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1. Introduction

1.1. Longitudinal research

Longitudinal research is performed to study a phenomenon as it is evolving over time.
The phenomenon will generally show changes over time, but it may also show
stability. One can distinguish short-term changes and long-term changes. Short-term
changes occur in relatively rapid succession, whereas long-term changes are
characterized by more or less irreversible alterations. Short-term and long-term
changes may also be confounded.

The process of interest can be studied for only one, or more than one observation
units. The units can refer to human beings, households, countries, schools, animals,
stock exchanges, chemicals, et cetera. We will indicate the observation units by
‘subjects’ or ‘individuals’ in the sequel.

One can distinguish three broad goals in studying a process (Bijleveld & Van der
Kamp, 1998). In a research with the goal of description, one is interested in
describing intraindividual and/or interindividual patterns of change. One may also
want to explain patterns of change in terms of individual features. The features may
be intrinsic to individuals (like age and socioeconomic status), but they may also be
assigned by the researcher (like treatment). Furthermore, they can be stable over time
or changing. Sometimes, one aims partly at description and partly at explanation in a
single study. A third goal of longitudinal research is to forecast the future
development of a process from previous stages. This type of forecasting is rarely
aimed at in the social sciences. It is more often encountered in (business) economics,
for example forecasting demand for a certain merchandise.

The key feature of longitudinal research designs is that a certain feature of a
subject is observed repeatedly. Degree of depression, socioeconomic status, level of
reading ability, quality of mother-child attachment, and speed of information
processing are instances of features of interest in social sciences. Characteristics are
measured by collecting scores on one or more variables, which are thought to be
indicative for the feature. For example, the reaction time on a certain cognitive task
could be used as an indicator for speed of information processing. Longitudinal data
consist of scores on one or more variables from one or more individuals, measured at
several time points.

1.2. Sampling from the longitudinal axis

The length of the observational period, the number of measurement occasions and the
associated points in time should be chosen carefully. From a practical point of view, it
is desirable to sample only a small number of occasions in a short observational
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period. Every additional measurement occasion increases the research costs, simply
because more data are collected. Moreover, the repeated measurement of the same
subjects may lead to difficulties, because it may be hard to trace subjects or to
motivate subjects to continue participating. From a theoretical point of view, on the
other hand, it is desirable to measure the phenomenon under study frequently. One
should choose the sampling points cleverly to find a balance between practical and
theoretical interests. Three considerations are important in this respect. First, one
should consider the aim of the research. If a researcher wants to gain a highly detailed
insight into the process, a large number of samples is needed. In the most extreme
case, one needs continuous sampling. In practice, researchers usually content
themselves with a rough approximation of the process. A second point of concern is
the (expected) pattern of change over time. This pattern will be denoted by the
functional form in the sequel. An intricate functional form needs more sampling
points than a simple one (e.g., a linear trend). If the functional form changes quickly
in a certain period, one should sample more frequently in that period. Thirdly, if one
is willing to assume a certain functional form, the expected size of (random)
measurement error should play a role in determining the number of sampling points,
as will be discussed later. To illustrate the first and second point, the true scores (i.e.,
without measurement error) of one subject on two fictitious variables during a certain
period are plotted in Figures 1.1 and 1.2.

The solid line in Figure 1.1 might, for example, indicate the degree of depression
during seven consecutive days. A short-term and a long-term change can be
distinguished. Per day, the degree of depression follows a sinusoidal function,
whereas a linear trend can be seen over days. Sampling daily at exactly the same hour
(e.g., at the time points indicated by the circles in Figure 1.1) would reveal the
linearly increasing trend in depression over days. If one were interested only in daily
fluctuations of depression, it would be sufficient to collect scores within one day to
discover the sinusoidal form.

0 2 4 6 8day
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Figure 1.1. Example of true scores (i.e., without measurement error) of one subject
on a fictitious variable over time: a sinusoidal function combined with a linear trend.
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The number of sampling points that is needed depends on the degree of detail the
researcher is interested in, and on the assumptions that can reasonably be made about
the functional form of the process under study. The latter assumptions serve two
purposes, namely as a guide in making a rational choice of the sampling points, and
as a guide in interpolating between the sampled time points. To give an extreme and
unrealistic example: if a researcher assumes linear growth in depression over days,
and the interest focuses on the degree of long-term increase only, it would be
sufficient to measure only twice in the whole process at exactly the same hour to
estimate the ‘correct’ trend coefficient. If a research is focussed on short term
fluctuations only, and the researcher is willing to assume that daily fluctuations are
equal across days, it is sufficient to sample within one day. If no a priori knowledge
about the functional form of the process is available, the degree of detail the
researcher is interested in is the only remaining criterion. However, usually in
practice, there is reason to assume a certain functional form.

