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Behavioral researchers are often interested in the underlying structure of multivariate data. For 
instance, if one has a multivariate data block consisting of multiple ratings of a set of emotions 
by one subject, one may wonder whether some of the emotions covary across time. To explore 
this covariation structure, dimension reduction techniques such as principal component analysis 
(PCA) are often used. PCA reduces the variables to a few dimensions that summarize the 
variance in the data block and that yield insight into which variables covary strongly and which 
do not. For the emotion example, many researchers postulate that pleasantness-unpleasantness 
and arousal-sleepiness are the relevant dimensions. 

Research questions are often more complex, however. On the one hand, one may dispose 
of multivariate time series data of more than one subject (i.e., multiblock data) and wonder 
whether the underlying structure is the same for all subjects. For example, subjects may differ 
with respect to so-called emotional granularity, i.e., for subjects low on emotional granularity 
negative or positive emotional states are highly correlated across time, whereas subjects high on 
emotional granularity experience emotions in a more fine-grained way. This type of research 
questions pertains to between-block differences in underlying structure.  

On the other hand, even the data of a single subject can be scrutinized in more detail, 
investigating whether the underlying structure is the same across all measurements or varies 
over time. For example, when physiological parameters (e.g., blood pressure, heart rate, etc.) are 
measured across time for a single subject, it is expected that (some of) these parameters take on 
extreme values (response patterning) and covary stronger (synchronicity) when an emotion-
eliciting event occurs, to enable a fast and efficient reaction of the organism. This type of 
research questions concerns within-block differences in underlying structure. 

There are some component models available for answering these types of questions, but 
they all have important limitations. Therefore, in this doctoral dissertation, we present a family 
of Clusterwise Simultaneous Component Analysis (SCA) models for studying between-block 
structural differences, on the one hand, and Switching Principal Component Analysis (PCA) for 
studying within-block structural differences, on the other hand. 

Clusterwise SCA captures the most important between-block structural differences in 
multiblock data by assigning the data blocks to a limited number of mutually exclusive clusters 
and modeling the data within each cluster by a separate set of dimensions. This implies that data 
blocks with a similar covariation structure are grouped in the same cluster. Chapter 1 introduces 
Clusterwise SCA-ECP for modeling differences in correlation structure, imposing the number of 
dimensions to be equal across clusters. Chapter 2 describes software for performing Clusterwise 
SCA-ECP analyses. Chapter 3 presents Clusterwise SCA-P for modeling differences in 
covariance structure, also using the same number of dimensions in all clusters. Chapter 4 
discusses a Clusterwise SCA-ECP variant in which the number of dimensions may differ across 
clusters. Chapter 5 presents Common and Cluster-specific SCA-ECP for distinguishing among 
dimensions that are common in that they show up in each cluster, and dimensions that are 
cluster-specific.  

Switching PCA, described in Chapter 6, models within-block structural differences in 
single subject data, as well as within-block differences in means. Switching PCA clusters the 
time points into a few phases of consecutive time points with similar means and/or covariation 
structure and performs a PCA per phase to yield insight into the covariation structure. 
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Gedragswetenschappers zijn vaak geïnteresseerd in de onderliggende structuur van multivariate 
datablokken. Indien men bijvoorbeeld beschikt over multivariate tijdsreeksdata aangaande de 
emoties van één subject, kan men zich afvragen of sommige emoties covariëren over de tijd. Om 
dergelijke covariatiestructuur te onderzoeken gebruikt men vaak dimensiereductietechnieken 
zoals principale componentenanalyse (PCA). PCA reduceert de variabelen tot enkele dimensies 
die de covariatie in het datablok goed samenvatten. Voor het emotievoorbeeld stellen vele 
onderzoekers dat ‘aangenaam-onaangenaam’ en ‘opwinding-slaperigheid’ de relevante 
dimensies zijn. 

Vaak zijn de onderzoeksvragen echter complexer. Enerzijds heeft men regelmatig 
multivariate tijdsreeksdata van meerdere subjecten (multiblok data) en vraagt men zich af of de 
onderliggende structuur dezelfde is voor alle subjecten. Subjecten kunnen bijvoorbeeld 
verschillen met betrekking tot emotionele differentiatie of granulariteit (sommige subjecten 
differentiëren weinig tussen verschillende emoties, waardoor de ervaring van verschillende 
emoties sterk samenhangt over de tijd, terwijl dat voor anderen veel minder het geval is). Zulke 
onderzoeksvragen focussen op structuurverschillen tussen blokken.  

Anderzijds wil men regelmatig de data van éénzelfde subject nauwkeuriger onderzoeken, 
door na te gaan of de onderliggende structuur hetzelfde is over alle metingen of varieert over de 
tijd. Bijvoorbeeld, wanneer men fysiologische parameters (zoals bloeddruk, hartslag, enz.) over 
de tijd meet, verwacht men dat (enkele van) deze parameters extreme waarden gaan aannemen 
(responspatroon) en sterker gaan covariëren (synchroniciteit) wanneer zich een 
emotieuitlokkende gebeurtenis voordoet, om een snelle en efficiënte reactie van het organisme 
mogelijk te maken. Dit type van onderzoeksvragen betreft structuurverschillen binnen blokken. 

Er bestaan enkele componentenmodellen voor het beantwoorden van dergelijke 
onderzoeksvragen, maar deze hebben belangrijke beperkingen. Daarom introduceren we in dit 
proefschrift enerzijds een familie van clusterwise simultane componentenanalyse modellen 
(Clusterwise SCA) voor het bestuderen van structuurverschillen tussen blokken, en anderzijds 
Switching PCA voor het nagaan van structuurverschillen binnen één blok. 

Clusterwise SCA legt de belangrijkste structuurverschillen tussen datablokken bloot door 
hen toe te wijzen aan een klein aantal clusters en de data binnen een cluster te modelleren met 
een aparte set van dimensies. Dit impliceert dat datablokken met een gelijkaardige structuur 
gegroepeerd worden in dezelfde cluster. Hoofdstuk 1 introduceert Clusterwise SCA-ECP voor 
het modelleren van verschillen in correlatiestructuur, waarbij het aantal dimensies per cluster 
constant wordt gehouden. Hoofdstuk 2 beschrijft software voor het uitvoeren van Clusterwise 
SCA-ECP analyses. Hoofdstuk 3 presenteert Clusterwise SCA-P voor het modelleren van 
verschillen in covariantiestructuur, ook met eenzelfde aantal dimensies in alle clusters. 
Hoofdstuk 4 bespreekt een Clusterwise SCA-ECP variant waarin het aantal dimensies mag 
verschillen tussen clusters. Hoofdstuk 5 introduceert ‘Common and Cluster-specific SCA-ECP 
(CC-SCA-ECP)’, waarbij sommige dimensies gemeenschappelijk zijn over clusters en andere 
clusterspecifiek.  

Switching PCA, beschreven in Hoofdstuk 6, modelleert binnen-blok structuurverschillen 
in de data van één subject, naast binnen-blok verschillen in gemiddelden. Switching PCA 
segmenteert de observaties in fasen van opeenvolgende tijdsmomenten, waarbij de fasen 
verschillen qua gemiddelden en/of qua covariantiestructuur. Per fase wordt een PCA uitgevoerd 
om inzicht te verlenen in de covariantiestructuur van die fase. 
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General introduction 
 

In behavioral research, many interesting and challenging research 

questions pertain to the underlying structure of multivariate data blocks. Such 

questions arise for example in emotion psychology. When one asks a subject to rate 

his or her momentary emotions at a number of randomly selected time points (e.g., 

Barrett, 1998), one may wonder whether some of the emotions co-occur across 

time or whether they all fluctuate independently of one another. These data 

constitute a multivariate data block, of which the rows pertain to the time points 

and the columns to the emotions under consideration.  

To answer such exploratory research questions, dimension reduction 

techniques such as principal component analysis (PCA; Jolliffe, 2002) are often 

used. In PCA, the variables are reduced to a few components that summarize the 

variance in the data block and that yield insight into which variables covary 

strongly. For instance, when analyzing the emotion data of a subject, PCA may 

reveal underlying emotion dimensions such as pleasantness-unpleasantness and 

arousal-sleepiness (Russell, 2003). Technically speaking, the data are decomposed 

into a component score matrix, reflecting the extent to which the different 

components are activated at the different time points (i.e., amount of pleasantness 

and arousal), and a loading matrix, indicating the extent to which the emotion 

variables express the respective components (e.g., anger can be considered an 

unpleasant emotion that is high on arousal and sadness an unpleasant one that is 

low on arousal).  

Often, however, research questions are more complex and cannot be 

answered by using standard PCA. On the one hand, when multivariate time series 

data are available for multiple subjects, one can wonder whether the underlying 

structure is the same for all subjects. For example, interindividual differences and 
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similarities in the covariation of emotions or in so-called emotional granularity can 

be studied (Barrett, 1998): For subjects low on emotional granularity negative or 

positive emotional states are highly correlated across time, whereas subjects high 

on emotional granularity experience emotions in a more fine-grained way. We will 

refer to such data as multiblock data, since the data of each subject represent a 

separate data block (Figure 1a). Note that this type of research question may 

pertain to other types of multiblock data as well, such as multivariate data from 

different groups of subjects. For example, when personality measures are available 

for inhabitants from different countries, one may wonder whether the well-known 

Big Five model of personality (Goldberg, 1990) holds for all countries (e.g., Diaz-

Loving, 1998). In that case, the countries constitute the data blocks and each row 

within a data block corresponds to a subject.  

On the other hand, even for the data of a single subject, one may wonder 

whether the underlying structure is the same across all measurements or varies over 

time. Thus, one can look for within-block differences in structure, which indicate 

the presence of different ‘structural phases’ in the data. For example, when 

physiological parameters (e.g., blood pressure, heart rate, etc.) are measured across 

time for a single subject, it is expected that (some of) these parameters take on 

extreme values (response patterning) and covary stronger (synchronicity) when an 

emotion-eliciting event occurs, to enable a fast and efficient reaction of the 

organism. In that case, the data can be conceived as multiblock data in which the 

subdivision into the data blocks (i.e., the phases) is latent. Without additional 

information, it is unknown how many data blocks or phases are present in the data 

and where one ends and another begins (Figure 1b). Note that this type of research 

question is specifically focused on multivariate time series data. 
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a)                                                                b) 

                  
Figure 1: The two data structures that will be considered in this doctoral 

dissertation. Solid lines indicate known distinctions between data blocks. Dashed 

lines indicate unknown distinctions in data (sub)blocks. 

 

A number of dimension reduction methods are available for exploring such 

between-block and within-block structural differences, but they either leave too 

much freedom (i.e., a separate model for each data block, not taking the time-

contiguity of time series data into account) or are too restrictive (i.e., the same 

dimensions for all data blocks, distributional assumptions with respect to the 

component scores) to answer the above-mentioned complex research questions in a 

comprehenive way (see Chapter 1 and Chapter 6 for a detailed discussion). To 

overcome those limitations, we present a family of Clusterwise SCA models for 
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studying between-block structural differences in the first five chapters of this 

dissertation and we introduce Switching PCA for studying within-block structural 

differences in the sixth chapter. In the following paragraphs, we discuss the content 

of the six chapters of this dissertation into more detail.  

 
Chapter 1: Clusterwise SCA-ECP 

Clusterwise simultaneous component analysis captures the most important 

between-block structural differences in multiblock data by simultaneously 

assigning the data blocks to a limited number of mutually exclusive clusters and 

modeling the data within each cluster with simultaneous component analysis (SCA; 

Timmerman & Kiers, 2003). The use of SCA within a cluster implies that all data 

blocks in the cluster are summarized by means of the same set of components. As 

such, data blocks with a similar component structure are grouped in the same 

cluster, whereas data blocks that belong to different clusters have a different 

underlying component structure. Thus, the structural differences between the data 

blocks can be derived from the comparison of the cluster-specific component 

structures. In Chapter 1, we present Clusterwise SCA-ECP, which imposes the 

number of components to be the same in all clusters and uses the most constrained 

variant of simultaneous component analysis within each cluster, i.e., SCA-ECP 

(Timmerman & Kiers, 2003). The latter implies that the variances of the 

component scores and their intercorrelations are constrained to be equal for each 

data block within a cluster (i.e., ‘Equal Cross-Products’ restrictions). This chapter 

was published in Psychological Methods. 

 

Chapter 2: Multiblock component analysis: Tutorial and Software 

In Chapter 2, we present a tutorial on Clusterwise SCA-ECP as well as other 

multiblock component methods and a software package for applying these methods 



 General introduction 5 

to empirical data. Specifically, we describe the steps to take when performing a 

multiblock component analysis. These steps are integrated in a point-and-click 

software package by building a graphical user interface around our Matlab 
functions. The software also encompasses missing data imputation. This chapter 

appeared in Behavior Research Methods. 

 

Chapter 3: Clusterwise SCA-P 

The Clusterwise SCA-ECP model presented in Chapter 1 imposes a rather strict 

concept of structural similarity. Indeed, constraining the correlations among the 

component scores to be equal for all data blocks within a cluster is less ideal if 

some blocks have the same component structure, but differ strongly with respect to 

component correlations. For example, given time series data on the self-reported 

emotional states of multiple subjects, it is possible that the pleasantness-

unpleasantness and arousal-sleepiness dimensions are found for all subjects, but 

that they are differentially correlated (Kuppens, 2008). In that case, Clusterwise 

SCA-ECP would assign subjects who differ with regard to this correlation to 

separate clusters, whereas putting them in the same cluster would be more 

parsimonious. Also, imposing equal variances on the component scores of each 

data block in a cluster is too restrictive if one is interested in modeling between-

block differences in variability. For example, Feldman (1995) postulated that 

subjects differ with respect to their ‘valence focus’ and ‘arousal focus’ when 

reporting on their emotions, suggesting differences in the variance of the emotion 

dimensions among subjects (e.g., subjects with a high arousal focus may display 

more variability on the arousal-sleepiness dimension than subjects with a low 

arousal focus). Therefore, Chapter 3 presents the more flexible Clusterwise SCA-P, 

which models the data within a cluster with SCA-P instead of SCA-ECP. ‘P’ refers 

to the ‘equal Pattern’ restriction, implying that only the loading matrix is 

constrained to be identical across data blocks within a cluster (Timmerman & 
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Kiers, 2003). Because Clusterwise SCA-P allows component variances and 

correlations to vary freely within each cluster, it may, in some cases, result in more 

comprehensive and/or more parsimonious solutions (in terms of the number of 

clusters) than Clusterwise SCA-ECP. Chapter 3 appeared in British Journal of 

Mathematical and Statistical Psychology. 

 

Chapter 4: Clusterwise SCA-ECP with different numbers of components for 

the clusters 

The Clusterwise SCA-ECP model in Chapter 1 has an important drawback in that 

the number of components is restricted to be equal across the clusters, which is 

often not realistic. For instance, in case of time series data on the emotions of 

several subjects, we expect the number of components to differ between the 

subjects. Specifically, for subjects low on emotional granularity the emotional 

states may be captured by a lower number of components, whereas for subjects 

high on emotional granularity a higher number of components may be needed to 

describe their emotional experiences. Therefore, in Chapter 4, we present an 

extension of Clusterwise SCA-ECP in which the number of components may vary 

over the clusters. Consequently, this Clusterwise SCA-ECP variant can model 

between-block differences in nature as well as in number of underlying 

components. Chapter 4 was published in Psychometrika. 

 

Chapter 5: Common and cluster-specific SCA-ECP 

In the above-mentioned Clusterwise SCA methods, clusters are modeled 

independently of one another. As such, these models may miss out on possibly 

interesting structural similarities across clusters. Specifically, for some empirical 

data sets, it can be assumed that some of the components are common across 

clusters, which implies that the structural differences only pertain to a subset of the 
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components. For instance, empirical research on personality traits has shown that 

three or four of the Big Five components are found in all countries, whereas the 

interpretation of the fourth and fifth component can differ across countries (De 

Raad et al., 2010; Di Blas & Forzi, 1998). In this case, a model in which the 

clusters differ with respect to only one or two out of the five components and in 

which the other components are common, seems indicated. Therefore, Chapter 5 

presents a model that adopts a more flexible perspective on structural differences 

and similarities between clusters – that is, the structural differences between 

clusters may concern only a subset of the underlying components, whereas the 

other components are common across clusters. This method is called Common and 

Cluster-specific SCA-ECP or ‘CC-SCA-ECP’. Chapter 5 will be published in 

PLoS ONE. 

