation
method is the default estimation method. However,
the default method is the so-called Laplace method
(Ju et al,, 2020). Output 13.14a shows the output
of a logistic mixed model analysis performed
in R.

Output 13.14a is comparable to the output of
a linear mixed model analysis performed in R (see
Output 13.9).

With the following syntax a logistic mixed
model analysis with only a random intercept can
be performed in R.

result <- glmer (hyperchol ~ skinf +
(11id), data=chol long,
family=binomial)

It is also possible to perform the same logistic
mixed model analysis in R as has been performed
in STATA and in SAS, i.e. a logistic mixed model
analysis with a Gauss-Hermite quadrature esti-
mation method with seven integration points.
Output 13.14b shows the results of that analysis.

The following syntax must be used to obtain
the output shown in Output 13.14b.

result <- glmer (chol01l ~ skinf + (1]
id), data=chol long, family=
binomial, nAGQ=7)

Comparable to the other software packages, a
model with both a random intercept and a
random slope for the sum of skinfolds did not
converge. However, the following syntax can be
used to perform such an analysis.

Output 13.14a Results of a logistic mixed model analysis with only a random intercept performed in R

Generalised linear mixed model fit by maximum likelihood (Laplace
Approximation) [
glmerMod]

Family: binomial ( logit )
Formula: chol0Ol ~ skinf + (1 | id)

Data: chol long

AIC BIC 1loglLik deviance df.resid

820 834 -407 814 879
Scaled residuals:

Min 10 Median 30 Max
-3.441 -0.306-0.171 0.403 2.843
Random effects:
Groups Name Variance Std.Dev.
id (Intercept) 6.37 2.52
Number of obs: 882, groups: id, 147
Fixed effects:

Estimate Std. Error z value Pr(>]|z])
(Intercept) -3.693 0.511 -7.23 4.7e-13 ***
skinf 0.570 0.106 5.39 7.0e-08 ***
Signif. codes: Q Y***/ 0.001 “**’ 0.01 Y** 0.05'.” 0.1 '" 1
Correlation of Fixed Effects:
(Intr)

skinf -0.841
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Output 13.14b Results of a logistic mixed model analysis with only a random intercept performed in
R with a Gauss-Hermite quadrature estimation method with seven integration points

Generalised linear mixedmodel fit bymaximum likelihood (Adaptive Gauss-—

Hermite
Quadrature, nAGQ = 7) [ glmerMod]
Family: binomial ( logit)
Formula: cholOl ~ skinf + (1 | id)
Data: chol long

879

Max

AIC BIC logLik deviance df.resid
813.0 827.3 -403.5 807.0
Scaled residuals:

Min 10 Median 30
-3.4462 -0.3059 -0.1711 0.3955 2.8128

Random effects:
Groups Name

id (Intercept) 6.769
Number of obs: 882, groups:

2.602

Fixed effects:
Estimate Std. Error

id, 147

Variance Std.Dev.

z value Pr(>|z])

(Intercept) -3.6087 0.5055 -=7.139 9.42e-13 ***
skinf 0.5601 0.1063 5.268 1.38e-07 **x*
Signif. codes: 0 “***’ 0.001 “**’ 0.01 “** 0.05'.” 0.1 " 1
Correlation of Fixed Effects:
(Intr)
skinf -0.844
result <- glmer(chol0l ~ skinf +  general information of the analysis performed,

(skinf|id), data=chol long, family=
binomial, nAGQ=7)

13.5.5 SPSS

From version 19 onwards, SPPS provides the pos-
sibility to perform a logistic mixed model analysis.
In SPSS, there is only one estimation method
available and that is the residual pseudo-likelihood
method (i.e. the same estimation method as the
default estimation method used in SAS). Output
13.15 shows part of the output of a logistic mixed
model analysis with only a random intercept per-
formed in SPSS.

Like the SPSS output of a linear mixed model
analysis, the first part of the output shows the
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i.e. that a logit link function is used with a bino-
mial probability distribution. In other words, it is
mentioned that a logistic mixed model analysis is
performed. Furthermore, two model fit indicators
are given (AIC and BIC). The second part of the
output shows the regression coefficients, the
standard errors, t-values, corresponding p-values
and the 95% confidence intervals around the
regression coefficients, while the third part shows
the random intercept variance.

The following syntax can be used to perform a
logistic mixed model analysis with only a random
intercept in SPSS.