0 100 200 300 400day
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Figure 1.2. Example of true scores (i.e., without measurement error) of one subject
on a fictitious variable over time: a Gompertz function.

Figure 1.2 could represent the true scores of a subject on reading ability, that follows
a Gompertz curve (Richards, 1959). The plot clearly shows that taking five
equidistant samples between day 0 and 400 would be inefficient, because then the
steeply increasing part of the curve from day 175 to day 225 is hardly covered and the
almost constant scores between days 0 and 175, and 225 and 400 are overrepresented.
The number of samples needed to estimate the functional form reasonably well again
depends on the aim of the research, and on the assumptions concerning the functional
form a researcher can reasonably make. A researcher will usually not be satisfied with
a simple approximation of the learning process, for example by measuring at days 1,
200 and 400, and then estimating the best fitting linear trend. A researcher would
probably be reasonably satisfied with the scores obtained from sampling at the time
points indicated by circles in Figure 1.2.

A third consideration in deciding about the sampling points should be the
(expected) degree of measurement error. Measurement error hampers the study of the
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process of change. Naturally, one should try to reduce the degree of measurement
error, and use a reliable measurement instrument. Additionally, by assuming a certain
functional form, one could estimate the true scores, and thus try to filter out the
measurement error. This functional form can be strongly restricted (e.g., a linear
trend), but also weakly restricted (e.g., only a small degree of smoothness). Based on
the functional form assumptions, a curve that (according to a certain criterion)
optimally represents the observed scores can be estimated.

1.3. Two types of multisubject longitudinal data: 
longitudinal two-way data and multiple time series

In Section 1.2, we dealt with intraindividual change over time. Repeatedly collecting
scores that index the same feature, from more than one subject, enables the study of
interindividual variability in level and change. Based on the comparability of the
measurement occasions of the different subjects, we distinguish two types of
multisubject longitudinal data, namely longitudinal two-way data and multiple time
series.

In longitudinal two-way data, the measurement occasions at which the scores are
obtained, are comparable across subjects. The measurement occasions are comparable
if they take place at similar points in the process that one intends to measure for all
subjects. The scores obtained on the successive K occasions from the I subjects can be
usefully arranged in a two-way K×I matrix, hence the name ‘longitudinal two-way
data’. In such a K×I matrix, the scores considered columnwise pertain to the same
subject, and the scores considered rowwise pertain to the same occasion.

An empirical example of longitudinal two-way data is data provided by research
on the effect of a therapy on the degree of social phobia in socially phobic patients,
where the measurements are made at the start of the therapy, and one, five, nine,
thirteen and 25 weeks after the start (Scholing, 1993). If the measurements had taken
place in the first, second, sixth, tenth, fourteenth and 26th weeks of the year 2000,
while the patients had started therapy at different weeks, the measurement occasions
would not have been comparable. A specific process dependent marker is required for
the comparison of measurement occasions across subjects. In the above example, it is
the start of the therapy. This marker usually follows naturally from the research
design. A second example is a study of the degree of cognitive recovery after brain
injury, measured at one, three, six and twelve months after injury (Spikman,
Timmerman, Deelman & Van Zomeren, 1999). The occurrence of the brain injury is
the marker, here. A third example is a study of the degree of visual attention in
babies, which is measured at two-week intervals from six to 26 weeks after birth
(Butcher, Kalverboer & Geuze, in press). Here, the date of birth is taken as a marker.
In practice, a marker may not be available, or may be unsatisfactory. That is, shifted
or transformed time axes of the univariate series would make the data more
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comparable. Ramsay and Silverman (1997, Ch. 5) discuss a number of methods for
dealing with this problem.

Generally, in analyzing longitudinal two-way data, the average level and
development, and the interindividual variability are the matters of interest. The
research question is usually focussed on whether predictors of the level, degree and
form of long-term changes can be found. The development and variability of the
separate subjects is usually of marginal importance.

In multiple time series, the same feature is measured repeatedly for a number of
subjects, but measurement occasions are not comparable across subjects. The focus is
usually on intraindividual variability rather than interindividual variability, and on
short-term changes rather than long-term changes. An example is a study into the
variability in aspects of mood of a group of patients suffering from Parkinson’s
disease (Shifren, Hooker, Wood & Nesselroade, 1997; see also Chapter 6). Note that
if such mood data are collected at, for instance, the same date and time, the
measurements are not comparable across subjects, as no time point can be indicated
as a marker. A large number of measurement occasions are needed to study the
intraindividual variability in detail. Presumably because it is difficult to collect time
series for many subjects, multiple time series are usually only gathered for a small
number of subjects.

1.4. Two types of multivariate multisubject longitudinal data

In most longitudinal studies, multivariate data are collected. The variables themselves
can be composite variables. One may be interested only in the longitudinal behavior
of the distinct variables. It is then sufficient to perform several univariate analyses.
Sometimes, one is interested in phenomena described by several variables jointly. It is
then useful to study the structure of the multivariate data. This usually implies
studying the mutual linear relationships between the variables, and looking for a
smaller set of (latent) variables that summarizes the data well.