 

Chapter 6: Switching PCA 

In Chapter 6, we present a component model for detecting within-block differences 

in underlying structure: Switching PCA. Given multivariate time series data of a 

single subject, Switching PCA detects phases of consecutive measurements with 

similar covariation structure and/or means, and performs a principal component 

analysis for each phase to yield insight into its covariance structure. In this chapter, 

we apply Switching PCA to cardiorespiratory recordings from a young, healthy 

man who underwent three different, experimentally induced states (i.e., baseline, 

CO2 inhalation, and recovery), and we find three phases that are related to the 

experimental manipulations and that meaningfully differ in mean levels as well as 

in covariance structure. Chapter 6 is submitted for publication in Psychological 

Methods. 
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Abstract 

Many studies yield multivariate multiblock data, that is, multiple data blocks that 

all involve the same set of variables (e.g., the scores of different groups of subjects 

on the same set of variables). The question then rises whether the same processes 

underlie the different data blocks. To explore the structure of such multivariate 

multiblock data, component analysis can be very useful. Specifically, two 

approaches are often applied: principal component analysis (PCA) on each data 

block separately and different variants of simultaneous component analysis (SCA) 

on all data blocks simultaneously. The PCA approach yields a different loading 

matrix for each data block and is thus not useful for discovering structural 

similarities. The SCA approach may fail to yield insight into structural differences, 

since the obtained loading matrix is identical for all data blocks. We introduce a 

new generic modeling strategy, called Clusterwise SCA, that comprises the 

separate PCA approach and SCA as special cases. The key idea behind Clusterwise 

SCA is that the data blocks form a few clusters, where data blocks that belong to 

the same cluster are modeled with SCA and thus have the same structure, and 

different clusters have different underlying structures. In this paper, we use the 

SCA variant that imposes equal average cross-products constraints (ECP). An 

algorithm for fitting Clusterwise SCA-ECP solutions is proposed and evaluated in 

a simulation study. Finally, the usefulness of Clusterwise SCA is illustrated by 

empirical examples from eating disorder research and social psychology. 
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1. Introduction 

In the behavioral sciences, many studies yield multivariate multiblock data, that is, 

multiple data blocks that all involve the same set of variables. For an example, one 

can think of data from different groups of subjects that are measured on the same 

variables or of data from multiple subjects that have scored the same variables on 

multiple measurement occasions (the latter type of data are sometimes called 

multioccasion-multisubject data; see Kroonenberg, 2008). In the first case the 

different groups constitute the separate data blocks, in the second case the different 

subjects.  

The question then rises whether the same structure underlies each data 

block. For example, in emotion psychology, there has been a long-lasting debate 

about the structure of emotions (e.g., Ekman, 1999; Fontaine, Scherer, Roesch, & 

Ellsworth, 2007; Russel & Barrett, 1999). In this debate, many cross-cultural 

psychologists argue that the structure may differ between cultures (Eid & Diener, 

2001; Fontaine, Poortinga, Setiadi, & Markam, 2002; MacKinnon & Keating, 

1989; Rodriguez & Church, 2003). In a similar vein, between subjects, structural 

differences in the time-varying experience of emotions can be expected. For 

example, studies have indicated that subjects differ with respect to so-called 

emotional granularity (Barrett, 1998; Tugade, Fredrickson, & Barret, 2004). For 

subjects with a low emotional granularity, negative or positive emotional states are 

highly correlated across time. Subjects with high emotional granularity experience 

emotions in a more differentiated manner, distinguishing between a variety of 

positive and negative emotions, rather than feeling overall positive or negative.  

To explore the similarities and differences in the structure of multivariate 

multiblock data, two approaches have been proposed within the component 

analysis literature. A first approach is to perform a separate principal component 

analysis (PCA; Jolliffe, 1986; Meredith & Millsap, 1985; Pearson, 1901) on each 
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data block, which summarizes the information in the data block by reducing the 

variables to a few components. For instance, when analyzing cross-cultural 

emotion data, where each data block holds the emotion scores of inhabitants of a 

particular country, a PCA is conducted for each country separately (e.g., Fontaine 

et al., 2002). In this analysis, each data block Xi is decomposed into a component 

score matrix Fi, containing the scores of the inhabitants on the components, and a 

loading matrix Bi, indicating the extent to which the scores on the emotion 

variables are determined by the respective components. Because a separate loading 

matrix is obtained for each data block, this approach leaves plenty of freedom to 

trace differences in the underlying structure of the different data blocks. To gain 

further insight, van de Vijver and Leung (1997) proposed to rotate the loading 

matrices of the different data blocks toward each other and calculate Tucker 

congruence coefficients (Tucker, 1951) between them. However, when the 

loadings differ substantially, such coefficients do not reveal potential similarities 

across data blocks. Alternatively, one may compare the component loadings of the 

variables directly. Because of the large amount of information, this is often not 

very insightful either. Especially when the number of data blocks becomes large, it 

is practically infeasible to trace differences and similarities. 

A second approach is simultaneous component analysis (SCA; Millsap & 

Meredith, 1988; Kiers, 1990; Kiers & ten Berge, 1994; Timmerman & Kiers, 2003; 

Van Deun, Smilde, van der Werf, Kiers, & Van Mechelen, 2009). In an SCA 

analysis all data blocks are reduced simultaneously, based on the assumption that 

the same components underlie the different data blocks and thus that the same 

loading matrix can be used to reconstruct these data. By applying SCA to our 

example from cross-cultural emotion research, one common loading matrix would 

be obtained for all cultures. Since a common loading matrix is imposed, this 

approach is much more parsimonious than performing a PCA on each data block 
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separately. However, this approach often leaves little room to find structural 

differences between data blocks. 

One may conclude that both PCA and SCA may fail to yield insight, 

because in the separate PCA approach structural similarities are hard to trace, and 

in SCA structural differences may be difficult to detect. Therefore, we introduce a 

new generic modeling strategy called Clusterwise SCA, which comprises the 

separate PCA approach and the SCA approach as special cases. Clusterwise SCA is 

based on the same principle as clusterwise linear regression, namely, that the data 

contain a few clusters, where each cluster has a different underlying structure 

(Brusco, Cradit, Steinley, & Fox, 2008; DeSarbo, Oliver, & Rangaswamy, 1989; 

Späth, 1979, 1982). More specifically, the key idea behind Clusterwise SCA is that 

the different data blocks form a limited number of mutually exclusive clusters, 

where data blocks that belong to the same cluster can be reconstructed by means of 

the same loadings, whereas data blocks that belong to different clusters have a 

different underlying component structure and thus imply a different loading matrix. 

In this paper, the data blocks within each cluster are modeled with the SCA variant 

that imposes Equal average Cross-Products constraints (SCA-ECP; Timmerman & 

Kiers, 2003). Therefore, the proposed modeling strategy will be called Clusterwise 

SCA-ECP. 

The remainder of this paper is organized as follows: In the following 

section, the separate PCA and SCA-ECP approaches are recapitulated, followed by 

the introduction of the new Clusterwise SCA-ECP model and a comparison of the 

latter model to other approaches for detecting structural differences and similarities 

in multivariate multiblock data. Next, Section 3 describes the aim of and an 

algorithm for Clusterwise SCA-ECP analysis and proposes a model selection 

procedure. In the fourth section, the performance of the algorithm is evaluated in 

three simulation studies. Then, the model is illustrated with an application to time 
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series data from eating disorder patients and an application to data from social 

psychology, with subjects being nested in experimental conditions. Finally, 

directions for future research are discussed. 

 

2. Model 

2.1. Data structure and preprocessing 

Clusterwise SCA-ECP can be applied to all kinds of multivariate multiblock data, 

where ‘multivariate’ indicates that multiple variables are involved and ‘multiblock’ 

implies that the data can be divided in separate data blocks according to the 

hierarchical structure of the data. Different configurations are possible. For 

instance, the data blocks may represent different groups (e.g., cultures) where the 

observations within the data blocks stem from different individuals that belong to 

these groups, or the data blocks may represent individuals with different time 

points constituting the observations within the blocks (i.e., multioccasion-

multisubject data). More formally, Clusterwise SCA-ECP requires I data blocks Xi 

(Ni × J) that contain scores on J variables, where the number of observations Ni (i = 

1, …, I) in each data block may differ between data blocks, subject to the 

restriction that Ni is larger than the number of components to be fitted (but 

preferably larger than J, for the sake of stable model estimates). These I data blocks 

can be concatenated into a N (observations) × J (variables) data matrix X, where 

1
.

I

i
i

N N
=

=∑  A graphical presentation of the data structure is given in Figure 1.   
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 J variables 

N1 observations X1 

N2 observations X2 

N3 observations X3 

 …
 

NI observations XI 

Figure 1: Graphical presentation of multivariate multiblock data.  

 

Note that three-way three-mode data (for an introduction, see 

Kroonenberg, 2008) are a special case of multivariate multiblock data, in which all 

the groups consist of the same subjects, or in which all the subjects are measured 

on the same time points. Moreover, note that a distinction can be made between 

‘multigroup’ and ‘multilevel’ multiblock data, based on whether the data blocks are 

considered fixed or random respectively (Timmerman, Kiers, Smilde, Ceulemans, 

& Stouten, 2009). For instance, if each data block contains the scores of a single 

subject, the data blocks are fixed when one is only interested in the subjects in the 

study and random when one wants to generalize the conclusions toward a larger 
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population of subjects. As Clusterwise SCA-ECP is a deterministic method (i.e., no 

distributional assumptions are made), it is applicable to both multigroup and 

multilevel data.  

  Clusterwise SCA-ECP is designed for tracing similarities and differences 

in the within structure of the data (i.e., the correlational structure within each of the 

data blocks). Therefore, the differences between the data blocks in the means of the 

variables, which is often called the between structure, should be removed from the 

data. This is achieved by centering the variables per data block. Moreover, 

arbitrary differences between the variables in measurement scale are usually 

eliminated in component analysis by scaling the data. In the case of multivariate 

multiblock data, two scaling options have been advocated. The first option is 

autoscaling (Kiers & ten Berge, 1994), which implies that each variable is rescaled 

per data block, such that the sum of squares per variable is equal to the number of 

observations Ni for the data block in question. This leads to a variance of one per 

variable for each data block. Note that when the centering per data block is 

combined with autoscaling, the preprocessing is equivalent to calculating z-scores 

within each data block. The second option is to rescale across the data blocks 

(Timmerman & Kiers, 2003), implying a variance of one per variable across all 

data blocks, so that differences between the data blocks in variability are preserved. 

In this paper we have chosen the first option, to focus on the correlational 

differences between the data blocks rather than the differences in variances. In 

what follows, we assume each data block Xi to be centered and autoscaled. 

 

2.2. Principal component analysis on each of the data blocks separately  

Applying PCA to each data block iX  (i = 1, …, I) separately implies that the 

underlying structure is allowed to differ across data blocks in that the data blocks 
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may be characterized by different loading matrices Bi. Formally, this model can be 

written as follows: 

 i i i i′= +X F B E   (1) 

where Fi (Ni × Q) denotes the component score matrix containing the Q component 

scores for observation 1, …, Ni, where the number of components Q is assumed to 

be the same across data blocks, Bi (J × Q) denotes the loading matrix for the ith 

data block, and Ei (Ni × J) denotes the matrix of residuals. Note that since the 

variables are standardized per data block, the loadings in Bi equal the correlations 

between the respective components and variables, in case of orthogonal 

components. 

The loading matrices Bi (i = 1, …, I) of the PCA solutions may be 

orthogonally or obliquely rotated, provided that such a transformation is 

compensated for in the component score matrices Fi. Therefore, standard rotational 

procedures (e.g., varimax; Kaiser, 1958) can be applied to obtain solutions which 

are easier to interpret. When an oblique rotation is used, the components become 

correlated to some extent. Consequently, the loadings may not be interpreted as 

correlations but as weights that indicate the extent to which each variable is 

influenced by the respective components. 

 

2.3. Simultaneous component analysis 

SCA differs from the separate PCA approach in that the underlying components are 

assumed to be the same across the data blocks, implying that the loadings of the 

variables are identical. Specifically, the SCA-ECP model (Kiers & ten Berge, 

1994; Timmerman & Kiers, 2003) is given by 

 i i i′= +X F B E  (2) 
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where Fi (Ni × Q) denotes the component score matrix of the ith data block, B (J × 

Q) denotes the loading matrix, which is identical for all data blocks and therefore 

does not have an index i, and Ei (Ni × J) denotes the matrix of residuals. In the 

SCA-ECP model, the component score matrices Fi are constrained in that the 

variances and the correlations of the component scores in Fi are restricted to be 

equal across data blocks (with all the component correlations being zero if the 

components are orthogonal), i.e., 1
i i iN − ′ =F F Φ . To partly identify the solution, the 

variances of the component scores are fixed at one, implying that the diagonal 

elements of Φ  are set to one.  

Note that Timmerman and Kiers (2003) also described three less restrictive 

variants of the SCA model, for which the variances and/or correlations of the 

component scores in Fi are allowed to vary across data blocks. Differences in the 

component variances and/or correlations may reveal some structural differences 

between the data blocks. For instance, when some of the data blocks have hardly 

any variance on a certain component, this may indicate that the component 

concerned does not underlie those data blocks. In that case, a rotation can be 

applied to distinguish such ‘distinctive’ components from the common components 

more clearly (see DISCO-SCA; Schouteden, Van Deun, Pattyn, & Van Mechelen, 

2013). However, in practice, differences in component variances (or correlations) 

are usually gradual rather than distinct, making it hard to deduce structural 

differences between the data blocks. On top of that, SCA-ECP imposes equality of 

the component variances and correlations across data blocks and thus rules out 

tracing structural differences. In the next section, we will motivate why we selected 

the SCA-ECP variant for the Clusterwise SCA. 

As is the case for PCA solutions, the components of an SCA-ECP solution 

can be freely rotated without altering the fit of the solution. Specifically, the 

loading matrix B can be transformed by multiplying it by any rotation matrix, 
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provided that such a transformation is compensated for in the component score 

matrices Fi (i = 1, …, I). 

 

2.4. Clusterwise SCA-ECP 

As stated in the introduction, the key idea behind Clusterwise SCA-ECP is that the 

different data blocks fall apart into K mutually exclusive clusters. The data blocks 

that belong to the same cluster are driven by the same processes, whereas data 

blocks that belong to different clusters come about through different mechanisms. 

Clusterwise SCA-ECP deals with these differences in underlying structure by 

partitioning the I data blocks into K clusters and modeling the data blocks within 

each cluster by an SCA-ECP model, assuming the number of components Q to be 

the same across the clusters.  

In this paper, the goal is to capture the structural differences between the 

data blocks with the clustering. To ensure that data blocks with a different within 

structure will be allocated to different clusters, the SCA-ECP model is imposed for 

each cluster. Any alternative SCA model would leave room for structural 

differences between the data blocks within a cluster, such as differences in 

variances of the component scores.  

Formally, the model equation of Clusterwise SCA-ECP is given by  

 ( ) ( ) ( )

1 1

K K
k k k

i ik i i ik i i
k k

p p
= =

′ ′= + = +∑ ∑X F B E F B E  (3) 

where K is the number of clusters, pik denotes the entries of the binary partition 

matrix P (I × K), which equal one when data block i is assigned to cluster k and 

zero otherwise, ( )k
iF (Ni × Q) denotes the component score matrix of data block i 

when assigned to cluster k, ( )kB (J × Q) denotes the loading matrix of cluster k (k = 

1, …, K) and Ei (Ni × J) denotes the matrix of residuals. The loading matrices ( )kB
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are shared by all data blocks that belong to a particular cluster. As can be seen in 

the left part of Equation 3, the index k in ( )k
iF  is mostly omitted in the remainder of 

this paper, because each data block Xi is assigned to one cluster only. Note that 

since the parameter estimates of an SCA-ECP solution have rotational freedom, the 

components of a Clusterwise SCA-ECP solution can also be freely rotated within 

each cluster without altering the fit of the solution. 

To illustrate the Clusterwise SCA-ECP model, we make use of the 

hypothetical data matrix X in Table 1. X contains the scores of four subjects on six 

variables pertaining to emotions and physical activity at 8, 9, 7, and 10 

measurement occasions, respectively. This data matrix can be perfectly 

reconstructed by the Clusterwise SCA-ECP solution with two clusters and two 

components, of which the partition matrix, cluster loading matrices, and 

component score matrices are presented in Tables 2, 3, and 4, respectively. 

From Table 2, it can be read that the four subjects fall apart into two 

clusters, where subjects 1 and 4 belong to the first cluster and subjects 2 and 3 to 

the second. To trace the structural differences between these two clusters, we 

inspect the cluster loading matrices B(1) and B(2) in Table 3. For both clusters, a 

positive affect component and a negative affect component are found. The 

difference between the two clusters lies in how positive and negative emotions are 

related to physical activity. Specifically, B(1) shows that for the subjects in cluster 

1, there is a relation between physical activity and positive affect, with both being 

unrelated to negative affect, whereas B(2) reveals that for the subjects of cluster 2, 

being physically active is related to negative affect and not to positive affect.   
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Table 1: Hypothetical data matrix X with the (rounded off) scores of four subjects on 

six variables measuring emotions and physical activity. 

