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8. Conclusion

8.1. Summary

This thesis dealt with component models for multisubject multivariate longitudinal
data. A distinction was between two types of multisubject multivariate longitudinal
data on the basis of the comparability of measurement occasions across subjects.
Component models were discussed for both types.

The CANDECOMP/PARAFAC (CP), Tucker3, Tucker2 and Tucker1 models
were treated as possible models for longitudinal three-way data. It is often useful to
use constrained variants of those models, mainly in order to reduce the degree of error
fitting. We discussed two types of constraints that can be used in the case of
longitudinal data, namely smoothness and latent curve constraints. Usually, requiring
smoothness is a weaker and a more flexible type of constraint than imposing latent
curves on the solution. Imposing latent curve constraints typically requires extensive
knowledge about the data which is being modeled, but latent curve constraints can be
very attractive, especially if the parameters of the function have a physical
interpretation.

We discussed four variants of Simultaneous Component Analysis (SCA) and their
four lagged counterpart models for modeling multisubject multivariate time series.
The four SCA models differ in the degree of interindividual variability that is covered
in the model. Hence, one can explicitly choose the most parsimonious model possible
for a particular data set, without ignoring important aspects of the data. In this way,
the interpretation of the model is facilitated, and the chance of mistakenly fitting a
part of the error term in the model is reduced.

The lagged counterpart models of the four SCA models allow not only for
simultaneous, but also for lagged relationships between component scores and
observed scores. In the simulation experiment, the lagged SCA models appeared to be
estimated reasonably. The attempts at fitting a lagged SCA model to empirical data
were disappointing, as the estimated models were difficult to interpret. The algorithm
seemed to end in a degeneracy, a problem sometimes encountered in fitting the CP
model. The problems might occur for a particular type of multivariate time series, but
it is also quite possible, that the LSCA models are too weakly constrained to be useful
in practice. Further investigation is required to test this.
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8.2. Discussion and future work

The SCA models are useful for modeling multivariate multisubject time series. This
was illustrated by the two empirical examples in Chapter 6. Constrained versions of
the SCA models could be developed, for example by applying smoothness constraints
to the component scores. To achieve smoothness in an SCA model, one could apply a
procedure analogous to the procedure used in the CP and Tucker3 models. However,
one should be cautious when doing this. Frequently, time series are collected to
investigate the degree of intraindividual variability of processes that are subject to
fluctuations. The application of smoothness constraints implies a reduction of the
intraindividual variability in the model, compared to the unconstrained counterpart
model. It is important to realize that this reduction does not have necessarily an equal
effect for all subjects. Suppose there are two subjects with equal intraindividual
variability in the unconstrained model, then, in the smoothness constrained model, the
subject with a high level of short-term fluctuation will show less intraindividual
variability than the subject with a high level of long-term fluctuation.

In estimating the parameters of a smoothness or latent curve constrained model,
the whole series of observed scores is taken into account. This implies that, in the
models, the estimated score at a certain time point is influenced by past as well as
future scores. If one is interested in the predictive value of scores, one should apply
models that use only past information to model scores at a certain time point, for
example, autoregressive moving average models (ARMA). The linear dynamic
system model (Bijleveld, 1989) for multivariate time series is interesting in this
respect, as the component scores at the successive time points are constrained to
follow a Markov model (which is a special case of an ARMA model). The extension
of the linear dynamic system model to model multisubject multivariate time series
(Bijleveld & Bijleveld, 1997) can be written as a version of an SCA-P model, with the
component scores constrained to follow a Markov model. It might be interesting to
formulate other SCA models with component scores constrained to follow an ARMA
model as well.

In some cases, additional information on the subjects is available but is ignored in
the models for longitudinal three-way data or the multisubject multivariate time
series. The additional information, which is denoted by the term independent
variables in the sequel, can refer to measured variables, but it can also follow from the
design, for example ‘treatment group versus control group’. There are various
possibilities for actually relating the independent variables to the model at hand.
These will be discussed later. First, we focus on the distinction between time-varying
independent variables and variables that are constant across time, and the
consequences for approaches of taking this information into account in both the
models for longitudinal three-way data and multisubject multivariate time series.

In the longitudinal three-way models, independent variables that are constant
across time could be related to the subject component scores. Obviously, the type of
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preprocessing that has been performed on the raw data should be taken into account.
For example, centering the scores across measurement occasions per subject and per
variable eliminates the interindividual differences in general level from the data. As a
result, after this type of preprocessing, these differences cannot be related to the
independent variables. Time-varying independent variables could be related to the
weights for the variable component scores at each of the measurement occasions (for
example, in the case of the Tucker3 model, the columns of the matrix ( ) bGCA ′⊗ ).