GENLINMIXED
/DATA_STRUCTURE SUBJECTS=id
/FIELDS TARGET=hyperchol


https://doi.org/10.1017/9781009288002.014

Software for Longitudinal Data Analysis

Output 13.15 Results of a logistic mixed model analysis with only a random intercept performed

in SPSS

Model summary

Target

Probability distribution
Link function
Information criterion

Bayesian

Akaike Corrected

Hypercholesterolemia
Binomial

Logit

4265.384

4270.159

Information criteria are based on the —2 log likelihood (4263,379) and are used to compare models. Models with smaller

information criterion values fit better.

Fixed coefficients®

Model term Coefficient Std. error T Sig. 95% confidence interval
Lower Upper
Intercept -2.722 .3813 -7.139 .000 -3.471 -1.974
skinf .449 .0863 5.208 .000 .280 .619
Model term Coefficient Exp (Coefficient) 95% confidence interval for Exp
(Coefficient)
Lower Upper
Intercept -2.722 .066 .031 .139
skinf .449 1.567 1.323 1.857
Probability distribution: binomial.
Link function: Logit.
Random effect
Random effect covariance Estimate Std. error Z Sig. 95% confidence
interval
Lower Upper
Var (Intercept) 3.214 .566 5.677 .000 2.276 4.540

Covariance structure: variance components.
Subject specification: id.

TRIALS=NONE OFFSET=NONE
/TARGET_ OPTIONS
DISTRIBUTION=BINOMIAL LINK=LOGIT
/FIXED EFFECTS=skinf
USE_INTERCEPT=TRUE
/RANDOM USE _INTERCEPT=TRUE
SUBJECTS=id

COVARIANCE TYPE=VARIANCE COMPONE-
NTS SOLUTION=FALSE

/BUILD OPTIONS

TARGET CATEGORY ORDER=DESCENDING
INPUTS CATEGORY ORDER=ASCENDING

MAX ITERATIONS=100

CONFIDENCE LEVEL=95
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Table 13.6 Summary of the results of logistic mixed model
analyses with a random intercept to analyse the relationship
between hypercholesterolemia and sum of skinfolds
performed in different software packages

Package Regression Random —2 log
coefficient intercept likelihood
(se) variance

STATA 0561 (0.106) ' 7.18 806

SPSS 0449 (0.086) 2 3.1 4263

SAS 0449 (0.086) * 321 4263
0560 (0.106) ' 6.77 806

R 0570 (0.106) > 637 814
0.560 (0.106) ' 6.77 806

' Using the Gauss-Hermite quadrature method with seven
quadrature points.

2 Using the residual pseudo-likelihood method.

3 Using the Gauss-Hermite quadrature Laplace method.

DF METHOD=RESIDUAL COVB=MODEL
PCONVERGE=0.000001 (ABSOLUTE)
SCORING=0
SINGULAR=0.000000000001
/EMMEANS OPTIONS SCALE=ORIGINAL
PADJUST=LSD.

Although it was possible to perform a logistic
mixed model analysis with both a random inter-
cept and a random slope for sum of skinfolds in
SPSS, the programme gives a warning message
indicating that the result cannot be trusted and
therefore the output of the analysis will not be
presented. However, the following syntax can be
used to perform such an analysis.

GENLINMIXED
/DATA_STRUCTURE SUBJECTS=id
/FIELDS TARGET=hyperchol
TRIALS=NONE OFFSET=NONE
/TARGET OPTIONS
DISTRIBUTION=BINOMIAL LINK=LOGIT
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/FIXED EFFECTS=skinf
USE_INTERCEPT=TRUE
/RANDOM EFFECTS=skinf
USE_INTERCEPT=TRUE SUBJECTS=id
COVARIANCE TYPE=UNSTRUCTURED
SOLUTION=FALSE
/BUILD OPTIONS
TARGET CATEGORY ORDER=DESCENDING
INPUTS CATEGORY ORDER=ASCENDING
MAX ITERATIONS=100
CONFIDENCE LEVEL=95
DF_METHOD=RESIDUAL COVB=MODEL
PCONVERGE=0.000001 (ABSOLUTE)
SCORING=0
SINGULAR=0.000000000001
/EMMEANS OPTIONS SCALE=ORIGINAL
PADJUST=LSD.

13.5.6 Qverview

Table 13.6 summarises the results of the logistic
mixed model analyses with only a random inter-
cept performed with different software packages.
From Table 13.6 it can be seen that there are
(huge) differences between the results obtained
with the different software packages, which are
caused by the different estimation methods used.
The results obtained from the residual pseudo-
likelihood method is totally different from the
results obtained from the Gauss-Hermite quadra-
ture methods.