  Variables 
Subject Observation Happy Pleased Sad Ashame

 

Moving Sporting 
1 1 −1.4 −1.4 −1.1 −1.1 −1.4 −1.4 
 2 0.5 0.5 2.4 2.4 0.5 0.5 
 3 −0.2 −0.2 −0.6 −0.6 −0.2 −0.2 
 4 −0.2 −0.2 0.7 0.7 −0.2 −0.2 
 5 1.4 1.4 −0.2 −0.2 1.4 1.4 
 6 0.3 0.3 0.9 0.9 0.3 0.3 
 7 0.2 0.2 −0.8 −0.8 0.2 0.2 
 8 1.6 1.6 −1.4 −1.4 1.6 1.6 

2 1 2.6 2.6 −0.8 −0.8 −0.8 −0.8 
 2 −0.7 −0.7 0.7 0.7 0.7 0.7 
 3 0.2 0.2 0.8 0.8 0.8 0.8 
 4 −0.1 −0.1 −0.2 −0.2 −0.2 −0.2 
 5 −1.9 −1.9 0.2 0.2 0.2 0.2 
 6 −0.4 −0.4 −1.2 −1.2 −1.2 −1.2 
 7 −1.8 −1.8 −1.1 −1.1 −1.1 −1.1 
 8 0.8 0.8 0.1 0.1 0.1 0.1 
 9 −0.9 −0.9 0.7 0.7 0.7 0.7 

3 1 −0.2 −0.2 0.1 0.1 0.1 0.1 
 2 −2.1 −2.1 −0.5 −0.5 −0.5 −0.5 
 3 −0.8 −0.8 0.3 0.3 0.3 0.3 
 4 1.4 1.4 −0.6 −0.6 −0.6 −0.6 
 5 −1.1 −1.1 0.5 0.5 0.5 0.5 
 6 1.0 1.0 0.7 0.7 0.7 0.7 
 7 0.1 0.1 1.7 1.7 1.7 1.7 

4 1 1.1 1.1 1.4 1.4 1.1 1.1 
 2 −0.3 −0.3 −2.0 −2.0 −0.3 −0.3 
 3 0.7 0.7 −0.2 −0.2 0.7 0.7 
 4 −2.1 −2.1 −1.2 −1.2 −2.1 −2.1 
 5 −0.4 −0.4 2.9 2.9 −0.4 −0.4 
 6 −0.8 −0.8 0.8 0.8 −0.8 −0.8 
 7 −1.6 −1.6 1.4 1.4 −1.6 −1.6 
 8 0.5 0.5 −1.1 −1.1 0.5 0.5 
 9 0.3 0.3 −0.5 −0.5 0.3 0.3 
 10 0.0 0.0 −0.3 −0.3 0.0 0.0 
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Table 2: Partition matrix P of the Clusterwise SCA-ECP decomposition with two 

clusters and two components of X in Table 1. The ones indicate to which cluster 

each person is assigned. 

 Clusters 
Subject Cluster 1 Cluster 2 

1 1 0 
2 0 1 
3 0 1 
4 1 0 

 

 

Table 3: Component loading matrices B(1) and B(2) of the Clusterwise SCA-ECP 

decomposition with two clusters and two components of X in Table 1. 

 Cluster 1  Cluster 2 
 Positive 

affect &  
physical 
activity 

Negative 
affect 

 Positive 
affect 

Negative 
affect &  
physical 
activity 

Happy 1 0  1 0 
Pleased 1 0  1 0 
Sad 0 1  0 1 
Ashamed 0 1  0 1 
Moving 1 0  0 1 
Sporting 1 0  0 1 
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Table 4: Component score matrices Fi of the Clusterwise SCA-ECP 

decomposition with two clusters and two components of X in Table 1. ‘PA’ is 

positive affect and ‘NA’ is negative affect. 

  Cluster 1  Cluster 2 
  PA &  

physical activity NA  PA NA &  
physical activity Subject Observation 

1 1 −1.4 −1.1    
 2 0.5 2.4    
 3 −0.2 −0.6    
 4 −0.2 0.7    
 5 1.4 −0.2    
 6 0.3 0.9    
 7 0.2 −0.8    
 8 1.6 −1.4    

2 1    2.6 −0.8 
 2    −0.7 0.7 
 3    0.2 0.8 
 4    −0.1 −0.2 
 5    −1.9 0.2 
 6    −0.4 −1.2 
 7    −1.8 −1.1 
 8    0.8 0.1 
 9    −0.9 0.7 

3 1    −0.2 0.1 
 2    −2.1 −0.5 
 3    −0.8 0.3 
 4    1.4 −0.6 
 5    −1.1 0.5 
 6    1.0 0.7 
 7    0.1 1.7 

4 1 1.1 1.4    
 2 −0.3 −2.0    
 3 0.7 −0.2    
 4 −2.1 −1.2    
 5 −0.4 2.9    
 6 −0.8 0.8    
 7 −1.6 1.4    
 8 0.5 −1.1    
 9 0.3 −0.5    
 10 0.0 −0.3    
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From the component score matrices Fi in Table 4, it can be derived how 

positive or negative the subjects feel on the different measurement occasions. Note 

that the scores in Table 1 can be reconstructed by combining the matrices in Tables 

2, 3, and 4 according to Equation 3. For example, from Table 1 it can be read that 

subject 1 has a score of −1.4 on the variable ‘happy’. By means of Equation 3, we 

can reconstruct this score as follows: [ ] [ ]1.4 1.1 * 1 0 ′− − , where * denotes the 

inner product of the vectors, [ ]1.4 1.1− −  are the component scores of the first 

observation of the subject in question and [ ]1 0  are the loadings of ‘happy’ for 

the first cluster, to which the subject belongs.  

Finally, from Equation 3 it is clear that the Clusterwise SCA-ECP model is 

a generic modeling strategy for tracing differences and similarities in underlying 

structure, in that it comprises the separate PCA and SCA-ECP approaches as 

special cases. Specifically, when the number of clusters K is set to one, the model 

reduces to a regular SCA-ECP model. In case the number of clusters K equals the 

number of data blocks I, the model boils down to a separate PCA on each data 

block.  

 

2.5. Relations to existing models 

In the past decades, several models and associated algorithms have been developed 

for tracing differences in the underlying structure of multivariate data. In this 

section, we focus on methods for multiblock data, discarding a number of 

techniques that combine clustering and dimension reduction in the context of single 

block data – such as reduced K-means (Bock, 1987; De Soete & Carroll, 1994), 

factorial K-means (Vichi & Kiers, 2001; Timmerman, Ceulemans, Kiers, & Vichi, 

2010), mixtures of factor analyzers (McLachlan & Peel, 2000), mixture structural 

equation modeling (mixture SEM; Dolan & van der Maas, 1998; Jedidi, Jagpal, & 
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DeSarbo, 1997; Yung, 1997), high-dimensional data clustering (Bouveyron, 

Girard, & Schmid, 2007) – and three-way three-mode data – such as Tucker3 

clustering (Rocci & Vichi, 2005), three-way factorial K-means (Vichi, Rocci & 

Kiers, 2007). All existing techniques differ from Clusterwise SCA-ECP in at least 

one of the following respects: Is the method exploratory or confirmatory? Is the 

model deterministic or stochastic, i.e., are assumptions made about the underlying 

probability distributions? What kind of data is required: two-mode data or one-

mode data? What type of data reduction is performed? 

Within the family of deterministic models, Clusterwise SCA-ECP is related 

to points-of-view analysis (Tucker & Messick, 1963). This method was proposed 

to handle multiple one-mode (dis)similarity data blocks. The data blocks are 

clustered and for each cluster multidimensional scaling (MDS) is performed 

(Kruskal & Wish, 1978). It can be concluded that Clusterwise SCA-ECP differs 

from this method with respect to the kind of data that are dealt with and the type of 

data reduction, as Clusterwise SCA-ECP deals with two-mode instead of one-mode 

data blocks and uses SCA-ECP instead of MDS for the data reduction. 

Within the stochastic framework, Clusterwise SCA-ECP is mainly related 

to multigroup structural equation modeling (multigroup SEM; Jöreskog, 1971; 

Kline, 2004; Sörbom, 1974) and multigroup exploratory factor analysis 

(multigroup EFA; Dolan, Oort, Stoel, & Wicherts, 2009; Hessen, Dolan, & 

Wicherts, 2006) on the one hand and multilevel latent class analysis (Vermunt, 

2003, 2008a) and multilevel mixture factor analysis (Varriale & Vermunt, 2012; 

Vermunt, 2008b) on the other hand.  

Multigroup SEM is a confirmatory method for multiblock data that 

imposes a structural equation model (Haavelmo, 1943; Kline, 2004) for each data 

block. Similarly, multigroup EFA is an exploratory method, in which an 

exploratory common factor model (Lawley & Maxwell, 1962) is estimated for each 
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data block. The factor loading structure can be constrained to be the same for each 

data block (as in SCA) or different for each data block (as in separate PCA). To 

determine whether the factor loading structure is invariant over the blocks, the fit 

of the constrained and unconstrained model are compared. Thus, multigroup SEM 

and multigroup EFA differ from Clusterwise SCA-ECP in that these methods do 

not perform a clustering of the data blocks. Moreover, in multigroup SEM and 

multigroup EFA, it is assumed that the observations within a particular data block 

are independent. Therefore, modeling multioccasion-multisubject data with 

multigroup SEM or EFA would not be correct, due to the serial dependencies 

between successive measurements. Thus, Clusterwise SCA-ECP has as major 

advantage over multigroup SEM and EFA that no assumptions about within-block 

dependencies are made. When these dependencies exist, they may be captured in 

the component scores. 

Multilevel latent class analysis (MLCA) as well as multilevel mixture 

factor analysis (MMFA) implies a clustering of the data blocks. However, a crucial 

difference between the latter techniques and Clusterwise SCA-ECP is that in 

MLCA and MMFA the clustering is based on between-block differences in 

variable means, thus capturing the between structure, whereas in Clusterwise SCA-

ECP the clustering of the data blocks is performed according to between-block 

differences in within-block structure.  

From this overview of related models, it can be concluded that no other 

model is available for two-mode multivariate multiblock data that clusters the data 

blocks based on the within-block structure. 
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3. Data analysis 

3.1. Aim of Clusterwise SCA-ECP analysis 

For a given number of clusters K and components Q, the aim of a Clusterwise 

SCA-ECP analysis is to find the partition matrix P, the component score matrices 

Fi, and the loading matrices ( )kB that minimize the loss function: 

 ( ) 2

1 1
|| ||

I K
k

ik i i
i k

L p
= =

′= −∑∑ X F B  (4) 

Note that on the basis of the loss function value L, the percentage of variance 

accounted for (VAF) can be computed as follows: 

 
2

2VAF(%) 100
L−

= ×
X

X
. (5) 

 

3.2. Algorithm 

Ideally, one would wish to develop a Clusterwise SCA-ECP algorithm that returns 

a globally optimal solution. To this end, the algorithm should sieve through all 

possible partitions of the data blocks in a smart way. However, for the related K-

means clustering problem (MacQueen, 1967), this becomes very time-consuming if 

the data set contains a large number of observations (Aloise, Hansen, & Liberti, 

2012; Brusco, 2006), because the number of possible partitions grows very large. 

Our problem requires additional computations, since data reduction is performed 

within each cluster, thus a search of all possible partitions seems not feasible for 

Clusterwise SCA-ECP. Therefore, we developed a fast relocation algorithm that 

can handle large numbers of data blocks but may end in a local minimum. 

More specifically, to obtain a (K,Q) Clusterwise SCA-ECP solution that 

minimizes the loss function (Equation 4), an alternating least squares (ALS) 

procedure is used, that consists of four steps: 
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1. Randomly initialize partition matrix P: Initialize the partition matrix P by 

randomly assigning the I data blocks to one of the K clusters, where each 

data block has an equal probability of being assigned to each cluster. If one 

of the clusters is empty, repeat this procedure until all clusters contain at 

least one element. 

2. Estimate the SCA-ECP model for each cluster: Estimate the Fi and ( )kB

matrices for each cluster k = 1, …, K by performing a rationally started 

SCA-ECP analysis (Timmerman & Kiers, 2003) on the Xi data blocks 

assigned to the kth cluster. To this end, the loading matrix ( )kB is rationally 

initialized, based on the singular value decomposition of the vertical 

concatenation of the data blocks within cluster k, denoted by ( )kX . Next, an 

ALS procedure is performed, in which ( )kF  and ( )kB  are iteratively re-

estimated, where ( )kF is the vertical concatenation of the component scores 

of all data blocks within cluster k. Specifically, ( )kF  is (re-)estimated by 

performing a singular value decomposition for all data blocks Xi that 

belong to cluster k: ( )k
iX B  is decomposed into Ui, Si and Vi with 

( )k
i i i i

′=X B U S V ; a least squares estimate of ( )k
iF  is given by 

( )k
i i i iN ′=F U V  (ten Berge, 1993). ( )kB  is updated by 

( ) ( ) ( ) 1 ( ) ( )(( ) )k k k k k−′ ′ ′=B F F F X . This way, cluster loading matrices ( )kB  are 

obtained that ‘average’ the underlying structure of the data blocks within a 

cluster. Note that due to the SCA-ECP restrictions on the component 

variances and correlations of each ( )k
iF , the ( )kF  and ( )kB  matrices for 

each cluster k cannot be obtained directly by means of a singular value 

decomposition of ( )kX . 
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3. Re-estimate the partition matrix P: For each data block, a component score 

matrix ( )k
iF  is computed for each cluster k, by means of the same 

computations that are used for updating the component score matrices 

within SCA-ECP (see Step 2). The extent to which the data block fits in the 

different clusters is quantified by computing the following block-and-

cluster-specific partition criterion: 
2

( ) ( ) .k k
ik i iL ′= −X F B  Each data block 

is assigned to the cluster k for which Lik is minimal. When one of the K 

clusters is empty after this procedure, the data block with the worst fit in its 

current cluster is moved to the empty cluster. 

4. Steps 2 and 3 are repeated until convergence is reached, i.e., until the 

decrease of the loss function value L (Equation 4) for the current iteration 

is smaller than the convergence criterion of 1 × 10-6. 

To reduce the probability of ending up in a local minimum, it is advised to 

use a multistart procedure with different random initializations of the partition 

matrix P. In the algorithm, a rational start is used for the SCA-ECP analysis within 

each cluster (see Step 2 of the algorithm). The results of a pilot study reveal that 

the use of multiple random starts rather than a single rational start does not improve 

the performance of the Clusterwise SCA-ECP algorithm, and therefore we deem 

the use of multiple random starts to be unnecessary for the within-cluster SCA-

ECP analyses. The described algorithm has been implemented in Matlab R2010a 

and can be obtained freely from the first author. Moreover, user-friendly software 

for applying Clusterwise SCA-ECP has already been developed (De Roover, 

Ceulemans, & Timmerman, 2012) and is available for potential users at: 

http://ppw.kuleuven.be/okp/software/MBCA/. It is also possible to run the software 

as a stand-alone application (i.e., without Matlab). 

 

http://ppw.kuleuven.be/okp/software/MBCA/
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3.3. Model selection 

When applying Clusterwise SCA-ECP analysis, the underlying number of clusters 

K and components Q is usually unknown. To deal with this, Clusterwise SCA-ECP 

solutions are estimated with several values for K and Q. Subsequently, a solution is 

selected on the basis of formal model selection techniques, interpretability and 

stability of the solutions. As a formal model selection technique, one may consider 

to use a generalization of the well-known scree test (Cattell, 1966), which aims at 

selecting a model with an optimal balance between fit and parsimony. Specifically, 

one may plot the percentage of variance accounted for (Equation 5) of the different 

solutions against the number of components for each value of K. The number of 

clusters K is established by examining the general increase in fit (i.e., over the 

different numbers of components) that is obtained by adding a cluster and choosing 

the number of clusters after which this general increase in fit levels off. Finally, 

considering the solutions with K clusters only, the number of components Q is 

determined for which it holds that adding more components does not ‘significantly’ 

increase the fit to the data. The use of this model selection procedure is further 

illustrated below when applying it to empirical data sets. To evaluate the stability 

of the retained solution, one can examine how often (specific aspects of) the 

obtained partition show up across the different random starts in the multistart 

procedure. 

 

4. Simulation studies 

In this section, we first present a large simulation study in which the performance 

of the Clusterwise SCA-ECP algorithm is evaluated when the correct number of 

clusters and components is known. Next, two smaller simulation experiments are 

discussed in which we investigate how the performance is affected by less 

favorable analysis conditions. Specifically, we examine the effect of using an 
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incorrect number of clusters or components and the effect of the presence of 

masking variables in the data (i.e., variables in which the cluster structure is not 

reflected; see e.g., Brusco & Cradit, 2001; Vichi & Kiers, 2001). 

 

4.1. Simulation study 1 

4.1.1. Problem 

The first simulation study is an extensive study in which the Clusterwise SCA-ECP 

algorithm is evaluated with respect to goodness of fit, sensitivity to local minima, 

and goodness of recovery, under optimal conditions, i.e., when the data to be 

analyzed are generated from a Clusterwise SCA-ECP model with a known number 

of clusters K and components Q. Furthermore, we examine whether the 

performance of the algorithm is influenced by seven factors: (1) the number of data 

blocks, (2) the number of observations per data block, (3) the number of underlying 

clusters and (4) components, (5) the cluster size, (6) the amount of error on the 

data, and (7) the structure of the loading matrices of the different clusters. These 

factors were chosen because their influence is often investigated in simulation 

studies on clustering algorithms and/or because they are theoretically interesting. 

Factors 1 and 2 pertain to sample size. On the basis of previous research (Brusco & 

Cradit, 2005; Hands & Everitt, 1987), we expect that the Clusterwise SCA-ECP 

algorithm will perform better when more information is available (i.e., more data 

blocks and/or more observations per data block). With respect to Factors 3 and 4, 

which refer to the complexity of the underlying model, we hypothesize that the 

goodness of fit and recovery will decrease with increasing complexity (Brusco & 

Cradit, 2005; Milligan, Soon, & Sokol, 1983; Timmerman et al., 2010). Regarding 

Factor 5, cluster size, we conjecture that better results will be obtained when the 

clusters are of equal size (Brusco & Cradit, 2001; Milligan et al., 1983; Steinley, 

2003). For Factor 6, amount of error, we expect that performance will deteriorate 
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when the data contain more error (Brusco & Cradit, 2005). Finally, Factor 7, 

structure of the cluster loading matrices, was manipulated to study whether the 

performance deteriorates when the structures underlying the different clusters 

overlap more, where overlap is defined in terms of congruence between the 

loadings of the different clusters. Moreover, we expect ordinal interactions between 

(some of) these factors. Specifically, we conjecture that the worst results will be 

obtained with small data sets that contain, apart from a lot of error, many clusters 

of different sizes, of which the cluster loading matrices are highly congruent.   