In the SCA models for multivariate time series, the time-varying independent
variables for each subject can easily be related to the component scores on the
successive occasions for each subject. Independent variables that are constant across
time are somewhat more difficult to relate to the SCA models: since the interpretation
of the model parameters is easiest when the raw scores are centered across time per
variable and per subject (see Section 6.2.1), the set of I×J univariate series is analyzed
in deviation from its own mean. Hence, differences in level between subjects are
eliminated before analysis. As a result, if the goal is to relate the independent
variable(s) to the general level, one must carry out separate analyses. However, if the
goal is to model the effect of certain independent variable(s) on the degree of
intraindividual variability, it is possible to relate those variables to the SCA-IND,
SCA-PF2, and SCA-P models. For example, in the analysis of the ‘mood data’
(Section 6.4.1), one might be interested in relating the variability in ‘Emotional
stability’ to a specific independent variable, like degree of social support.

In the sequel, we will refer to the component scores or parameters of the model
that are to be related to the independent variables as the ‘dependent model
parameters’. As mentioned before, various possibilities for relating the independent
variables to the dependent model parameters exist. A first approach is to estimate a
model for longitudinal three-way data or multisubject multivariate time series, and
subsequently to relate quantitative independent variables to the dependent model
parameters by computing correlations between the independent variable scores and
the dependent model parameters; categorical independent variables can be related by
computing category averages of the dependent model parameters (Kiers & Van
Mechelen, 2001). A second approach is to incorporate the independent variables in
the model. After the dependent model parameters have been estimated, the dependent
model parameters could be regressed on the independent variable scores. This
approach will be called the ‘subsequent regression approach’. Another method is to
constrain the dependent model parameters so that they are a linear combination of the
independent variables. This approach has been proposed in the CANDELINC context
by Carroll, Pruzansky and Kruskal (1980), and can be extended to the present models
as well. In the linear dynamic system model, Bijleveld (1989) used an approach to
modeling independent variables which can be easily extended for use in the current
context. Bijleveld’s method can be viewed as covering the two approaches for
actually modeling independent variables. In the linear dynamic system model
(Bijleveld, 1989; Bijleveld & Bijleveld, 1997), the dependent model parameters are
required to be a linear combination of the independent variables to a given extent. The
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extent is manipulated using a weight for the part of the least squares loss function that
deals with the linear combination of the independent variables. The weight times the
loss function is usually denoted by the term ‘penalty’ (see, for an example in a
different context, Eilers & Marx, 1996). The respective two extremes of the
continuum are reached by setting the penalty to infinity or zero, that is, to the Carroll,
Pruzansky and Kruskal (1980) approach, and to the subsequent regression approach,
respectively. This approach using a penalty has been elaborated for applying to the
case for which both the independent and the dependent data are three-way arrays
(Smilde & Kiers, 1999).  

Each of the models that has been discussed in this thesis is fitted to data by
ordinary least squares, hence by minimizing the unweighted least squares loss
function. Under the single assumption that the errors have mean zero, ordinary least
squares parameter estimates (OLS) are unbiased (Rice, 1995). The presence of
autocorrelated errors with mean zero still provides unbiased OLS estimates, but the
estimates may be inefficient (see e.g., Seber & Wild, 1989). Serial correlation in the
errors may occur in models for longitudinal data. This can be understood as follows:
An observed univariate sequence of scores collected at successive measurement
occasions can be viewed as consisting of a true series of measurements plus random
measurement error. In the case of longitudinal data, the true series can usually be
viewed as evaluations of a certain, more or less intricate function. In modeling the
observed series as evaluations of a smooth function that is different from the true
function, autocorrelated residuals are induced. The more the fitted function deviates
from the true function, the stronger the serial correlations between the errors. Having
more sampling points in the same interval also leads to stronger serially correlated
errors. To deal with this problem, one could try to approximate the true function as
closely as possible, which usually boils down to fitting a rather complex function.
This is not always desirable; for example, one may be interested in a simple
description of the trend in the data. Alternatively, one could take the autocorrelated
error structure into account in the model and the fitting procedure, for example by
using a generalized least squares (GLS) instead of an OLS fitting procedure.
However, specifying the error structure correctly may be a difficult task in practice,
and the gain may be small.

In our applications, it is to be expected that a certain degree of autocorrelation in
the errors is present. As a result, the fitting procedures that have been used throughout
this thesis are probably not as efficient as could be. We chose to use OLS instead of
GLS, because OLS fitting procedures are easier to handle than GLS, and because we
expected the loss of efficiency to be within the acceptable range. Obviously, however,
one can use different estimation procedures that do take the autocorrelation in the
error structure into account.

The models for multivariate longitudinal data collected from more than one
subject which have been discussed here, aim at providing an optimal summary of the
data. In practice, these models can rarely be fitted to the data in a straightforward
way. In rather complex types of data, such as the type discussed here, it is wise first to
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model the data piece by piece before eventually turning it into a complex model that
encompasses the full complexity of the data. After the usual checks of the data set,
modeling the data is a process that consists of choosing particular models on the basis
of the features a model should cover, fitting the model to data, interpreting the
estimated model, and checking the stability of the model, where the different stages
are usually passed through several times.