Although it has already been mentioned that
the Gauss-Hermite quadrature methods are the
most appropriate methods to estimate the param-
eters of a logistic mixed model analysis (Stroup
and Claassen, 2020), the difference in results
between the different estimation methods indi-
cates that the results obtained from a logistic
mixed model analysis must be interpreted with
great caution.
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207
data structures, 5, 6
datasets
six—repeated—measurement, 7
without missing data, 49
datasets with missing data, 49, 202,
203
analysis performed on, 204-205
GEE versus mixed model analysis,
214, 214
degrees of freedom, 7-8, 10-16, 19,
29-30, 36-37, 51, 56, 58, 78
dependency of repeated
observations within subjects
(longitudinal problem), 7
descriptive statistics, 196
deviation score, 76-78, 80-82, 130,
132, 141 passim definition, 76,
79
diabetes, 160
dichotomous outcome variables, 1,
5, 116-133, 135-136, 147, 204,
216
comparing groups, 117, 119
GEE analysis (software),
224-226
imputation methods, 207
imputation methods (missing
data), 210-212
longitudinal intervention studies,
187-194
longitudinal regression methods,
119-133
mixed model analysis (software),
235-242
more than two measurements,
117
outputs, 118-119, 122-123, 125,
127, 131-132
regression-based methods,
189-193
simple analysis, 188
software (further reading), 235
statistical significance (sample
size needed), 218
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total change over time, 117
two measurements, 116-117
dichotomous outcome variables
(example), 117-119
comparing groups, 119
development over time, 117-118
two measurements, 117
dichotomous outcomes, 106, 108,
196
difference contrast, 26-27
difference in difference method,
197-200
limitation, 199
difference in proportions
problem, 116
direct effect, 94, 96, 98-100, 102
Directed Acyclic Graph (DAG), 103
Disability Index of Health
Assessment Questionnaire
(HAQ-DI), 153, 158, 159-160
disease activity, 155, 159-160
drop-outs, 201, 202, 207, 218-219
dummy variable coding, 59, 61
dummy variables, 32-33, 60-62,
65-66, 161, 183, 186, 190-191

econometrics, 79, 152, 213

educational research, 32

effect (outcome variable), 1

effect estimates, 184-185, 199, 206,
219

effect modifiers, 196

effect size, 216-217

error mean squares, 15

error sum of squares, 12-13, 19-20,
25

error variance, 36, 126, 233

eta squared, 18

excess of zeros, 150, 152, 161

factor of interest, 10
fixed effects, 41, 79
flexible parameter method, 113-114
floor or ceiling effects
longitudinal two-part models
(with example), 159-163
outcome variables, 152-163
outputs, 154, 156, 159-160,
162-163
tobit mixed model analysis (with
example), 153-159
forced expiratory volume in one
second (FEV1), 85, 88
forced vital capacity (FVC),
85, 88
Friedman test, 29-30
equation, 29

Gauss-Hermite quadrature method,
235-236, 238, 240, 242

Gaussian family, 45, 47, 49, 57, 87,
90, 121

GEE. See generalised estimating
equations
general group effect, 20
generalised estimating equations,
42-46
autoregressive linear analysis, 90
comparison with mixed model
analysis, 48-49
comparison with mixed model
analysis (count outcome
variables), 147
comparison with mixed model
analysis (longitudinal
regression methods), 129
continuous outcome variables
(software), 220-223
correlation structures, 42-44
count outcome variables, 137-146
datasets with missing data, 205,
205
dichotomous outcome variables
(software), 224-226
example, 44-46
further reading, 133
linear analysis, 45, 47, 49, 55-57,
87, 121-122
logistic analysis, 122-123,
129-130, 131-132, 189-190,
192
longitudinal intervention studies,
168
longitudinal regression methods,
121-124
generalized linear model (GLM), 10
assumptions, 10
graphical representation, 180-181
limitations, 179
mixed model analysis ‘extension
of’, 33
non-parameric equivalent of for
repeated measures, 29-30
RCT with more than one follow-
up measurement, 178
repeated measures, 10, 12-13, 15,
18-21, 25-26, 33, 60, 178, 205,
214, 220 passim
repeated measures (adjusted for
baseline), 178
repeated measures (basically
‘testing method’), 25
repeated measures (complex
study designs), 25
repeated measures (problems), 25
repeated measures (simple
longitudinal dataset),
13
univariate approach (numerical
example), 12-13
genmod procedure, 220, 225
glimmix procedure, 236
GLLAMM, 159, 162
key to abbreviation, 138
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G-methods, 107-110, 197
types, 108
Greenhouse-Geisser method,
15-16, 18, 21, 23-24, 179-180
group by time interaction effect, 20
growth curve analysis, 56-60
growth curve parameters,
71-72
growth trajectories
subjects with different
(classification), 70-75