 

4.1.2. Design and procedure 

In this simulation study, the number of variables J was fixed at 12. Furthermore, 

the seven factors that were introduced above were systematically varied in a 

complete factorial design: 

1. the number of data blocks I at 2 levels: 20, 40; 

2. the number of observations per data block Ni at 3 levels: Ni ~ U[15; 20], 

Ni ~ U[30; 70], Ni ~ U[80; 120], with U indicating a discrete uniform 

distribution between the given numbers; 

3. the number of clusters K at 3 levels: 2, 3, 4; 

4. the number of components Q at 3 levels: 2, 3, 4; 

5. the cluster size, at 3 levels (see Milligan et al., 1983): equal (equal number 

of data blocks in each cluster); unequal with minority (10% of the data 

blocks in one cluster and the remaining data blocks distributed equally over 

the other clusters); unequal with majority (60% of the data blocks in one 

cluster and the remaining data blocks distributed equally over the other 

clusters); 

6. the error level e, which is the expected proportion of error variance in the 

data blocks Xi: .00, .20, .40. 
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7. the structure of the loading matrices ( )kB  of the different clusters at 3 

levels: simple structure, random with low congruence, and random with 

high congruence. 

With respect to the latter factor, at the simple structure level, the cluster 

loading matrices all had simple structure, with the set of variables constituting the 

different components varying across the different clusters. For instance, the cluster 

loading matrices for K and Q equal to four were constructed as follows: 

(1)

1 0 0 0
1 0 0 0
1 0 0 0
0 1 0 0
0 1 0 0
0 1 0 0
0 0 1 0
0 0 1 0
0 0 1 0
0 0 0 1
0 0 0 1
0 0 0 1

 
 
 
 
 
 
 
 
 =  
 
 
 
 
 
 
 
  

B  (2)

0 1 0 0
1 0 0 0
1 0 0 0
0 0 1 0
0 1 0 0
0 1 0 0
0 0 0 1
0 0 1 0
0 0 1 0
1 0 0 0
0 0 0 1
0 0 0 1

 
 
 
 
 
 
 
 
 =  
 
 
 
 
 
 
 
  

B   (3)

1 0 0 0
0 1 0 0
1 0 0 0
0 1 0 0
0 0 1 0
0 1 0 0
0 0 1 0
0 0 0 1
0 0 1 0
0 0 0 1
1 0 0 0
0 0 0 1

 
 
 
 
 
 
 
 
 =  
 
 
 
 
 
 
 
  

B   (4)

1 0 0 0
1 0 0 0
0 1 0 0
0 1 0 0
0 1 0 0
0 0 1 0
0 0 1 0
0 0 1 0
0 0 0 1
0 0 0 1
0 0 0 1
1 0 0 0

 
 
 
 
 
 
 
 
 =  
 
 
 
 
 
 
 
  

B  

Random cluster loading matrices with low congruence were obtained by sampling 

the loadings uniformly between −1 and 1. Finally, random cluster loading matrices 

with high congruence were constructed as follows: First, a common base matrix 

was uniformly sampled between −1 and 1. Subsequently, the rows of this matrix 

were rescaled to have a sum of squares equal to .9. Next, for each cluster a new 

random matrix, uniformly sampled between −1 and 1 and rescaled to have a 

rowwise sum of squares equal to .1, was added to the base matrix to form the 

cluster loading matrix.  
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To evaluate how much the resulting cluster loading matrices differ in each 

level of factor 7, they were orthogonally procrustes rotated to each other (i.e., for 

each pair of cluster loading matrices, one was chosen to be the target matrix and 

the other was rotated toward the target matrix) and a congruence coefficient ϕ 1 

(Tucker, 1951) was computed for each pair of corresponding components in all 

pairs of ( )kB  matrices. Subsequently, a grand mean of the obtained ϕ  values was 

calculated, over the components and cluster pairs. The resulting ϕ  values led to the 

conclusion that the differences between the cluster loading matrices are large at the 

random, low-congruence level (average ϕ  across data sets = .41, SD = 0.09), rather 

small at the simple structure level (average ϕ  = .71, SD = 0.07), and very small at 

the random, high-congruence level (average ϕ  = .93, SD = 0.02). Therefore, the 

levels of this factor can also be labeled ‘low congruence’, ‘medium congruence’ 

and ‘high congruence’, respectively. 

For each cell of the factorial design, 50 data matrices X were generated, 

consisting of I data blocks Xi. These data blocks were constructed as follows:   

 ( )k
i i i

′X = F B + E  (6) 

where the component score matrix Fi and error matrix Ei were generated by 

randomly sampling entries from a standard normal distribution. The partition 

matrix P was generated by first computing the size of the different clusters and 

then randomly assigning the correct number of data blocks to the clusters. The 

cluster loading matrices ( )kB  were generated as described above (factor 7). 

Subsequently, the error matrices Ei and the cluster loading matrices ( )kB  were 

rescaled to obtain data that contain a proportion e of error variance (factor 6). 

                                                           
1 The congruence coefficient (Tucker, 1951) between two column vectors x and y is defined 

as their normalized inner product: ϕ
′

′ ′xy
x y=

x x y y
. 
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Finally, the resulting Xi matrices were standardized columnwise and were 

vertically concatenated into the matrix X. 

In total, 2 (number of data blocks) × 3 (number of observations per data 

block) × 3 (number of clusters) × 3 (number of components) × 3 (cluster size) × 3 

(error level) × 3 (structure of cluster loading matrices) × 50 (replicates) = 72,900 

simulated data matrices were generated. Each data matrix X was analyzed with the 

Clusterwise SCA-ECP algorithm, with the correct number of clusters K and 

components Q. The algorithm was run 25 times, each time using a different 

random start, and the best solution was retained. 

 

4.1.3. Results 

4.1.3.1. Goodness of fit 

On average the VAF (Equation 5) equals 99% (SD = 1.18), 84% (SD = 1.54) and 

69% (SD = 2.74) when 0%, 20% and 40% error variance is present in the data 

(factor 6), respectively. Note that in the 0% error condition, the means and standard 

deviations of the simulated component score matrices will differ from zero and 

one, due to sampling fluctuations, implying that the simulated data do not perfectly 

comply with the SCA-ECP assumptions. This explains why these data sets cannot 

be fitted perfectly. The results for the 20% and 40% error conditions indicate that 

part of the error variance is fitted and thus that overfitting occurs. To gain more 

insight into when overfitting occurs, the amount of overfit was computed as the 

difference between the VAF by the estimated model and the VAF by the true 

model: 

2 2

1 1 1 1
1 1

overfit (%) VAF VAF 100

N J N J

n= j= n= j=

N J

   
− − − − −   

   = − = ×
×

∑∑ ∑∑
M T

X M X T
 (7) 
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where T is the true data matrix (i.e., the data before error was added) and M 

contains the reconstructed scores of the best solution out of the 25 random runs. 

Note that X always differs from T, even in those cases where no error was added, 

because X, unlike T, is a preprocessed matrix. For all 72,900 data sets, the overfit 

value was larger than zero, implying that overfitting always occurs. Subsequently, 

an analysis of variance was performed with overfit as the dependent variable and 

the seven factors as independent variables. Finally, to examine which main and 

interaction effects have a large effect size, omega-squared proportions of total 

variance 2ω̂  (Hays, 1963; Olejnik & Algina, 2000) were computed. A large 

omega-squared was found for the main effect of the amount of error variance  

( 2ω̂  = .68), which implies that the error variance acounts for 68% of the variance 

in the overfit value. As expected, the overfit increases when more error variance is 

present in the data (Figure 2a). The amount of error further interacts with the 

number of components ( 2ω̂  = .09): the more components, the more overfitting 

(Figure 2a). Finally, a main effect of the number of observations per data block  

( 2ω̂  = .14) was revealed, implying that the amount of overfit is larger when less 

observations are available (Figure 2b). Other effects are not discussed, because 

they account for less than 7.5% of the variance of the dependent variable. 

 

4.1.3.2. Sensitivity to local minima 

The sensitivity of the Clusterwise SCA-ECP algorithm to local minima should be 

evaluated by comparing the loss function value of the retained solution with that of 

the global minimum. However, the global minimum of the Clusterwise SCA-ECP 

analysis of a data set X is unknown, because the simulated data do not perfectly 

comply with the Clusterwise SCA-ECP assumptions, as was explained before. 
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Figure 2: Mean overfit values and associated 95% confidence intervals as a 

function of the number of components and the amount of error variance 

(e × 100%) (a) and as a function of the number of observations per data block (b). 

 

Alternatively, we first evaluated whether the best fitting solution out of the 

25 solutions from the multistart procedure yielded a higher loss function than the 

solution resulting from seeding the algorithm with the true Fi, ( )kB and P. If this 

were the case, the multistart solution is a local minimum for sure. Such a local 

minimum was found for 1,230 out of the 72,900 simulated data matrices (1.69%). 

Out of these 1,230 data sets 1,206 belong to the condition in which the cluster 

loading matrices are random with high congruence. Moreover, the majority (1,199) 
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of these 1,206 data sets contain a lot of error variance (i.e., e = .40) and/or have a 

low number of observations per data block (i.e., between 15 and 20). 

 To investigate further the issue of local minima, we examined the 

proportion of random runs that had a loss function value that was equal to that of a 

proxy of the global minimum. This proportion will be called ‘global minimum 

proportion’ in the remainder of the paper. Note that the proxy is the best fitting 

solution resulting from seeding the algorithm with the true Fi, ( )kB and P on the one 

hand and from the 25 random runs on the other hand. On average, the global 

minimum proportion equals .81 (SD = 0.26). An analysis of variance was 

performed with the global minimum proportion as the dependent variable, which 

revealed main effects of the number of observations per data block, of the number 

of clusters K, and of the type of cluster loading matrices, and an interaction effect 

of the number of observations per data block and the type of cluster loading 

matrices. The effect of the number of observations per data block ( 2ω̂  = .11) 

implies that having fewer observations per data block leads to a lower global 

minimum proportion (Figure 3b). The effect of the number of clusters ( 2ω̂  = .17) 

implies that the more clusters are present in the data, the lower the global minimum 

proportion (Figure 3a). With respect to the effect of the amount of congruence 

between the cluster loading matrices ( 2ω̂  = .19), the global minimum proportion is 

lower for the random loading matrices with a high congruence (Figure 3b). The 

interaction of the latter effect with the number of observations per data blocks  

( 2ω̂  = .09) implies that the effect of the congruence between the cluster loading 

matrices is stronger when the number of observations per data block is lower, and 

vice versa (Figure 3b).  
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Figure 3: Mean values and associated 95% confidence intervals of the proportion 

of random runs with a loss function value equal to that of the proxy of the global 

minimum (‘global minimum proportion’) as a function of the number of clusters (a) 

and as a function of the number of observations per data block and the congruence 

of the cluster loading matrices (b). 

 

4.1.3.3. Goodness of recovery 

The goodness of recovery will be evaluated with respect to (a) the clustering of the 

data blocks and (b) the cluster loading matrices. 
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4.1.3.3.1. Recovery of the clustering of the data blocks 

To examine the goodness of recovery of the cluster membership of the data blocks, 

we computed the Adjusted Rand Index (ARI; Hubert & Arabie, 1985) between the 

true partition of the data blocks and the estimated partition. The ARI equals one if 

the two partitions are identical, and equals zero when the overlap between the two 

partitions is at chance level. 

 
Figure 4: Mean ARI and associated 95% confidence intervals as a function of the 

number of observations per data block and the congruence of the cluster loading 

matrices (low, medium, or high). 

 

With an overall mean ARI of .98 (SD = 0.11) the Clusterwise SCA-ECP 

algorithm appears to recover the clustering of the data blocks very well. An 

analysis of variance was performed with ARI as the dependent variable and the 

seven factors as independent variables. An interaction effect between the 

congruence of the cluster loading matrices and the number of observations per data 
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block ( 2ω̂  = .12) was found, which implies that the ARI is lower when the 

congruence between the cluster loading matrices is high, given that the number of 

observations per data block is low (i.e., between 15 and 20; see Figure 4).   

 

4.1.3.3.2. Recovery of the cluster loading matrices 

To evaluate the recovery of the cluster loading matrices, we obtained a goodness-

of-cluster-loading-recovery (GOCL) statistic by computing congruence coefficients 

ϕ  (Tucker, 1951) between the components of the true and estimated loading 

matrices and averaging across components and clusters as follows: 
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with ϕ  being the Tucker phi coefficient and ( )Tk
qB and ( )Mk

qB  indicating the qth 

component of the true and estimated cluster loading matrices, respectively. The 

rotational freedom of the Clusterwise SCA-ECP model was dealt with by an 

orthogonal procrustes rotation of the estimated loading matrices toward the true 

loading matrices. To take the permutational freedom of the clusters into account, 

the permutation was chosen that maximizes the GOCL value. The GOCL statistic 

takes values between zero (no recovery at all) and one (perfect recovery). 

In our simulation study, the GOCL value varies between .86 and 1.00, with 

a mean value of .9969 (SD = 0.01), indicating an excellent recovery of the ( )kB

matrices. An analysis of variance was performed with GOCL as the dependent 

variable, which revealed a main effect of the number of observations per data block 

( 2ω̂  = .20) – the lower the number of observations per data block, the worse the 

cluster loading matrices are recovered (Figure 5) – and a main effect of the error 

level ( 2ω̂  = .14) – the cluster loading matrices are more difficult to recover when 
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the data contain more error (Figure 5). The main effects of error and the number of 

observations per data block are qualified by the interaction of these factors  

( 2ω̂  = .08): The effect of the number of observations per data block is stronger 

when the data contain more error (Figure 5). 

 
Figure 5: Mean GOCL and associated 95% confidence intervals as a function of 

the number of observations per data block and the amount of error variance 

(e × 100%). 
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To investigate how the goodness of recovery is affected by performing Clusterwise 

SCA-ECP with an incorrect number of clusters or components, we simulated data 

according to the seven-factor design from Simulation study 1, with five replications 
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with K − 1 clusters and Q components per cluster, and (4) with K + 1 clusters and 

Q components per cluster – were K denotes the correct number of clusters and Q 

the correct number of components that is underlying the data. When using incorrect 

values of Q (analysis 1 and 2), the overall ARI equals .79 (SD = 0.34) and .96 

(SD = 0.16) when Q − 1 and Q + 1 components are extracted for each cluster, 

respectively. Thus, extracting too many components (‘overextraction’) appears to 

be less problematic for the recovery of the clustering than extracting too few 

components (‘underextraction’). This makes sense, as for some data sets all Q 

components will be needed to properly distinguish between the clusters, whereas 

overextraction will most often yield all the information needed to disentangle the 

different clusters. Moreover, these results are in line with literature on the effects of 

overextraction and underextraction in component analysis (Fava & Velicer, 1992; 

Wood, Tataryn, & Gorsuch, 1996); i.e., it is generally found that overextraction 

introduces less error to the estimated loading structure than underextraction.  

When using incorrect values of K, the most interesting question is how this 

affects the recovery of the clustering. When estimating too few clusters, we 

hypothesize that either two underlying clusters will be fused or the data blocks of 

one true cluster will be spread across two or more of the estimated clusters. Vice 

versa, when estimating too many clusters, we expect that either one true cluster 

will be split up or an additional cluster will be composed in the analysis out of an 

amalgam of data blocks that belong to different true clusters. To evaluate which of 

these phenomena occurs, we computed the ARI between the estimated clustering 

and the true clustering in which two clusters were merged (too low K used) or the 

true clustering splitting one of the true clusters into two clusters (too high K used); 

note that all possible splits and fusions were considered, retaining the split or 

fusion that yielded the highest ARI value. If these ARI values equal one, this 

implies that the analysis deals with misspecification of K by cleanly fusing two true 

clusters or splitting one true cluster. Indeed, on average, ARI amounts to .99 
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(SD = 0.07) for the analyses with one cluster too few (note that the data sets with 

two true clusters were not taken into account) and .98 (SD = 0.08) for the analyses 

with one cluster too many.  

 

4.3. Simulation study 3 

An additional small simulation study was performed to evaluate the goodness of 

recovery of Clusterwise SCA-ECP analyses when the data contain variables that do 

not reflect the cluster structure of interest. These variables can mask the clustering 

and are thus named ‘masking variables’ (see, e.g., Brusco & Cradit, 2001; Vichi & 

Kiers, 2001). The design of the simulation study consists of factors 3, 4, 6, and 7 of 

Simulation study 1, with the number of data blocks (factor 1) fixed at 40, the 

number of observations per data block (factor 2) between 80 and 120, and equal 

cluster sizes (factor 5). Each cell of the design was replicated 10 times. To each of 

the thus obtained 810 data matrices, consisting of 12 variables, 6 masking variables 

were added. To test the influence of two kinds of masking variables, the six 

masking variables could be summarized either by the same two components across 

all datablocks (810 data sets in the no-clustering condition) or by two components 

that differed across the data blocks and thus reflected another clustering of the data 

blocks than the clustering of interest (810 data sets in the conflicting-clustering 

condition). The loadings of these additional masking components are sampled 

uniformly between −1 and 1 (as in level 1 of factor 7 in Simulation study 1). Each 

simulated data matrix is analyzed by Clusterwise SCA-ECP using the correct 

number of clusters and components.  