Traditionally, the structure of multivariate data collected at one time point is
examined using factor analysis methods. One can distinguish two approaches, namely
the common factor analysis approach and the component analysis approach. In
component analysis, the components (factors) are linear combinations of the
variables. The models give an approximation of the (usually standardized) data. In
common factor analysis, the scores on a variable are conceived of as consisting of a
part that is common to the variables (in terms of being correlated), and a unique part.
The factors are linear combinations of the common parts of the variables, which,
however, cannot be solved for explicitly within the factor analysis model. The
common factor model gives an approximation of the covariances or correlations
between the observed variables.

Longitudinal multivariate data collected at comparable time points from a number
of subjects are a kind of three-way data, which will be denoted by ‘longitudinal three-
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way data’ in the sequel. Three-way data are data that can be classified in three ways,
hence using three indices (Kroonenberg, 1983). Other examples of three-way data are
multivariate data from a number of subjects collected under a number of conditions,
or from a number of observers. Such different sets of entities are denoted as ‘modes’
of the data array. To apply factor analysis to three-way data, extensions of common
factor analysis (Bloxom, 1968; Bentler & Lee, 1978, 1979; Oort, 1999, 2001), as well
as component analysis (Tucker, 1966a; Carroll & Chang, 1970; Harshman, 1970;
Kroonenberg, 1983) have been proposed. The application of three-way factor analysis
techniques to longitudinal three-way data is a special topic, as this offers specific
opportunities for modeling the data. Oort (2001) discusses a number of common
factor analysis models specifically suitable for three-way data with a longitudinal
mode. In the present study, component models for longitudinal three-way data will be
provided.

In three-mode common factor analysis, one of the modes, usually the subject
mode, is considered random, and the other modes are considered fixed. Usually,
distributional assumptions are made to estimate the model parameters in the factor
analysis model. Furthermore, it is usually necessary to specify the model so that a
unique solution can be obtained. The process of model identification can be a difficult
task, which is sometimes managed by imposing ad hoc constraints that are not
necessarily realistic given the content of the study.

In three-way component analysis, all three modes are considered fixed. Hence,
they are placed on the same footing in the model. No distributional assumptions are
made in estimating the model parameters. One aims at finding a model which
minimizes the part of the data that is not described by the model. A source of
inaccuracy in the component model is the failure to take the unique variance of every
variable into account. However, this is usually not problematic in practice, as
comparable factor loadings are obtained using the two approaches, at least in the two-
way case (Harshman & Lundy, 1984a, pp. 142-144; Velicer & Jackson, 1990a &
1990b; Jackson, 1991, p. 397). Kroonenberg and Oort (2001) offer a theoretical and
empirical comparison of a three-way component model and a three-way factor model.
If the sample size is small, and/or the necessary distributional assumptions appear to
be violated, three-way component techniques are favored over three-way common
factor analysis. On the other hand, if the subjects form a random sample and the other
requirements are met, three-way factor analysis approaches appear preferable.

Factor analysis methods for analyzing multivariate time series collected from a
single subject have been treated by several authors. Molenaar (1985) and Immink
(1986) used a common factor approach. This approach requires relatively long time
series, and makes some, rather strict distributional assumptions. Bijleveld (1989) and
Van Buuren (1990) used component techniques. The simultaneous analysis of
multivariate time series obtained from more than one subject has received some
attention (Van Buuren, 1990; Bijleveld & Van der Kamp, 1998; Nesselroade &
Molenaar, 1999). However, interindividual differences are covered poorly or not at all
in those models.
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The present study deals with component analysis approaches for the analysis of
multisubject multivariate longitudinal data. Extensions of existing three-way
component models for longitudinal three-way data are proposed. These extensions
take advantage of the fact that the data are obtained at successive time points.
Furthermore, models are proposed for multisubject multivariate time series which
take intraindividual and interindividual differences into account.

This thesis is organized as follows. Chapters 2 through 5 are devoted to
component models for longitudinal three-way data. Chapter 2 discusses existing
three-way component models that can be applied to longitudinal three-way data.
Chapter 3 gives an overview of possibilities for modeling the longitudinal mode. In
Chapters 4 and 5, the ideas presented in Chapter 3 are elaborated, and applied to
three-way component models. Chapters 6 and 7 are devoted to component models for
multisubject multivariate time series. In Chapter 6, a class of methods for
simultaneously modeling multisubject multivariate time series is discussed. In
Chapter 7, the class of methods from Chapter 6 is extended to model so-called lagged
influences as well. Chapter 8 concludes the thesis with a discussion, and
recommendations for future research.