Helmert contrast, 26, 28
high density lipoprotein cholesterol,
143
HIV patients, 108
hot-deck method, 205, 207
Hotelling’s T2 10
Hotelling’s Trace, 16, 22
Huber-White sandwich estimator,
43, 46
Hurvich and Tsai’s criterion
(AICC), 227-228, 230,
233-234, 238
Huynh-Feldt method, 15-16, 18,
23-24,179-180
hybrid models (to disentangle
beween- and within-subjects
relationship), 6, 76-82
comments, 82
data structure needed, 77
dichotomous covariate, 85
direct estimation of,
78-80
example, 76-78
with time-dependent covariates,
80-81
hypercholesterolemia, 111-114,
117-119, 122-123, 125-127,
132, 213, 220
hypoglycaemic events, 161, 162-163

id number, 33
imputation methods, 205-213
additional analyses, 210
categorical variables, 207
comments, 212
continuous variables, 205-209,
214
cross-sectional, 215
cross-sectional versus
longitudinal, 205
dichotomous variables, 207,
210-212
multiple imputation in
combination with mixed model
analysis, 203-209
problem, 206
independent sample t-test, 18, 20,
176-178, 196, 202-204, 204
indirect effect, 94, 96, 98-99,
101-102
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individual mean value, 76-77,
79-80, 82, 130, 141
intercepts, 33-34, 48, 126
definition, 14
intervention effect, 165, 167-170,
172, 181, 183, 186, 191,
196-198
intervention group, 165-166, 168,
195, 216, 218
short-term versus long-term
effects, 176-177
intervention studies, 1, 61, 70, 92,
117, 177, 185, 216
intervention variable
time-dependent versus time-
independent, 195
intraclass correlation coefficient
(ICQ), 36
inverse probability weighting, 109,
197

Laplace method, 239, 242
last observation carried forward
(LOCF) method, 206
last value carried forward. See LVCF
latent class growth analysis (LCGA),
72
latent class growth mixture
modelling (LCGMM), 73
latent growth curve parameters,
74
latent normal distribution, 159
latent variable modelling
framework, 74
latent variables
definition, 103
learning effects, 4
lifestyle parameters, 94
likelihood ratio test, 36-37, 49-51,
54, 56, 58, 125-126, 138, 147,
159
nature and purpose, 35
linear development, 14-15, 20, 24,
26, 56-58, 61, 63, 71, 111-114,
149, 154
linear interpolation method, 206
linear regression analysis, 4, 136,
167, 199
linear relationship, 13-14, 31
linear transformation factors,
14
linear transformed dataset, 14
link function, 45, 121, 144
log likelihood, 36-37, 51, 90, 125,
140, 161
definition, 35
tobit versus linear mixed model
analysis, 155
logistic mixed model analysis, 127,
190
effect of new treatment on
recovery, 191
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logistic regression analysis, 4, 35,
109, 119, 121, 126, 131, 191,
202
naive multinomial, 139
loneliness, 148, 151, 151
long data structure, 5, 31, 39, 198
Longitudinal Aging Study
Amsterdam (LASA), 148
longitudinal and cross-sectional
relationships
pooled analysis, 38
longitudinal data analysis, 136
application of statistical methods,
xi
correct interpretation, 201, 204
mixed models, 32-34
software, 220-242
longitudinal intervention studies, 6,
164-200, 216
beyond RCT, 197-198
comments, 196, 199
dichotomous outcome variables,
187-194, 217
difference in difference method,
198-200
outputs, 169-171, 173-174,
179-180, 182-185, 187-188,
190-193, 195, 198-199
regression based methods, 168
stepped wedge designs, 196
longitudinal linear regression
analysis, 119, 142
longitudinal logistic regression
analysis, 142
longitudinal log-linear regression
analysis, 142
longitudinal mediation models,
94-105
comments, 103
data structure needed, 98, 106
example, 96
summary, 107
longitudinal multinomial logistic
regression analysis, 142
longitudinal problem, 31
longitudinal regression analysis, 110
one of most difficult parts, 76
longitudinal regression imputation
method, 206
longitudinal regression methods,
31-32
adjustment for covariance
method, 130
comments, 133
dichotomous outcome variables,
119-133
example, 34-37
fixed part of model, 36
GEE, 121-124
GEE versus mixed model analysis,
127-129
mixed model analysis, 124-127

models to disentangle between-
and within-subjects
relationship, 130-132
random part of model, 36
longitudinal relationship
continuous outcome and
covariates (equation), 31
longitudinal studies
advantage, 1
causality, 92-115
definition, 1
missing data, 201-215
popularity, 1
problems, 4
longitudinal two-part models,
159-163
biggest problem, 163
comments, 162
lower-bound method, 15-16, 18,
23-24, 179-180
lung function, 85, 88
LVCEF, 206-207, 208, 208, 211, 213