On average, the ARI between the true clustering and the estimated 

clustering amounts to .97 (SD = 0.13) and .71 (SD = 0.43) in the no-clustering and 

conflicting-clustering conditions, respectively. In the conflicting-clustering 

condition, the ARI largely depends on the level of congruence of the cluster loading 
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matrices for the 12 original variables ( 2ω̂ = .50): The mean ARI is .99, .86 and .29 

for cluster loading matrices with low, medium, and high congruence, respectively. 

 

4.4. Conclusion 

On the basis of Simulation study 1 we can conclude that for simulated data sets, the 

Clusterwise SCA-ECP algorithm is not prone to end in a local minimum when 

using a multistart procedure with 25 random starts, given that the correct number of 

clusters and components are used. Furthermore, the algorithm appears to recover 

both the partition matrix and the relative sizes of the cluster loadings very well. 

The latter result puts the tendency of the algorithm for overfitting in perspective, as 

it suggests that the overfitting primarily boils down to a slight overestimation of the 

loadings, which is a well-known result in component analysis and does not affect 

the interpretation of the components (see, e.g., Velicer, Peacock, & Jackson, 1982). 

On the basis of Simulation study 2, we can infer that the performance of 

Clusterwise SCA-ECP is affected more by using too few clusters or components 

than by using too many. Typically, when using one cluster too many, one of the 

underlying clusters is split up in the estimated model. Finally, Simulation study 3 

has shown that masking variables have little influence on the goodness of recovery, 

except when the masking variables reflect a conflicting clustering and the 

clustering of interest is less distinct due to high congruence of the corresponding 

cluster loading matrices. 

The results of the simulation studies can be translated into some guidelines 

about the use of Clusterwise SCA-ECP analysis in practice. First, 

Simulation study 1 indicated that 25 random starts are sufficient under ideal 

conditions. Therefore, when analyzing empirical data, one may adopt the following 

strategy: When exploring different numbers of clusters and components, 25 starts 

can be used, but afterward, when one retains some solutions (i.e., some particular 
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combinations of K and Q) for further investigation, it may be wise to repeat the 

estimation of these solutions with a larger number of random starts (say, 50 or 100) 

to reduce the probability of obtaining a local minimum. Also, Simulation study 1 

indicates that one should be cautious when the number of observations per data 

block is low, when the number of clusters and components may be large, when the 

data may contain a lot of error, and when the cluster loadings may be highly 

congruent. Among these data characteristics, the number of observations per data 

block is the only one that can be observed; therefore, we emphasize that it is 

important to have enough observations within each data block (preferably more 

observations than variables). Second, the results of Simulation study 2 imply that 

when in doubt about the underlying number of clusters or components, it is 

advisable to consider high enough numbers. Third, on the basis of Simulation study 

3, we hypothesize that when the data contain masking variables, Clusterwise SCA-

ECP will still be able to recover the clustering, unless the structures of the clusters 

are highly congruent or the number of masking variables is too large. 

 

5. Illustrative application 1 

In this section, we present an empirical example from eating disorder research. In 

this research domain, it has been observed that a substantial proportion of patients 

with eating disorders, like anorexia nervosa (AN) or bulimia nervosa (BN), engage 

in high levels of physical activity (Beumont, Arthur, Russel, & Touyz, 1994; 

Davis, 1997; Solenberger, 2001). Partly due to the absence of a clear operational 

definition of excessive exercise, few studies have provided estimates of the 

prevalence of this high-level exercising among eating disorder patients. However, 

there is some consensus that approximately 80% of the AN and 55% of the BN 

patients engage in excessive exercising (Davis, Kaptein, Kaplan, Olmsted, & 

Woodside, 1998; Epling, Pierce, & Stefan, 1983; Peñas-Lledó, Vaz Leal, & Waller, 
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2002). To explain this excessive physical activity at the within-patient level, two 

hypotheses have been put forward about the underlying psychological processes. 

The drive for thinness hypothesis states that eating disorder patients engage in 

physical activity because they are actively trying to lose weight by burning calories 

(Davis, 1997; Davis, Kennedy, Ravelski, & Dionne, 1994; Heatherton & 

Baumeister, 1991). The affect regulation hypothesis reads that physical activity is a 

way of coping with chronically negative affect (Davis, Katzman, & Kirsh, 1999; 

Holtkamp, Hebebrand, & Herpertz-Dahlmann, 2004; Thome & Espelage, 2004). In 

the subgroup of patients who do not display excessive levels of physical activity, 

physical activity at the within-patient level is not expected to be related to burning 

calories but to increased positive affect, just as in normal control subjects (Gauvin, 

Rejeski, & Norris, 1996; Kelsey et al., 2006). 

To trace whether there are interindividual differences in how physical 

activity is related to drive for thinness and affect, Vansteelandt, Rijmen, Pieters, 

Probst and Vanderlinden (2007) studied 32 female patients of the specialized 

inpatient eating disorder unit of the University Psychiatric Centre in Leuven, 

Belgium. Of these patients, 19 suffered from AN and 13 from BN. During one 

week, at nine randomly selected times a day the patients were signaled by an 

electronic device to fill out a questionnaire. The questionnaire consisted of 22 

items that aimed at measuring the momentary drive for thinness, positive and 

negative emotional states, urge to be physically active, and physical activity. 

Inevitably, patients typically missed some of the 63 signals (7 days × 9 signals) 

resulting in a different number of assessments for different patients. On average 

45.60 (SD = 10.78) observations were obtained per patient. This study results in a 

data matrix X of 1,459 observations by 22 variables, consisting of 32 submatrices 

Xi, one for each patient, where each Xi was centered and autoscaled. Vansteelandt 

et al. (2007) also asked all patients to fill in the Eating Disorder Inventory (EDI), 



 Clusterwise SCA-ECP 47 

the Commitment to Exercise Scale (CES), the Symptom Checklist (SCL-90) and 

the Beck Depression Inventory (BDI) as between-patient measures. 

 
Figure 6: Percentage of explained variance for separate PCA, SCA-ECP, and 

Clusterwise SCA-ECP solutions for the eating disorder data, with the number of 

components varying from one to eight and the number of clusters for Clusterwise 

SCA-ECP varying from two to eight. 

 

To trace the most important interindividual differences in within-patient 

relations between drive for thinness, affect and physical activity, we analyzed the 
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varying from one to eight. The Clusterwise SCA-ECP solutions with K equal to 

one are SCA-ECP solutions (see Section 2.4). Separate PCAs were also performed. 

In Figure 6 the percentage of explained variance of the different Clusterwise SCA-

ECP solutions is plotted against the number of components for each value of K.  

To select a model out of the obtained solutions, we used the model 

selection procedure that was described in Section 3.3. First, the number of clusters 

K is determined. Since going from one (i.e., SCA-ECP) to two clusters gives an 

increase in fit of about 2.5%, whereas adding more clusters hardly improves the 

percentage of explained variance, we decided to choose between the solutions with 

two clusters. Second, out of these solutions, a model with two components is 

chosen, since the scree line of the Clusterwise SCA-ECP solutions with two 

clusters shows an elbow at that point. On top of that, the solution with two 

components and two clusters appeared to be the best in terms of interpretability of 

the cluster loading matrices and stability of the subject partition. For the eating 

disorder data, the best fitting partition allocates 25 subjects in cluster 1 and seven 

subjects in cluster 2. This partition occurs once within the 25 runs. Out of the 

remaining runs, however, 22 yield a solution with a very similar partition in which 

only one or two subjects are assigned to another cluster. Reallocating these subjects 

does not alter the structure of the cluster loading matrices. Since the partition with 

seven subjects in cluster 2, which is the global optimum to the best of our 

knowledge, is retrieved only once in the 25 randomly started runs of the algorithm, 

it may as well be missed in another 25 runs. So, in this case, performing a higher 

number of runs (e.g., 100), would be useful to decrease the probability of landing 

in a local minimum. 
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Table 5: Normalized varimax rotated loadings for the two clusters of the eating 

disorder data. Loadings greater than +/−.30 are highlighted in boldface. PA is 

positive affect, NA is negative affect. UPhA is urge to be physically active, PhA is 

physical activity and DT is drive for thinness. 
 Cluster 1  Cluster 2 
 PA vs. NA Drive for 

thinness 
hypothesis 

  Pleased  
 vs. NA 

PA & 
physical 
activity 

Pleased (PA) .71 .09  .47 .45 
Happy (PA) .72 .07  .34 .53 
Appreciated (PA) .48 .08  −.08 .73 
Love (PA) .41 .12  .09 .69 
Sad (NA) −.76 −.05  −.75 .01 
Angry (NA) −.69 .00  −.32 .03 
Lonely (NA) −.65 −.01  −.68 −.04 
Anxious (NA) −.59 .06  −.30 −.06 
Tense (NA) −.66 .10  −.51 −.22 
Guilty (NA) −.55 .04  −.31 .02 
Irritated (NA) −.52 .06  −.36 −.08 
Ashamed (NA) −.53 .01  −.09 .05 
Feel fat (DT) −.43 .28  −.15 −.19 
Feel ugly (DT) −.46 .18  −.23 .01 
Want to burn calories (DT) −.19 .61  .00 −.04 
Want to lose weight (DT) −.30 .34  −.08 .01 
Want to be active (UPhA) −.07 .78  .11 −.12 
Want to move (UPhA) −.07 .77  .12 −.11 
Want to sport (UPhA) −.07 .73  −.02 −.09 
Am active (PhA) .15 .61  −.03 .46 
Am moving (PhA) .11 .61  −.06 .51 
Am sporting (PhA) .16 .48  −.02 .17 

 



50 Chapter 1  

The normalized varimax rotated component loadings2 for the two clusters 

of this solution are given in Table 5. In this table, it can be seen that in cluster 1 all 

emotions load high on the first component, which is therefore labeled positive (PA) 

versus negative affect (NA). Feeling fat and ugly also load high on this component 

and are related to negative affect. The second component of this cluster shows high 

loadings for the items measuring urge to be physically active (UPhA), physical 

activity (PhA), and drive for thinness (DT). This indicates that urge to be 

physically active, physical activity, and drive for thinness (especially drive for 

burning calories and losing weight) covary, which is in line with the drive for 

thinness hypothesis. In cluster 2 a different structure shows up. The first 

component has highly negative loadings for the negative emotions and highly 

positive loadings for the emotions ‘pleased‘ and ‘happy‘. Therefore this first 

component is labeled pleased versus negative affect. On the second component all 

positive emotional states are loading high, together with two of the physical 

activity items. The second component thus indicates that positive affect and 

physical activity are related for the subjects in cluster 2.  

In summary, the patients in the first cluster tend to engage in physical 

activity when they feel the momentary urge to be physically active and burn 

calories (drive for thinness). For the subjects in cluster 2, however, physical 

activity is not driven by a drive for thinness or by affect regulation. Instead, 

physical activity is related to positive affect, so it seems that they tend to move 

more when they are feeling happier (or vice versa). As a result, it appears that 

Clusterwise SCA-ECP made a distinction between the cluster of patients engaging 

in excessive activity to burn calories and the cluster of patients who do not engage 

in excessive physical activity and for whom activity is associated with positive 
                                                           
2 Some eating disorder patients (especially in cluster 2) displayed no variance on one or 
more of the variables. As the invariant scores cannot be rescaled to have a variance of one, 
they were replaced by zeros. Therefore, in this case, even though the components are 
orthogonal, the loadings should be read as weights rather than correlations.  
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affect as in normal controls. When we use the prevalence estimates of excessive 

exercising in eating disorders mentioned in the introduction of this section, we 

expect about 22 of the subjects (.80 x 25 AN patients + .55 × 7 BN patients) to 

belong to cluster 1 and 10 to cluster 2, which is in line with the results (25 belong 

to cluster 1 and 7 to cluster 2). 

These between-cluster differences in the mechanisms behind physical 

activity are further related to the severity of the eating disorder. Specifically, 

comparing the scores of the patients in clusters 1 and 2 on the Beck Depression 

Inventory (t = 4.36, p < .001), the Commitment to Exercise Scale (t = 3.48, p = 

.002), and the Eating Disorder Inventory (t = 2.66, p = .02) reveals that the patients 

in cluster 1 are more depressed, are more committed to physical exercise and have 

higher body dissatisfaction. These results are in line with the original study of 

Vansteelandt et al. (2007), who also found that the within-patient relation between 

drive for thinness and urge to be physically active/physical activity – the relation 

found in cluster 1 – was stronger for patients scoring higher on depression in 

particular and pathology in general. 

This application illustrates the value of Clusterwise SCA-ECP as a generic 

modeling strategy, since it shows that with this strategy, a solution with a good 

balance between fit and model complexity can be obtained. Specifically, when two 

components are extracted, performing separate PCAs explains roughly 10% more 

variance than the standard (i.e., non-clusterwise) SCA-ECP approach. Yet, by 

classifying the 32 subjects in two clusters only, Clusterwise SCA-ECP was already 

able to explain about 2.5% more variation than standard SCA-ECP. Since fitting 

more than two clusters leads to considerably smaller increases in fit, the additional 

clusters seem to chart more idiosyncratic structural differences. We can conclude 

that the selected Clusterwise SCA-ECP solution is only slightly more complex than 

the corresponding SCA-ECP solution, but yields much more information on the 
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underlying mechanisms of physical activity for the eating disorder patients. More 

specifically, in line with earlier findings in eating disorder research, for the eating 

disorder patients that display high levels of (urge for) physical activity (cluster 1), 

being active is associated with drive for thinness (Davis, 1997), whereas for the 

patients who do not engage in excessive physical activity (cluster 2), activity is 

related to positive affect (Gauvin et al., 1996; Kelsey et al., 2006). 

 

6. Illustrative application 2 

The second empirical example stems from social psychology and addresses how 

people react emotionally to unequal (and hence unfair) outcomes dependent on the 

personal need of another person. That is, people in need may arouse empathy, and 

this is likely to have an effect on the emotional reaction. This was examined with a 

public-good dilemma game in which the participant and an opposing player 

contribute to a public good. Note that a good becomes a public good when 

individuals can benefit from the good even if they did not contribute to its 

provision. Yet, when the combined investment of both players is sufficient, the 

public good can be provided and both obtain a reward. An important principle in 

public-good dilemmas is equality (Van Dijk & Wilke, 1995, 2000): When both 

players contribute equally, they want to be rewarded equally. Violation of equality 

is perceived as unjust and elicits anger (Stouten, De Cremer, & Van Dijk, 2005). In 

case of inequality, the subject’s negative emotional reactions may be mollified if 

the advantaged person is in personal need, because feelings of sympathy and 

empathy can be aroused (Stouten, Ceulemans, Timmerman, & Van Hiel, 2011). 

To study the effects of equality violation and the opponent being in need 

on a broad range of emotions, Stouten et al. (2011) performed an experimental 

study in which 282 participants played a public-good dilemma with an alleged 

opponent, in which it was said that sufficient contributions were made to provide 
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the public good. Hence, both players earned a reward. In the experiment, two 

factors were fully crossed, yielding six conditions. First, the reward was equal for 

both players (equal conditions) or was higher for the opponent (unequal 

conditions). Second, the amount of empathy was manipulated at three levels. In the 

high-empathy conditions, participants received a message about a negative 

personal event that happened to the opponent and were asked to imagine how the 

opponent felt. In the low-empathy conditions, participants also received the above 

message but were asked to take an objective perspective. In the control conditions, 

participants did not receive a message. After the game, participants were asked 

how they felt using 21 emotion terms, to be rated on a 7-point Likert scale. This 

study resulted in a data matrix of 282 participants by 21 emotions, where each of 

the participants was nested within a particular equality/empathy condition. 

To investigate how the structure of the experienced emotions within a 

condition possibly differs across the six conditions, we applied Clusterwise SCA-

ECP to the data. We used 25 random starts and varied K from one to six and Q 

from one to six. Clusterwise SCA-ECP solutions with K equal to one are SCA-ECP 

solutions, and Clusterwise SCA-ECP with K equal to six boils down to the separate 

PCA approach since there are six conditions (see Section 2). In Figure 7, the 

percentage of explained variance of the different Clusterwise SCA-ECP solutions 

is plotted against the number of components Q for each value of K. Upon 

inspection of Figure 7, we decided to select a solution in which the conditions are 

grouped into two clusters, because going from one (SCA-ECP) to two clusters 

gives a large increase in fit, whereas adding more clusters gives substantially 

smaller improvements in fit. Subsequently, we selected the model with two 

components, since the scree line of the Clusterwise SCA-ECP solutions with two 

clusters showed a clear elbow at two components. 
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Figure 7: Percentage of explained variance for separate PCA, SCA-ECP, and 

Clusterwise SCA-ECP solutions for the dilemma game data, with the number of 

components varying from one to six, and the number of clusters for Clusterwise 

SCA-ECP varying from two to five. 

 

In the selected solution, cluster 1 contains all equal conditions (equal/high 

empathy, equal/low empathy, equal/control) and cluster 2 all unequal conditions 

(unequal/high empathy, unequal/low empathy, unequal/control). Thus, the equality 

factor seems to have the largest effect on the underlying structure of the emotion 

patterns in the different conditions. 
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Table 6: Normalized varimax rotated loadings for the two clusters of the dilemma 

game data. Loadings greater than +/−.35 are highlighted in boldface. PA is 

positive affect, NA is negative affect. 

 Equal conditions     Unequal conditions 
 PA vs. NA Empathy  PA vs. NA Empathy 
Angry −.84 −.06  −.76 .00 
Hurt −.77 .01  −.47 .20 
Irritated −.84 .14  −.79 −.02 
Annoyed −.85 .10  −.87 −.10 
Frustrated −.85 .15  −.83 −.10 
Dissappointed −.84 .09  −.75 −.00 
Indignant −.81 .15  −.76 −.20 
Enraged −.80 .10  −.74 −.05 
Hostile −.75 −.04  −.61 −.01 
Fearful −.77 .16  −.17 .49 
Surprised −.29 .46  −.50 .01 
Relieved .28 .54  .43 .51 
Elated .57 .39  .27 .62 

 
Warm .44 .47  .30 .51 
Happy .72 .28  .64 .35 
Satisfied .77 .23  .63 .31 
Sympathetic .16 .25  .03 .62 
Compassionate −.34 .57  .02 .61 
Tenderhearted −.21 .72  −.07 .74 
Concerned −.37 .52  −.14 .55 
Tender .09 .76  .22 .42 

 

The normalized varimax rotated component loadings for the two clusters of 

the selected solution are given in Table 6. In this table, it can be seen that the first 

component of the cluster with the equal conditions is a positive affect versus 

negative affect (‘PA vs. NA’) component. The second component is characterized 

by high loadings for empathic emotions such as ‘compassionate’ and 

‘tenderhearted’ and thus can be labeled ‘empathy’. The components of the unequal 

conditions are rather similar to the ones of the equal conditions, and can be labeled 
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‘PA vs. NA’ and ‘empathy’ as well. However, a very different loading pattern 

across the two clusters is found for three emotions: fearful, surprised and 

sympathetic.  

‘Fearful’ loads highly on the PA vs. NA component in the equal conditions 

cluster, whereas in the cluster with unequal conditions it is related to the empathy 

emotions of the second component. A tentative interpretation of this reads that 

within the unequal conditions, it may be that people who react empathically (e.g., 

based on the message received) to the unequal treatment also feel fearful because 

they do not know what is going to happen next. Additionally, participants may feel 

powerless, which is also argued to be one of the core components of fear 

(Ellsworth & Smith, 1988). Hence, due to the uncertainty of the situation and the 

fact that participants have to accept the given situation, they also feel fearful.  

‘Surprised’ loads high on the empathy component in the equal conditions, 

and on the PA vs. NA component in the unequal conditions. Thus, in the equal 

conditions the feelings of surprise go together with an empathic reaction, whereas 

in the unequal conditions surprise is associated with anger about the unequal 

treatment of the players of the game. This negative surprise is elicited as part of the 

unexpected result of receiving unequal outcomes (e.g., feeling stunned, seeking 

understanding).  

Concerning ‘sympathetic’, it can be seen that in the unequal conditions this 

emotion loads higher on the empathy component than in the equal conditions. 

Although participants received an unequal (and unfair) outcome, the fact that the 

other person was in need elicits understanding and therefore the feeling of 

sympathy. This implies that in the unequal conditions, sympathy is associated with 

an empathetic reaction toward the opponent, whereas this is less outspoken in the 

equal conditions.  
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This empirical example with subjects nested within groups shows that 

Clusterwise SCA-ECP can also be a useful tool to explore structural differences 

between groups of subjects. Moreover, this application demonstrates that 

Clusterwise SCA-ECP is able to detect interpretable differences in component 

structure, even when these differences are small. 

 

7. Discussion 

In scientific research, many questions concern differences and similarities in the 

underlying structure of multivariate multiblock data. To answer such research 

questions, two commonly used strategies are separate principal component 

analyses and simultaneous component analysis, with the first one often being too 

flexible to provide insight and the second one too parsimonious to detect 

differences. Therefore, the Clusterwise SCA-ECP model was introduced as a 

generic modeling strategy for detecting structural differences and similarities in 

multiblock multivariate data, where each data block can consist of multiple 

measurements for a certain subject or of multiple subjects that belong to a 

particular group. Specifically, the most important structural differences between 

the data blocks are captured by clustering the data blocks: Data blocks with similar 

component loadings are grouped in the same cluster, whereas data blocks from 

different clusters have different component loadings. Thus, the structural 

differences between the data blocks can be derived from the comparison of the 

cluster loading matrices. Clusterwise SCA-ECP comprises the separate PCA 

(number of clusters equal to number of data blocks) and SCA-ECP (number of 

clusters equal to one) approaches as special cases, as well as all the intermediate 

solutions (number of clusters between one and number of data blocks). Therefore, 

it allows one to look for a solution with a good balance between fit and model 

complexity.  
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We see various directions for future research, at the level of the data, the 

level of the model, and the level of the data analysis.  

Level of the data. The data blocks were autoscaled, implying that the 

information on the between-block differences in variability is lost. For certain 

research questions, these differences can be very interesting; for example, to study 

whether emotions vary more over time for some people than for others and whether 

these differences in variability are related to personality traits (Oravecz, 

Tuerlinckx, & Vandekerckhove, 2009). Therefore, it may be worthwhile to 

consider standardizing the variables over the data blocks. This implies severe 

adjustments to the modeling strategy, however. 

Level of the model. By using SCA-ECP within each cluster, all between-

block differences in correlations between component scores must go into the 

clustering. Thus, data blocks with the same component loadings but different 

correlations between the components would be assigned to separate clusters. For 

example, when personality traits are measured for subjects from a number of 

countries, it is possible that although in some countries the same personality traits 

are found, they are differentially correlated. In that case, Clusterwise SCA-ECP 

would assign these countries to separate clusters, whereas putting them in the same 

cluster would be more parsimonious. A solution would be to use a variant of SCA 

within the clusters that allows for differences in correlations between the 

components. 

Level of the data analysis. In this paper, the number of components was 

fixed across the clusters. This is often not very realistic. For example, in studies on 

emotional granularity, subjects with a high granularity are expected to have more 

components in their affect space than subjects with a low emotional granularity. 

Thus, in future research it would be useful to allow the number of components to 

vary between clusters. 

http://ppw.kuleuven.be/okp/people/Zita_Oravecz/
http://ppw.kuleuven.be/okp/people/Francis_Tuerlinckx/
http://ppw.kuleuven.be/okp/people/Joachim_Vandekerckhove/
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To conclude, we presented Clusterwise SCA-ECP, a versatile and generic 

modeling strategy for detecting and describing structural differences and 

similarities in multivariate multiblock data. User-friendly Clusterwise SCA-ECP 

software is available online (http://ppw.kuleuven.be/okp/software/MBCA/). Based 

on simulation studies, guidelines were formulated for the use of Clusterwise SCA-

ECP analysis in practice.  
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component analysis in practice. Behavior Research Methods, 44, 41–56. 
 

 

Abstract 

To explore structural differences and similarities in multivariate multiblock data 

(e.g., a number of variables have been measured for different groups of subjects, 

where the data for each group constitute a different data block), researchers have a 

variety of multiblock component analysis and factor analysis strategies at their 

disposal. In this paper we focus on three types of multiblock component methods – 

namely, principal component analysis on each data block separately, simultaneous 

component analysis, and the recently proposed clusterwise simultaneous 

component analysis, which is a generic and flexible approach that has no 

counterpart in the factor analysis tradition. We describe the steps to take when 

applying those methods in practice. Whereas plenty of software is available for 

fitting factor analysis solutions, up to now no easy-to-use software has existed for 

fitting these multiblock component analysis methods. Therefore, this paper 

presents the MultiBlock Component Analysis program, which also includes 

procedures for missing data imputation and model selection. 
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1. Introduction 

In the behavioral sciences, researchers often gather multivariate multiblock data – 

that is, multiple data blocks, each of which contains the scores of a different set of 

observations on the same set of variables. For an example, one can think of 

multivariate data from different groups of subjects (e.g., inhabitants from different 

countries). In that case, the groups (e.g., countries) constitute the separate data 

blocks. Another example is data from multiple subjects that have scored the same 

variables on multiple measurement occasions (also called 

multioccasion-multisubject data; see Kroonenberg, 2008). In such data, the data 

blocks correspond to the different subjects.  

Both the observations in the data blocks and the data blocks themselves can 

be either fixed or random. For instance, in the case of multioccasion-multisubject 

data, the data blocks are considered fixed when the researcher is interested in the 

specific subjects in the study and random when one aims at generalizing the 

conclusions to a larger population of subjects. In the latter case, a representative 

sample of subjects is needed to justify the generalization. When the observations 

are random and the data blocks fixed, multiblock data are referred to as 

‘multigroup’ data (Jöreskog, 1971) in the literature. When both observations and 

data blocks are random, the data are called ‘multilevel’ (e.g., Maas & Hox, 2005; 

Muthén, 1994; Snijders & Bosker, 1999). 

Researchers are often interested in the underlying structure of such 

multiblock data. For instance, given multioccasion-multisubject scores on a 

number of emotions, one can wonder whether certain emotions covary across the 

measurement occasions of separate subjects or fluctuate independently of one 

another, and whether and how this structure is similar across subjects (i.e., across 

the data blocks). For capturing the structure in multiblock data, a number of 

component analysis, as well as factor analysis, methods are available. Component 
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analysis and factor analysis differ strongly with respect to their theoretical 

underpinnings, but both of them model the variation on the variables by a smaller 

number of constructed variables – called ‘components’ and ‘factors’, respectively – 

which are based on the covariance structure of the observed variables. Which 

component or factor analysis method is the most appropriate depends on the 

research question at hand. For well-defined, confirmatory questions, factor analysis 

is usually most appropriate. For exploratory analysis of data that may have an 

intricate structure, as is often the case for multiblock data, component analysis is 

generally most appropriate. 

To test specific hypotheses about the underlying structure, structural 

equation modeling (SEM; Haavelmo, 1943; Kline, 2004) is commonly used. SEM 

is applied, for example, to test whether the items of a questionnaire measure the 

theoretical constructs under study (Floyd & Widaman, 1995; Keller et al., 1998; 

Novy et al., 1994). Moreover, multigroup SEM (Jöreskog, 1971; Kline, 2004; 

Sörbom, 1974) allows testing different levels of factorial invariance among the data 

blocks (e.g., Lee & Lam, 1988), going from weak invariance (i.e., same factor 

loadings for all data blocks) to strict invariance (i.e., intercepts, factor loadings and 

unique variances equal across data blocks). 

When there are no a priori hypotheses about the underlying structure, one 

may resort to component analysis or exploratory factor analysis (EFA). We will 

first discuss a family of component methods that explicitly focus on capturing 

structural differences between the data blocks and then briefly the family of factor 

analysis methods. Note that many other multiblock component methods exist that 

focus, for example, on redundancy (Escofier & Pagès, 1998) or on modeling block 

structured covariance matrices (Flury & Neuenschwander, 1995; Klingenberg, 

Neuenschwander, & Flury, 1996).  
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If one expects the structure of each of the data blocks to be different, 

standard principal component analysis (PCA; Jolliffe, 2002; Pearson, 1901) can be 

performed on each data block. In case one thinks that the structure will not differ 

across the data blocks, simultaneous component analysis (SCA; Kiers, 1990; Kiers 

& ten Berge, 1994b; Timmerman & Kiers, 2003; Van Deun, Smilde, van der Werf, 

Kiers, & Van Mechelen, 2009) can be applied, which reduces the data for all the 

blocks at once to find one common component structure for all the blocks. Finally, 

if one presumes that subgroups of the data blocks exist that share the same 

structure, one may conduct clusterwise simultaneous component analysis 

(Clusterwise SCA-ECP, where ECP stands for Equal Cross-Product constraints on 

the component scores of the data blocks; De Roover et al., 2012; Timmerman & 

Kiers, 2003). This method simultaneously searches for the best clustering of the 

data blocks and for the best fitting SCA-ECP model within each cluster. This 

flexible and generic approach encompasses separate PCA and SCA-ECP as special 

cases. 

For the separate PCA and SCA-ECP approaches, similar factor-analytic 

approaches exist, which are specific instances of exploratory structural equation 

modeling (Asparouhov & Muthén, 2009; Dolan, Oort, Stoel, & Wicherts, 2009; 

Lawley & Maxwell, 1962). While component and factor analyses differ strongly 

with respect to their theoretical backgrounds, they often give comparable solutions 

in practice (Velicer & Jackson, 1990a, 1990b). However, no factor-analytic 

counterpart exists for the Clusterwise SCA-ECP method.  

While plenty of software is available for the factor-analytic approaches 

(e.g., LISREL, Dolan, Bechger, & Molenaar, 1999; Jöreskog & Sörbom, 1999; 

Mplus, Muthén & Muthén, 2007; and Mx, Neale, Boker, Xie, & Maes, 2003), no 

easy-to-use software program exists for applying the multiblock component 

analysis methods described above. Thus, although the component methods are 
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potentially very useful for substantive researchers (e.g., De Leersnyder, Mesquita, 

& Kim, 2011; McCrae & Costa, 1997; Pastorelli, Barbaranelli, Cermak, Rozsa, & 

Caprara, 1997), it might be difficult for researchers to apply them. In this paper, we 

describe software for fitting separate PCAs, SCA-ECP and Clusterwise SCA-ECP 

models. This MultiBlock Component Analysis (MBCA) software (Figure 1) can be 

downloaded from http://ppw.kuleuven.be/okp/software/MBCA/. The program is 

based on MATLAB code, but it can also be used by researchers who do not have 

MATLAB at their disposal. Specifically, two versions of the software can be 

downloaded: one for use within the MATLAB environment and a ‘stand-alone’ 

application that can be run on any Windows computer. The program includes a 

model selection procedure and can handle missing data. 

The remainder of the paper is organized in three sections. In Section 2, we 

first discuss multiblock data, how to preprocess them and how to deal with missing 

data. Subsequently, we discuss Clusterwise SCA-ECP as a generic modeling 

approach that comprises separate PCAs and SCA-ECP as special cases. Finally, we 

describe the different data analysis steps: checking data requirements, running the 

analysis, and model selection. The Clusterwise SCA-ECP approach is illustrated by 

means of an empirical example. Section 3 describes the handling of the MBCA 

software. Section 4 adds a general conclusion to the paper. 

 

2. Multiblock component analysis 

2.1. Data structure, preprocessing, and missing values 

In this section, we first describe the data structure that is required by the multiblock 

component methods under study. Second, the preprocessing of the data is 

discussed. Third, the problem of missing values is reviewed shortly, since an 

important feature of the MBCA software is that it can handle missing data. 
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2.1.1. Data structure 

Clusterwise SCA-ECP, as well as SCA-ECP and separate PCAs, is applicable to all 

kinds of multivariate multiblock data – that is, data that consist of I data blocks Xi 

(Ni × J ) that contain scores of Ni observations on J variables, where the number of 

observations Ni (i = 1, …, I) may differ between data blocks. These I data blocks 

can be concatenated into an N (observations) × J (variables) data matrix X, where 

1

I

i
i

N N
=

=∑ . More specific requirements (e.g., minimal number of observations in 

each data block) will be discussed in Section 2.3.1. 

As an example, consider the following empirical data set from emotion 

research, which will be used throughout the paper. Emotional granularity refers to 

the degree to which a subject differentiates between negative and positive emotions 

(Barrett, 1998); i.e., subjects who score high on emotional granularity describe 

their emotions in a more fine-grained way than subjects scoring low. To study 

emotional granularity, 42 subjects were asked to rate on a 7-point scale the extent 

to which 22 target persons (e.g., mother, father, partner, …) elicited 16 negative 

emotions, where the selected target persons obviously differ across subjects. Thus, 

one may conceive these data as consisting of 42 data blocks Xi, one for each 

subject, where each data block holds the ratings of the 16 negative emotions for the 

22 target persons selected by subject i. Note that, in this case, the number of 

observations Ni  is the same for all data blocks, but this is not necessary for the 

application of any of the three component methods considered. The data blocks 

X1,…,X42 can be concatenated below each other, resulting in a 924 × 16 data 

matrix X.  
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2.1.2. Preprocessing 

Before applying any of the multiblock component methods, one may consider 

whether the data should be preprocessed. Since we focus on differences and 

similarities in within-block correlational structures, we disregard between-block 

differences in variable means and in variances. Note that variants of the PCA and 

SCA methods exist in which the differences in means (Timmerman, 2006) and 

variances (De Roover, Ceulemans, Timmerman, & Onghena, 2013; Timmerman & 

Kiers, 2003) are explicitly modeled. To eliminate the differences in variable means 

and variances, the data are centered and standardized per data block. This type of 

preprocessing, which is implemented in the MBCA software, is commonly denoted 

as ‘autoscaling’ (Bro & Smilde, 2003). The standardization also results in a 

removal of arbitrary differences between the variables in measurement scale.  

 

2.1.3. Missing values 

In practice, data points may be missing. For instance, in our emotion data, 4% of 

the data points are missing, because some subjects neglected to rate certain 

emotions for some of their target persons. To judge the generalizability of the 

results obtained, one has to consider the method for dealing with the missing data 

in the analysis, and the mechanism(s) that plausibly caused the missing data. To 

start with the latter, Rubin distinguished between ‘missing completely at random’ 

(MCAR), ‘missing at random’ (MAR), and ‘not missing at random’ (NMAR) 

(Little & Rubin, 2002; Rubin, 1976). MCAR means that the missing data are 

related neither to observed nor to unobserved data. When data are MAR, the 

missing data are dependent on variables in the data set, but are unrelated to 

unobserved variables. NMAR refers to missing data that depend on the values of 

unobserved variables.  