Mann-Whitney U tests, 196
MAR, 201, 203, 204-205, 205,
207-209, 208, 210, 212,
213-214, 213
marginal structural models, 197
Markov Chain Monte Carlo
(MCMCQ), 207
Markov models, 194
same as ‘autoregressive models’
(qv), 88
Mauchly’s Test of Sphericity, 15-16,
22
maximum likelihood, 51, 209,
226-227, 229
definition, 35
maximum likelihood estimation
method, 41-42
MCAR, 201, 203-204, 203, 205, 207,
208, 209, 210, 213-214, 213
McNemar test, 117-118, 134
change over time in dichotomous
outcome variable, 116
disadvantage, 116
example, 118
limitation, 118
mean or median of series method,
205, 207
mean squares, 12, 15, 27
mean value, 80
mean variance adaptive Gauss—
Hermite quadrature, 125
mediation analysis, 94, 96, 98-100
cross-sectional studies, 96
important statistical tool, 94
linear mixed model, 101-110
types, 96
medical ethics committees,
216
medical science, 71, 82, 152
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groups with same growth
trajectory, 75
medical studies, 110, 152-153, 163,
165, 209, 213
control studies versus cohort
studies, 1
designs (schematic illustration),
2
observational versus intervention,
1
melogit procedure, 235-236
memory measurement (older
subjects), 4
missing at random. See MAR
missing completely at random. See
MCAR
missing data, 149, 156, 197
alternative methods, 213
determinants, 203-204
examples, 202
GEE versus mixed model analysis,
214
generating datasets with, 202, 203
imputation methods, 205-213
informative versus non-
informative, 201-202
informative versus non-
informative (definitions), 201
intermittent, 201, 202
logistic regression analyses, 204
longitudinal studies, 201-215
subjects with versus subjects
without, 204
missing data mechanisms, 201, 208
missing not at random. See MNAR
mixed model analysis, 32-42, 56, 90,
110, 173-174, 182, 184-185,
187, 200
combination with multiple
imputation (missing data),
209
comparison with GEE, 48-49
comparison with GEE analysis
(longitudinal regression
methods), 127-129
continuous outcome variables
(software), 226-235
count outcome variables, 142,
146-147
datasets with missing data, 205,
205
development over time of
continuous outcome, 34
dichotomous outcome variables
(software), 235-242
extension, 54
extension of GLM for repeated
measures, 33
further reading, 133
general idea, 33, 36
idea behind, 33
imputation of missing data, 207

linear, 34-35, 41, 50, 54, 59,
71-72,77-79, 83, 86, 89, 95, 99,
103, 112, 155, 208
linear time-lag, 94
logistic, 129, 213
longitudinal data, 32-34
longitudinal intervention studies,
168
longitudinal regression methods,
124-127
more efficient than multiple
imputation, 209
multinomial logistic, 137-141
prior multiple imputation ‘not
necessary’, 210
regression coefficient
(interpretation), 38-41
software (further reading),
235
standard (drawback), 107
steps, 33
ML. See maximum likelihood
MNAR, 201, 203, 204-205, 208,
208, 210, 212-214, 213
model fit statistics, 90, 100
model of changes, 83-85, 87, 88,
90-91, 130-131
data structure needed, 86
models to disentangle between- and
within-subjects relationship,
76-91, 130-132
estimation of within-subjects part,
82-91
hybrid, 76-82
outputs, 77-81, 84-87, 89-90
models to estimate within-subjects
part of longitudinal
relationship, 82-91
autoregressive (with example),
88-90
comments, 90-91
model of changes (with
examples), 87-91
monotone missing data
definition, 210
Mplus software, 74
multilevel analysis
same as ‘mixed model analysis’
(qv), 32, 138
multiple imputation, 207, 208, 208,
211, 213, 215
combination with mixed model
analysis, 209
datasets with missing data,
206-207
illustration of, 206
‘potential advantage’ over mixed
model analysis, 210
within-imputation versus
between-imputations variance,
207
multiplication factor, 218-219
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multivariate analysis of covariance
(MANCOVA), 178