76 Chapter 2  

To deal with missing data in the analysis, we advocate the use of 

imputation. Imputation is much more favorable than the simplest alternative – 

namely, to discard all observations that have at least one missing value. The latter 

may result in large losses of information (Kim & Curry, 1977; Stumpf, 1978) and 

requires the missing data to be MCAR. In contrast, imputation requires the missing 

data to be MAR, implying that it is more widely applicable. The procedure to 

perform missing data imputation in multiblock component analysis is described in 

Section 2.3.2.2 and is included in the MBCA software. 

 

2.2. The Clusterwise SCA-ECP model 

A Clusterwise SCA-ECP model for a multiblock data matrix X consists of three 

ingredients: a I × K binary partition matrix P, which represents how the I data 

blocks are grouped into K mutually exclusive clusters, K J × Q cluster loading 

matrices B(k), which indicate how the J variables are reduced to Q components for 

all the data blocks that belong to cluster k, and a Ni × Q component score matrix Fi 

for each data block. Figure 3 presents the partition matrix P and the cluster loading 

matrices B(k), and Table 1 presents the component score matrix F2 (of subject 2) of 

a Clusterwise SCA-ECP model with three clusters and two components for our 

emotion data. The partition matrix P shows that 15 subjects are assigned to the first 

cluster (i.e., 15 subjects have a one in the first column and a zero in the other 

columns), while the second and third cluster contain 14 and 13 subjects, 

respectively. 

The cluster loading matrices B(k) in Figure 3 display the component 

structure for each of the subject clusters. Because we analyzed autoscaled data and 

have orthogonal components, the loadings can be interpreted as correlations 

between the variables and components. Each component of a cluster loading matrix 

can be interpreted by considering the common content of the variables that load 
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highly positive or negative on that component (e.g., loadings with an absolute 

value greater than .50). Specifically, for cluster 1, the first component can be 

labeled ‘negative affect’, since virtually all negative emotions have a high positive 

loading on this component. The second component of this cluster is named 

‘jealousy’ due to the high loading of ‘jealous’. For cluster 2, the first component is 

termed ‘cold dislike’, since it consists of the negative emotions that are 

experienced when feeling a dislike for someone, without feeling sad about this. The 

second component is made up out of negative feelings that arise when feeling sad; 

therefore, it is named ‘sadness’. The first component of cluster 3 has some 

similarities to the first component of cluster 2, but with the important difference 

that additional emotions load high on this component – that is, ‘uneasy’, 

‘miserable’ and ‘sad’. Thus, it seems that for this cluster, dislike is more 

emotionally charged; thus, it is labeled ‘hot dislike’. The second component of 

cluster 3 can be interpreted as a ‘low self-esteem’ component, because it consists of 

negative emotions that stem from having a low feeling of self-worth. We can 

conclude that the clusters differ strongly from one another in the nature of the 

dimensions that underlie the negative emotions. On the basis of these results, we 

can hypothesize that the subjects in cluster 1 are the ones with the least granular 

emotional experience against the target persons, since most negative emotions 

strongly co-occur for these subjects. The subjects in clusters 2 and 3 seem to 

display a higher granularity in their emotional ratings, since they differentiate 

between feelings of dislike and feelings of sadness (cluster 2) or low self-esteem 

(cluster 3) toward the target persons. To evaluate whether the structural differences 

between the three subject clusters may, indeed, be interpreted as differences in 

emotional granularity, we related the cluster membership to the average intraclass 

correlation coefficients (ICCs; Shrout & Fleiss, 1979; Tugade, Fredrickson, & 

Barrett, 2004) measuring absolute agreement, which were calculated across the 

negative emotions for each subject. The three clusters differ significantly (F(2) = 
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5.12, p = .01), with mean ICCs of .91 (SD = 0.07), .82 (SD = 0.10), and .88 (SD = 

0.05) for clusters 1 to 3, respectively. Since higher ICC values indicate a lower 

granularity, cluster 1 contains the least granular subjects, while cluster 2 contains 

the most granular subjects. 

 

Table 1: Component scores for subject 2 out of the emotion data, given a 

Clusterwise SCA-ECP model with two clusters and two components. Note that 

subject 2 is assigned to the first cluster. 

Target person Negative affect Jealousy 
1. mother −0.28 0.24 
2. father −0.57 0.11 
3. partner −0.47 2.15 
4. liked relative 1 −0.72 0.72 
5. liked relative 2 −0.61 −1.42 
6. disliked relative 1 0.06 −1.02 
7. disliked relative 2 1.86 −0.06 
8. disliked relative 3 1.79 −0.66 
9. disliked relative 4 1.03 −0.88 
10. best friend 1 −0.72 −0.02 
11. best friend 2 −0.75 −0.92 
12. best friend 3 −0.37 0.23 
13. disliked person 1 1.40 −0.31 
14. disliked person 2 1.43 2.73 
15. disliked person 3 1.93 −0.81 
16. acquaintance 1 −0.95 −0.75 
17. acquaintance 2 −0.62 0.62 
18. acquaintance 3 −0.47 0.33 
19. mentor 1 −1.05 0.48 
20. mentor 2 −0.48 −0.17 
21. mentor 3 −0.81 −1.33 
22. myself −0.54 0.59 
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In Table 1, the component score matrix for subject 2 is presented. Since 

subject 2 belongs to cluster 1 (see the partition matrix in Figure 3), we can derive 

how this subject feels about each of the 22 target persons in terms of ‘negative 

affect’ and ‘jealousy’. For instance, it can be read that target person 15 (disliked 

person 3) elicits the most negative affect in subject 2 (i.e., a score of 1.93 on the 

first component) and that this subject has the strongest feelings of jealousy (i.e., a 

score of 2.73 on the second component) toward target person 14 (disliked person 

2). 

To reconstruct the observed scores in each data block Xi, the information in 

the three types of matrices is combined as follows: 

 ( ) ( )

1

K
k k

i ik i i
k

p
=

′= +∑X F B E , (1) 

where pik denotes the entries of the partition matrix P, ( )k
iF  is the component score 

matrix for data block i when assigned to cluster k, and Ei (Ni × J) denotes the 

matrix of residuals. Since data block i is assigned to one cluster only, the index k in 
( )k
iF  is mostly omitted in the remainder of this paper, for reasons of parsimony. For 

example, to reconstruct the data block for subject 2, we read in the partition matrix 

(Figure 3) that this subject is assigned to the first cluster and, subsequently, 

multiply the component scores in Table 1 with the component loadings of cluster 1 

in Figure 3. It can be concluded that the separate PCA and SCA-ECP strategies for 

multiblock data are indeed special cases of the Clusterwise SCA-ECP model. On 

the one hand, when K, the number of Clusterwise SCA-ECP clusters, is equal to I, 

the number of data blocks, the model boils down to separate PCAs with an equal 

number of components for each data block. On the other hand, when K equals one, 

all data blocks belong to the same cluster and the Clusterwise SCA-ECP model 

reduces to a regular SCA-ECP model. 
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In Clusterwise SCA-ECP, the columns of each component score matrix Fi 

are restricted to have a variance of one and the correlations between the columns of 

Fi (i.e., between the cluster-specific components) must be equal for all data blocks 

that are assigned to the same cluster. With respect to the latter restriction, note that 

the parameter estimates of an SCA-ECP solution have rotational freedom. Thus, to 

obtain components that are easier to interpret, the components of a Clusterwise 

SCA-ECP solution can be freely rotated within each cluster without altering the fit 

of the solution, provided that the corresponding component scores are 

counterrotated. For instance, the cluster loading matrices in Figure 3 were obtained 

by means of an orthogonal normalized varimax rotation (Kaiser, 1958). When an 

oblique rotation is applied, the cluster-specific components become correlated to 

some extent. In that case, the loadings should not be read as correlations, but they 

can be interpreted similarly as weights that indicate the extent to which each 

variable is influenced by the respective components. 

 

2.3. Steps to take when performing multiblock component analysis 

When applying one of the multiblock component methods in practice, three steps 

have to be taken: checking the data requirements, running the analysis, and 

selecting the model. In the following subsections, each of these steps will be 

discussed in more detail. 

 

2.3.1. Checking data requirements 

As a first step, one needs to check whether the different data blocks contain a 

sufficient number of observations, whether the data have been preprocessed 

adequately, and whether and which data are missing. For the different component 

models to be identified, the number of observations Ni in the data blocks should 
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always be larger than the number of components Q to be fitted. Moreover, when 

the observations in the data blocks and/or the data blocks themselves are a random 

sample, this sample needs to be sufficiently large and representative; otherwise, the 

generalizability of the obtained results is questionable. 

With respect to preprocessing, as discussed in Section 2.1.2, it is often 

advisable to autoscale all data blocks, which is done automatically by the MBCA 

program. However, autoscaling is not possible when a variable displays no 

variance within one or more data blocks, which may occur in empirical data. For 

instance, for our emotion example, it is conceivable that some subjects rate a 

certain negative emotion to be absent for all target persons. In such cases, one of 

the following options can be considered. First, one may remove the variables that 

are invariant for one or more data blocks. Second, one may discard the data blocks 

for which one or more variables are invariant. When many variables or data blocks 

are omitted, this leads to a great loss of data, however. Therefore, a third option, 

which is also provided in the MBCA software, is to replace the invariant scores by 

zeros, implying that the variables in question have a mean of zero but also a 

variance of zero in some of the data blocks. This strategy has the disadvantage that 

the interpretation of the component loadings becomes less straightforward. 

Specifically, even the loadings on orthogonal components can no longer be 

interpreted as correlations between the variables and the respective components. 

With respect to missing data, when the multiblock data contain missing 

values, it seems straightforward to autoscale each variable with respect to the 

nonmissing data entries only. This way the nonmissing values for each variable 

will have a mean of zero and a variance of one per data block, regardless of any 

assumed or imputed values for the missing data. It may also be wise to remove 

variables that are missing completely within certain data blocks (i.e., an entire 
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column of a data block is missing), since such missingness patterns are rather likely 

to be NMAR and, hence, yield biased analysis results. 

 

2.3.2. Running the analysis 

The second step consists of performing the multiblock component analysis, with 

the appropriate number of components Q and number of clusters K in case of 

Clusterwise SCA-ECP. Given (K and) Q, the aim of the analysis is to find a 

solution that minimizes the following loss function: 

 2

1

ˆ|| || ,
I

i i
i

L
=

= −∑ X X  (2) 

where ˆ
iX  equals ( ) ( )

1
,

K
k k

ik i
k

p
=

′∑ F B  ,i i
′F B  and i

′F B  for Clusterwise SCA-ECP, 

separate PCAs, and SCA-ECP, respectively. In case the data contain missing 

values, Ni × J binary weight matrices Wi, containing zeros if the corresponding 

data entries are missing and ones if not, are included in the loss function:  
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1

ˆ|| ( ) * ||
I

i i i
i

L
=

= −∑ X X W . (3) 

Note that * denotes the Hadamard (i.e., elementwise) product. On the basis of the 

loss function value L, the percentage of variance accounted for (VAF) can be 

computed as follows: 

 
2

2VAF(%) 100
L−

= ×
X

X
. (4) 

The algorithms for estimating the multiblock component models and for missing 

data imputation are described in the following subsections. 
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2.3.2.1. Algorithms 

In this section, we discuss the algorithms for performing separate PCAs, 

SCA-ECP, and Clusterwise SCA-ECP. Each of these algorithms is based on a 

singular value decomposition. However, unlike the separate PCA algorithm, which 

boils down to the computation of a closed form solution, the SCA-ECP and 

Clusterwise SCA-ECP algorithms are iterative procedures. 

Separate PCAs for each of the data blocks are obtained on the basis of the 

singular value decomposition of data block Xi into Ui, Si, and Vi, with 

i i i i
′=X U  S  V  (Jolliffe, 2002). Least squares estimators of Fi and Bi are 

( )i i i QN=F U  and ( ) ( )
1 ,i i Q i Q

iN
=B V S  respectively, where Ui(Q) and Vi(Q) are the 

first Q columns of Ui and Vi respectively, and Si(Q) consists of the first Q rows and 

columns of Si. 

To estimate the SCA-ECP solution, an alternating least squares (ALS) 

procedure is used (see Timmerman & Kiers, 2003, for more details) that consists of 

four steps: 

1. Rationally initialize loading matrix B: Initialize B by performing a singular 

value decomposition of the total data matrix X into U, S, and V, with 

′=X U S V . A rational start of B is then given by ( )Q=B V , where V(Q) 

contains the first Q columns of V.  

2. (Re-)estimate the component score matrices Fi: For each data block, 

decompose iX B  into iU , iS , and iV , with .i i i i
′=X B U  S  V  A least 

squares estimate of the component scores Fi for the ith data block is then 

given by i i i iN ′=F U V  (ten Berge, 1993). 
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3. Re-estimate the loading matrix B: 1(( ) )−′ ′ ′=B F F F X , where F is the 

vertical concatenation of the component scores of all data blocks. 

4. Repeat Steps 2 and 3 until the decrease of the loss function value L for the 

current iteration is smaller than the convergence criterion, which is 

1 × 10−6 by default. 

Clusterwise SCA-ECP solutions are also estimated by means of an ALS 

procedure (see De Roover et al., 2012, for more details): 

1. Randomly initialize partition matrix P: Randomly assign the I data blocks 

to one of the K clusters, where each cluster has an equal probability of 

being assigned to. If one of the clusters is empty, repeat this procedure 

until all clusters contain at least one element. 

2. Estimate the SCA-ECP model for each cluster: Estimate the Fi and B(k) 

matrices for each cluster k by performing a rationally started SCA-ECP 

analysis, as described above, on the Xi data blocks assigned to the kth 

cluster. 

3. Re-estimate the partition matrix P: Each data block Xi is tentatively 

assigned to each of the K clusters. On the basis of the loading matrix B(k) of 

the cluster k and the data block Xi, a component score matrix for block i in 

cluster k is computed and the fit of data block i in cluster k is evaluated. 

Eventually, the data block is assigned to the cluster for which the fit is 

maximal. When one of the K clusters is empty after this procedure, the data 

block with the worst fit in its current cluster is moved to the empty cluster. 

4. Steps 2 and 3 are repeated until the decrease of the loss function value L 

for the current iteration is smaller than the convergence criterion, which is 

1 × 10−6 by default. 
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Note that the Clusterwise SCA-ECP algorithm may end in a local minimum. 

Therefore, it is advised to use a multistart procedure (e.g., 25 starts; see De Roover 

et al., 2012) with different random initializations of the partition matrix P.  

 

2.3.2.2. Missing data imputation 

To perform missing data imputation while fitting multiblock component models, 

weighted least squares fitting (Kiers, 1997) is used to minimize the weighted loss 

function (Equation 3). This iterative procedure, which assumes the missing values 

to be missing at random (MAR), consists of the following steps: 

1. Set t, the iteration number, to one. Initialize the N × J missing values 

matrix Mt by sampling its values from a standard normal distribution 

(random start) or by setting all entries to zero (zero start). 

2. Compute the imputed data matrix * *t c t= +X W X W M , where Wc is the 

binary complement of W (i.e., with ones for the missing values and zeros 

for the nonmissing values). 

3. Perform a multiblock component analysis on tX  (see Section 2.3.2.1). 

4. Set t = t + 1 and ˆt t=M X , where ˆ tX  holds the reconstructed scores from 

Step 3. 

5. Steps 2 to 4 are repeated until the decrease of the loss function value L for 

the current iteration is smaller than the convergence criterion, which is set 

to 1 × 10−6 times 10% of the data size N × J; the latter product is added to 

keep the computation time for larger data sets under control. 

In the MBCA program, the described procedure is performed with five different 

starts (i.e., one zero start and four random starts) for the missing values matrix Mt, 
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and the best solution is retained. Note that the computation time will be 

considerably longer when missing data imputation is performed.  

A simulation study was performed to investigate how the Clusterwise 

SCA-ECP algorithm with missing data imputation performs in terms of goodness-

of-recovery. A detailed description of the simulation study is provided in Appendix 

A. From the study, which included missing data generated under different 

mechanisms, it can be concluded that the clustering of the data blocks as well as 

the cluster loading matrices are recovered very well in all simulated conditions. 

The overall mean computation time in the simulation study amounts to 22 min and 

25 s, which is about 260 times longer than the computation time of Clusterwise 

SCA-ECP on the complete data sets. 

 

2.3.3. Model selection 

In the previous step, the number of components Q and number of clusters K were 

assumed to be known. This is often not the case, however. In component analysis, 

the resulting model selection problem is often solved by fitting component models 

with different numbers of components and then selecting the model with the best 

balance between complexity and fit. To this end, a generalization of the well-

known scree test (Cattell, 1966) can be used, based on a plot of the VAF 

(Equation 4) against the number of components. Using this plot, the ‘best’ number 

of components is determined by searching for the number of components after 

which the increase in fit with additional components levels off. The decision may 

be based on a visual inspection of the scree plot, but a number of automated scree 

test procedures have been proposed as well (e.g., DIFFIT, Timmerman & Kiers, 

2000; CHULL, Ceulemans & Kiers, 2006).  