multivariate analysis of variance
(MANOVA), 10

multivariate tests, 15, 21

mvaghermite integration method,
125, 127, 147, 151, 154-155,
159-160, 191

naive linear regression analysis, 44
naive logistic regression analysis,
125-126
negative binomial GEE analysis, 148
negative binomial mixed model
analysis, 151
negative binomial regression
analysis, 143, 151
count outcome variables, 148-150
no confounding assumptions, 105
noise, 206, 209
non-collapsibility problem,
130-131, 133
normal distribution, 33, 126, 139,
150, 152, 155, 163, 210, 222
latent, 153
used in STATA, 229
null hypothesis, 11, 16, 22
number of observations, 35, 46, 90,
100-101, 125
number of subjects, 35, 46, 67

object-oriented software, 222
observational cohort studies
types, 1
observational longitudinal studies,
1-4, 70, 164
causality, 6, 92-115
observational studies, 197-198
odds ratio, 121, 126, 138, 189,
190-191, 193-194
pools two interpretations, 121
one-within design, 19, 21, 25, 29
definition, 10
one-within, one-between design,
19-21, 25
OR. See odds ratio
outcome variable of interest, 34, 128,
155, 187, 202
standard deviation, 217
outcome variables, 1, 92, 94, 108,
121, 128, 197, 204
characteristics, 4
floor or ceiling effects, 6, 152-163
overall error variance
divided into two parts, 36
overall regression coefficient
definition, 77
overdispersion, 143, 148-149

pair of regression analyses, 95
paired t-test, 7-10, 18-19, 31
assumptions, 7
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paired t-test (cont.)
cholesterol (difference t=1 and
t=6), 9
limitation, 7
non-parametric equivalent,
8-9
normality assumption, 7
not possible (situation with more
than two repeated
measurements), 10
parametric survival analysis, 113
path analyses, 104
pattern mixture models, 213
period effects, 2-3
physical activity, 3, 143-148, 168,
168, 170-171, 173-174, 176
longitudinal development with
age, 3
physical fitness, 94, 100-102, 104,
106-114
Pillai’s Trace, 16, 22
placebo, 164, 172, 175-176,
177-178, 180
Poisson distribution, 143-144, 148,
152, 159, 161
characteristics, 141, 143
skewness to right characteristic,
150
Poisson family, 144-145

Poisson GEE analysis, 144-145, 146,

148
Poisson mixed model analysis,
146-147, 149, 151, 161
Poisson regression analysis,
142-143, 147-148, 151-152
polynomial contrast, 26
polynomial function
second order, 56
third degree, 58
population average method, 128,
129
post-hoc procedures, 25-26
potential outcome analysis, 104,
197-198
propensity score adjustment, 197
Proper, K.I,, 168
proportion of change, 116-119,
134-136
standard error, 118
prospective cohort studies
design, 1
pseudo-likelihood method, 242
p-values, 7-9, 13, 15, 25-26, 29,

36-37, 46, 58, 61, 100, 121, 138,

149, 155, 161, 178, 189, 191,
206, 222, 229

quadratic development, 20, 23-24,
26, 56, 59-62, 64

quadratic function, 18, 58

quadratic relationship, 13, 15

quadratic term, 56, 58
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quadrature points, 236, 242
quasi-causal relationships, 92, 106
quasi-likelihood, 42

R software, 6, 220
GEE analysis with continuous
outcome variable, 221-222, 224
GEE analysis with dichotomous
outcome variable, 224, 227
linear mixed model analysis with
only random intercept, 235
linear mixed model analysis with
random intercept and random
slope, 235
logistic mixed model analysis with
random intercept,
242
mixed model analysis with
continuous outcome variable,
229-231
mixed model analysis with
dichotomous outcome variable,
239-240
random allocation at baseline,
164-165
random coefficient analysis, 33, 36
random effects, 80
variances and covariances, 139
random intercept, 35-37, 39, 41, 48,
54, 58-60, 62-64, 66, 71,
78-79, 112, 125-127, 139-140,
147, 154, 156, 159, 162, 214,
228, 232-233, 235, 237-238,
240-241
software syntax, 226
random intercept variance, 36, 42,
51, 80, 84, 89, 126, 128,
155-156, 233, 240
random slope, 36-37, 39, 49, 56,
58-60, 71, 78, 112, 125, 127,
140, 160, 214, 232, 235
definition, 33
for deviation score, 80
software syntax, 226
random slope variance, 42, 126, 233
random variances, 79
randomized control trial with more
than one follow-up
measurement
continuous outcome variables,
172-186
GLM for repeated measures, 178
GLM for repeated measures
(adjusted for baseline), 178
regression-based methods,
178-186
simple analysis, 175-177
summary statistics, 177-178
randomized control trial with one
follow-up measurement
continuous outcome variables,
165-172

randomized control trials, 1-2, 128,
164
stepped wedge designs, 196
rank numbers
mean rank, 9
RCT. See randomized control trials
real life, 9, 45, 54, 105, 110, 161, 165,
172, 197, 203, 213
reference category, 60, 138, 185
regression based methods, 59, 204
advantage, 178
comparing groups, 61
regression coefficient, 31-33, 36, 46,
50-51, 56, 58, 60, 67, 69-70, 76,
80-84, 88,92-93, 121, 163, 191,
208
calculation, 36
interpretation, 67
interpretation (mixed model
analysis), 38-41
one for each covariate preferable,
153
pooled longitudinal, 86
random variation, 48
range (after multiple imputation),
211
standardized, 88
varying between subjects, 48
regression model
fixed versus random parts, 79
regression to mean, 6, 165-168, 166,
172, 177, 182, 184, 186,
196-197
regression-based methods, 196
adjustment for covariance, 49-55
cateogrical outcome variables
(with example), 136-141
comments, 41-42
continuous outcome variables,
31-55
dichotomous outcome variables,
189-193
GEE, 42-46
longitudinal, 31-32
mixed model analysis (mixed
model analysis), 32-42
mixed model analysis versus GEE,
48-49
outputs, 35, 37, 41, 44-47, 49,
51-53
RCT with more than one follow-
up measurement, 178-186
relative change, 166, 167
relative risk, 189, 192
definition, 188
repeated contrast, 26, 28-29
repeated measures method, 186-187
non-parameric equivalent of
GLM, 29-30
research grants, 216
research question, 69, 75, 90, 152,
154, 177, 185
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as basis for analysis, 4
residual change
general idea, 167
residual pseudo-likelihood method,
236, 240
residual variance, 36, 79-80,
155-156, 227, 232
restricted maximum likelihood, 35,
41-42, 50, 229
default estimation method
(software packages), 226
Roy’s Largest Root, 16, 22

sample size, 7, 9, 11, 19, 164
sample size calculations, 216-219
example, 218
information needed, 218-219
SAS, 6, 220
GEE analysis with continuous
outcome variable, 220-221, 224
GEE analysis with dichotomous
outcome variable, 224, 227
linear mixed model analysis with
only random intercept, 235
linear mixed model analysis with
random intercept and random
slope, 235
logistic mixed model analysis with
random intercept, 242
mixed procedure, 227-229
mixed model analysis with
continuous outcome variable,
227-229
mixed model analysis with
dichotomous outcome variable,
236-237
scale parameter
purpose, 45
SD. See standard deviation
selection models
general idea, 213
semi-parametric survival analysis,
111
serum cholesterol, 4, 143, 168-169,
168, 171, 173-174, 176
sex, 5, 5, 21-22, 24, 61-63, 82, 120,
138, 150-151, 154-156, 203,
204
signed rank sum test, 8-9
significance level, 8, 21, 56, 63, 118,
216-218
simple contrast, 26-27, 29
single imputation methods, 206
smoking, 85, 87, 88, 152, 163
social sciences, 32, 71
software, 5, 8-9, 35
software for longitudinal data
analysis, 220-242
GEE with continuous outcome
variable, 220-223
GEE with dichotomous outcome
variables, 224-226

mixed model analysis with
continuous outcome variables,
226-235
mixed model analysis with
dichotomous outcome
variables, 235-242
outputs, 221-223, 225-228,
230-234, 237-241
software packages, 6, 8-9, 11, 26, 34,
42,121, 126, 137, 178
sphericity assumption, 11, 15-16,
18-19, 21, 23, 179-180
definition, 19
violation, 19
sphericity coefficient (epsilon), 11,
15
SPIRIT study, 160
SPSS, 6, 178, 220
GEE analysis with continuous
outcome variable, 222-223, 224
GEE analysis with dichotomous
outcome variable, 223-224, 227
linear mixed model analysis with
only random intercept, 235
linear mixed model analysis with
random intercept and random
slope, 235
logistic mixed model analysis with
random intercept, 242
mixed model analysis with
continuous outcome variable,
231-235
mixed model analysis with
dichotomous outcome variable,
240-242
squared differences, 11
standard deviation, 8, 46, 49, 115
artificial decrease, 206
residual (or error), 229
standard errors, 36, 38, 56, 67, 80,
90, 124, 161, 199
difference in proportions
(calculation), 116
distribution (after multiple
imputation), 212
estimation (model-based
procedure), 220
GEE versus mixed model analysis
(mixed model analysis), 49
model-based method, 224
robust, 46, 49, 85, 220, 222, 224
standard longitudinal regression, 82,
85
standard model, 88, 90-93, 93, 94,
96
STATA, 5, 35, 79, 138, 159, 220, 235
default estimation method (ML),
226
GEE analysis with continuous
outcome variable, 220, 224
GEE analysis with dichotomous
outcome variable, 224, 227
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linear mixed model analysis with
only random intercept, 235
linear mixed model analysis with
random intercept and random
slope, 235
logistic mixed model analysis with
random intercept, 242
mixed model analysis with
continuous outcome variable,
226
mixed model analysis with
dichotomous outcome variable,
235-236
use of z-distribution, 229
stepped wedge designs, 195-196
definition, 195
schematic illustration, 196
usually longitudinal, 196
structural equation model, 74, 104
general idea, 71
typical illustration, 74
Stuart-Maxwell test, 134-135
study design, 216
subject specific method, 128, 129
subject variance, 128
sum of skinfolds, 5, 35-37, 40-41,
45-47, 48, 49, 51-55, 64, 70,
72-73, 76-77, 79-81, 83-84,
87, 90, 94-95, 121, 131, 139,
220 passim longitudinal
regression methods, 34
sum of squares, 11-15, 18, 21, 27, 33
summary statistics
examples (intervention studies),
177
general idea, 177
survival analysis, 108, 110-111,
114-115, 196
syntax
R, 222, 224, 229, 231, 239
SAS, 220, 224, 229, 236
SPSS, 223-224, 232, 235, 240, 242
STATA, 220, 226, 235-236
t-distribution
R, 229
SAS, 229

temporality, 1, 92
tertiles, 81
test effects, 4
test statistic, 7-8, 10, 67
time, 2, 9-10, 26, 149, 151, 154-156,
169-170, 178
relationship (shape) between
outcome variable and,
13-15
time at risk, 194-195, 195
definition, 192
time effect, 13, 15, 18, 20-21, 25,
178
time modelling, 56-75
adjustment for time, 64-69
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time modelling (cont.)
adjustment for time (longitudinal
data analysis), 70
comparing groups, 60-63
growth curve analysis, 56-60
interaction with time, 69-70
outputs, 57-60, 62-66, 68-69,
71-74
subjects with different growth
trajectories (classification),
70-75
time versus age, 68
time of measurement effect, 3
time to event method, 192
time variable, 56, 58, 61, 64, 67-68,
82, 183, 196, 199
time-lag models, 93, 96, 99, 150
causality in observational
longitudinal studies, 92-94
data structure needed, 92
occasion when useful, 93
time-lag relationship, 95-98, 101
time-varying confounders, 107, 109
tobit mixed model analysis, 152-159
general idea, 153
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Toeplitz 5 covariance structure, 53

total change over time, 116-118,
134-135

total time method, 192

treatment effect, 178-179, 182, 184,
192

two-part regression models, 152

univariate approach, 11, 21
longitudinal dataset (four
measurements, six subjects), 12
numerical example, 12-13
validity, 11
upper or lower censoring
same as ‘floor or ceiling effects’
(gqv), 152

variance parameters, 50-51, 229
vector of covariate over time, 38
vector of outcome over time, 38

Wald test, 125, 146, 148, 150, 222

Wang, N, 209

Weibull baseline hazard function,
113

Weibull distribution, 113

Wilcoxon signed rank sum test, 8,
10

Wilks’ Lambda, 16, 22

within-subjects and between-
subjects relationship

disentanglement (models), 76-91

within-subjects correlation, 43-44,
54-55

within-subjects effects, 16, 18,
23-24, 179-180

within-subjects error sums of
squares, 20

within-subjects factor, 19, 21, 25

within-subjects interpretation, 126

within-subjects relationship, 26, 38,
41, 67, 126, 141

within-time sum of squares, 13

xtreg procedure, 79-81

zero-inflated Poisson regression, 152
z-statistic, 36, 222

calculation, 36, 46
z-value, 9, 61, 67, 121, 138, 149, 161
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