Building on the CHULL procedure, we propose to select the component 

solution for which the scree ratio 
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is maximal, where VAFQ is the VAF of a solution with Q components. Note that 

the lowest and highest number of components considered will never be selected 

since for them the scree ratio (Equation 5) cannot be calculated. For selecting 

among separate PCA solutions or SCA-ECP solutions, this scree criterion can 

readily be applied. For Clusterwise SCA-ECP, model selection is more intricate, 

however, because the number of clusters also needs to be determined (which is 

analogous to the problem of determining the number of mixture components in 

mixture models; e.g., McLachlan & Peel, 2000). As a way out, one may use a 

two-step procedure in which, first, the best number of clusters is determined and, 

second, the best number of components. More specifically, the first step of this 

procedure starts by calculating the scree ratio sr(K|Q) for each value of K, given 

different values of Q: 
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Subsequently, for each number of components Q, the best number of clusters K is 

the number of clusters for which the scree ratio is maximal. The overall best 

number of clusters Kbest is determined as the K- value that has the highest average 

scree ratio across the different Q-values. The second step aims at selecting the best 

number of components. To this end, given Kbest, the scree ratios are calculated for 

each number of components Q: 
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The best number of components Qbest is the number of components Q for which the 

scree ratio is maximal. 

We applied this procedure for selecting an adequate Clusterwise SCA-ECP 

solution for the emotion data, out of solutions with one to six clusters and one to 
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six components. Table 2 contains the scree ratios for determining the number of 

clusters and the number of components. Upon inspection of the sr(K|Q) ratios in 

Table 2 (above), we conclude that the best number of clusters differs over the 

solutions with one to six components. Therefore, we computed the average scree 

ratios across the different numbers of components, which equaled 1.88, 2.01, 1.08, 

and 1.32 for two to five clusters respectively, and decided that we should retain 

three clusters. The best( | )Q K
sr  values in Table 2 (below) suggest that the best number 

of components Qbest is two. Hence, we selected the model with three clusters and 

two components, which was discussed in Section 2.1. 

 

Table 2: Scree ratios for the numbers of clusters K given the numbers of 

components Q and averaged over the numbers of components (above), and for 

the numbers of components Q given three clusters (below), for the emotion data. 

The maximal scree ratio in each column is highlighted in boldface. 

 1 
comp 

2 
comp 

3 
comp 

4 
comp 

5 
comp 

6 
comp average 

2 clusters 1.97 2.54 1.85 1.52 1.53 1.85 1.88 
3 clusters 1.64 1.11 3.03 2.82 2.04 1.42 2.01 
4 clusters 1.38 0.93 0.71 0.98 1.02 1.48 1.08 
5 clusters 0.90 2.09 0.83 0.88 2.41 0.82 1.32 
        
 3 clusters     
2 components 1.80     
3 components 1.30     
4 components 1.43     
5 components 1.21     

 

To evaluate the model selection procedure, we performed a simulation 

study, of which  details can be found in Appendix B. The simulation study revealed 
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that the model selection procedure works rather well, with a correctly selected 

Clusterwise SCA-ECP model in 91% of the simulated cases.  

 
Figure 1: Interface of the MultiBlock Component Analysis software. 

 

3. MultiBlock Component Analysis program 

The most up-to-date versions of the MBCA software can be downloaded from 

http://ppw.kuleuven.be/okp/software/MBCA/. When clicking on the .exe file (for 

the stand-alone version) or typing ‘MultiBlock_Component_Analysis’ in the 
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MATLAB command window (for the MATLAB version), the interface of the 

software program (Figure 1) opens, consisting of three panels: ‘data description 

and data files’, ‘analysis options’, and ‘output files and options’. In this section, 

first, the functions of each panel of the software interface are clarified. Next, 

performing the analysis and error handling are described. Finally, the format and 

content of the output files is discussed. 

 

3.1. Data description and data files 

In the ‘data description and data files’ panel, the user first loads the data by 

clicking the appropriate ‘browse’ button and selecting the data file. This file should 

be an ASCII (.txt) file, in which the data blocks are placed below each other, with 

the rows representing the observations and the columns representing the variables. 

The columns may be separated by a semicolon, one or more spaces, or horizontal 

tabs (see Figure 2). Missing values should be indicated in the data file by ‘.’,  ‘/’,  

‘*’ or the letter ‘m’ (e.g., in Figure 2 the missing data values are indicated by ‘m’). 

If some data are missing, the user should select the option ‘missing data, indicated 

by ...’ in the ‘missing data imputation’ section of the panel, and specify the symbol 

by which the missing values are indicated.  

Next, the user selects a ‘number of rows’ file (also an ASCII file) by using 

the corresponding ‘browse’ button. The selected file should contain one column of 

integers, indicating how many observations the consecutive data blocks contain, 

where the order of the numbers corresponds to the order of the data blocks in the 

data file (see Figure 2).  

Finally, the user may choose to upload a file with meaningful labels for the 

data blocks, the observations within the data blocks and the variables. The labels 

file should be an ASCII file containing three groups of labels, in the form of strings 

that are separated by empty lines, in the following order: block labels, object labels, 
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Figure 2: Screenshot of (from left to right) a data file, number of rows file, and 

labels file. An ‘m’ in the data file indicates a missing value. 

 

and variable labels. Note that tabs are not allowed in the label strings. If the user 

does not load a labels file, the option ‘no (no labels)’ in the right-hand part of the 

panel is selected. In that case, the program will use default labels in the output 

(e.g., ‘block1’ for the first data block, ‘block1, obs1’ for the first observation of the 

first data block and ‘column1’ for the first variable). 
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3.2. Analysis options 

In the ‘type of analysis’ section of the ‘analysis options’ panel, the user can choose 

which types of multiblock component analysis need to be performed, on the basis 

of the expected differences and/or similarities between the underlying structure of 

the different data blocks (as was explained in the Introduction). The user selects at 

least one of the methods: Clusterwise SCA-ECP, separate PCA per data block, and 

SCA-ECP.  

In the case of Clusterwise SCA-ECP analysis, the user specifies the 

number of clusters in the ‘complexity of the clustering’ section. The maximum 

number of clusters is 10, unless the data contain fewer than 10 data blocks (in that 

case, the maximum number of clusters is the number of data blocks). In addition to 

that, the user chooses one of the following two options: ‘analysis with the specified 

number of clusters only’ or ‘analyses with 1 up to the specified number of 

clusters’. In the latter case, the software generates solutions with one up to the 

specified number of clusters and specifies which number of clusters should be 

retained according to the model selection procedure (Section 2.3.3).  

In the ‘complexity of the component structure’ section, the user specifies a 

number of components between 1 and 10. Just as in specifying the number of 

clusters (for Clusterwise SCA-ECP), the user can choose to perform the selected 

analyses with one up to the specified number of components or with the specified 

number of components only. In the former case, the model selection procedure 

(described in Section 2.3.3) will be applied to suggest what the best number of 

components is.  

Finally, in the ‘analysis settings’ section, the user can indicate how many 

random starts will be used, with a maximum of 1,000. The default setting is 25 

random starts, on the basis of a simulation study by De Roover et al. (2012). 
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3.3. Output files and options 

In the panel ‘output files and options’, the user indicates by clicking the appropriate 

‘browse’ button the directory in which the output files are to be stored. The user 

may also specify a meaningful label for the output files, to be able to differentiate 

among different sets of output files (for instance, for different data sets) and to 

avoid the output files to be overwritten next time the software program is used. The 

specified label is used as the first part of the name of each output file, while the last 

part of the file names refer to the content of the file and is added by the program. It 

is important to note that the label for the output files should not contain empty 

spaces. 

In the ‘required output’ section, the parameters to be printed in the output 

files can be selected. More specifically, the user indicates whether output files with 

unrotated, orthogonally rotated and/or obliquely rotated loadings are needed and 

whether the component scores – counterrotated accordingly – are to be printed in 

those output files as well. Note that the output files often become very large when 

component scores are printed. For orthogonal rotation of the component matrices, 

the normalized varimax rotation (Kaiser, 1958) is used, while oblique rotation is 

performed according to the HKIC criterion (Harris & Kaiser, 1964; Kiers & ten 

Berge, 1994a). 

 

3.4. Analysis 

3.4.1. Performing the analyses 

After specifying the necessary files and settings, as described in the previous 

sections, the user clicks the ‘run analysis’ button to start the analysis. The program 

will start by reading and preprocessing the data; then the requested analyses are 

performed. During the analysis, the status of the analyses is displayed in the box at 
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the bottom of the software interface, such that the user can monitor the progress. 

The status information consists of the type of analysis being performed at that time 

and the number of (clusters and) components being used (see Figure 1). For 

Clusterwise SCA-ECP analysis, the random start number is included in the status. 

When analyses with missing data imputation are performed, the start number and 

iteration number of the imputation process are added to the status as well. When 

the analysis is done, a screen pops up to notify the user. After clicking the ‘OK’ 

button, the user can consult the results in the output files stored in the selected 

output directory. 

 

3.4.2. Error handling 

If the files or options are not correctly specified, one or more error screens will 

appear, with indications of the errors. After clicking ‘OK’, the analysis stops and 

the content of the error messages is displayed in the box at the bottom of the 

interface. The user can then correct the files or settings and click ‘run analysis’ 

again. 

In some cases, a warning screen may appear. Specifically, a warning is 

given when missing data imputation is requested but no missing values are found, 

when missing data imputation is requested and the analyses are expected to take a 

very long time (i.e., when more than 10% of the data are missing and/or when more 

than 20 different analyses are requested, where each analysis refers to a particular 

K- and Q-value), or when some variables have a variance of zero for one or more 

data blocks (see Section 2.3.1). In the latter case, a warning screen appears with the 

three options for dealing with invariant variables (as described in Section 2.3.1). 

For the first two options, the number of data blocks or variables that would have to 

be removed for the data set at hand is stated between brackets. In addition to these 

three options, a fourth option is given that is a reference to a future upgrade of the 
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software program containing a different variant of Clusterwise SCA (i.e., 

Clusterwise SCA-P; De Roover et al., 2013). Also, a text file with information on 

which variables are invariant within which data blocks is created in the output 

directory and opened together with the warning screen. When the user chooses to 

continue the analysis, the third solution for invariant variables (i.e., replacing the 

invariant scores by zeros) is applied automatically by the software program. 

Otherwise, the user can click ‘no’ to stop the analysis and remove data blocks 

and/or variables to solve the problem. 

 

3.5. Output files 

The MBCA program creates separate ASCII (.txt) output files for each 

combination of multiblock component method (separate PCAs, SCA-ECP, and/or 

Clusterwise SCA-ECP) and rotation method (unrotated, orthogonal, and/or oblique; 

see Figure 3 for an example). For each used number of (clusters and) components, 

these output files contain all obtained component loadings and, if requested, the 

component scores. For separate PCAs, the output is organized per data block. 

When the solutions are obliquely rotated, the component correlations are added to 

the output file in question. For separate PCAs, SCA-ECP, and Clusterwise 

SCA-ECP, these correlations are respectively computed for each data block, across 

all data blocks, and across all data blocks within a cluster. In the Clusterwise 

SCA-ECP output files (e.g., Figure 3), the partition matrices are printed as well.  

In addition to the ASCII output files, the software program creates an 

output overview (.mht) file. For data with missing values, this file contains the 

percentage of missing values per data block and the total percentage of missing 

data. The file also displays the overall fit values for each of the performed analyses. 

When analyses are performed for at least four different numbers of clusters and/or 

components, the overview file shows the results of the model selection procedures 
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for each component method. Specifically, the overview file suggests how many 

components and, if applicable, how many clusters should be retained.  Sometimes, 

for Clusterwise SCA-ECP, no suggestion can be made with respect to the number 

of clusters that should be used – for instance, because only two or three numbers of 

clusters are used. In that case, the best number of components is indicated for each 

number of clusters separately.  

To further facilitate model selection, the output overview provides a scree 

plot (e.g., Figure 4) in which the percentage of explained variance is shown as a 

function of the number of components for each number of clusters separately. 

When separate PCAs or SCA-ECP analyses are performed, an additional scree line 

is added to the scree plot. Moreover, all the computed scree ratios are printed. Note 

that for Clusterwise SCA-ECP analyses, a table of scree ratios is provided for each 

number of clusters, given the different numbers of components and averaged over 

the numbers of components (e.g., Table 2), as well as a similar table for the 

numbers of components given the different numbers of clusters. On the basis of 

these tables, the user can select additional solutions for further consideration. Of 

course, the interpretability of the different solutions should also be taken into 

account. 
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Figure 3: Output file for the Clusterwise SCA-ECP analysis of the emotion data, 

showing the partition matrix and the orthogonally rotated cluster loading matrices 

for the model with three clusters and two components. The components in cluster 1 

can be labeled ‘negative affect’ and ‘jealousy’, while the components in cluster 2 

can be interpreted as ‘cold dislike’ and ‘sadness’, and the ones in cluster 3 as ‘hot 

dislike’ and ‘low self-esteem’, respectively. 
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Figure 4: Percentage of explained variance for separate PCA and Clusterwise 

SCA-ECP solutions with the number of components varying from one to six, and 

the number of clusters for Clusterwise SCA-ECP varying from one to six, for the 

emotion data. 

 

Finally, the output overview provides information on the fit of the different 

data blocks within all obtained solutions. This information can be consulted to 

detect data blocks that are aberrant (i.e., fitting poorly) within a certain model.  

 

4. Conclusion 

Behavioral research questions may concern the correlational structure of 

multivariate multiblock data. To explore this structure, a regular PCA or EFA is 

inappropriate, because this would mix up the between-block differences in means 
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and in correlational structures. In this paper, we gave an overview of more 

sophisticated factor analysis and component analysis techniques that have been 

proposed for investigating structural differences and similarities between blocks of 

data. We focused on multiblock component analysis, because this is a flexible 

approach that proved its usefulness in empirical practice. Moreover, for 

Clusterwise SCA-ECP, which is the most general multiblock component model, no 

counterpart exists in factor analysis. An example from emotion research illustrated 

the value of this approach. To facilitate the use of multiblock component analysis, 

we introduced the MBCA program and provided guidelines on how to perform a 

multiblock component analysis in practice. 
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Appendix A: Simulation study to evaluate the performance of the missing data 

imputation procedure 

To evaluate the missing data imputation procedure in terms of goodness-of-

recovery, a simulation study was performed using the Clusterwise SCA-ECP 

algorithm. The number of observations Ni within the data blocks was sampled 

uniformly between 80 and 120. Keeping the number of variables J fixed at 12 and 

the number of data blocks I at 40, six factors were manipulated and completely 

crossed: 

1. the missingness mechanism at 3 levels: MCAR, MAR, NMAR (see Section 

2.1.3); 

2. the percentage of missing values at 2 levels: 10%, 25%; 

3. the number of clusters K at 2 levels: 2, 4; 

4. the number of components Q at 2 levels: 2, 4; 

5. the cluster size, at 3 levels (see Milligan, Soon, & Sokol, 1983): equal 

(equal number of data blocks in each cluster); unequal with minority (10% 

of the data blocks in one cluster and the remaining data blocks distributed 

equally over the other clusters); unequal with majority (60% of the data 

blocks in one cluster and the remaining data blocks distributed equally over 

the other clusters); 

6. the error level e, which is the expected proportion of error variance in the 

data blocks Xi, at 2 levels: .20, .40. 

 

For each cell of the design, five data matrices X were generated, consisting 

of I Xi data blocks. These data blocks were constructed as follows:   

 ( )k
i i i

′X = F B + E    

where the entries of the component score matrices Fi were randomly sampled from 

a multivariate normal distribution, of which the mean vector consists of zeros and 
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of which the variance-covariance matrix was the identity matrix, and where the 

entries of the error matrices Ei were randomly sampled from a standard normal 

distribution. To construct the partition matrix P, the data blocks were randomly 

assigned to the clusters, subject to the restriction imposed by factor 5. The cluster 

loading matrices B(k) were obtained by sampling the loadings uniformly between 

−1 and 1 (see De Roover et al., 2012). The congruence between the cluster loading 

matrices is relatively low, as indicated by Tucker congruence coefficients (Tucker, 

1951): The congruence coefficients between the corresponding components of the 

cluster loading matrices amount to .41 on average, when these matrices are 

orthogonally procrustes rotated to each other. Subsequently, the error matrices Ei 

and the cluster loading matrices B(k) were rescaled – by multiplying these matrices 

with e  and 1 e−  respectively – to obtain data that contain the desired expected 

proportion e of error variance (factor 6). Next, the resulting Xi matrices were 

standardized columnwise and were vertically concatenated into the matrix X.  

Subsequently, within each cluster, a subset of the data entries (factor 2) 

was selected to be set missing. The procedures to simulate MCAR, MAR and 

NMAR (factor 1) were taken from Van Ginkel, Kroonenberg, and Kiers (2010). In 

order to obtain missing values that are MCAR, this subset was selected completely 

at random. To simulate missingness at random (MAR), we first determined within 

each cluster which variable has the highest average correlation with the rest of the 

variables (in what follows, we will refer to this variable as the ‘MAR variable’). 

Next, we set a subset of the values on the remaining variables as missing, where 

the probability that entry 
in jx  is set missing is based on a logistic transformation of 

the value of the same object ni on the MAR variable. To obtain NMAR 

missingness, the probability that 
in jx  is set missing depends on a logistic 

transformation of 
in jx  itself.  
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In total, 3 (missingness mechanism) × 2 (percentage of missing values) × 2 

(number of clusters) × 2 (number of components) × 3 (cluster size) × 2 (error level) 

× 5 (replicates) = 720 simulated data matrices were generated. Each data matrix 

was analyzed with the missing data imputation algorithm for Clusterwise 

SCA-ECP analysis, using the correct values for the number of clusters K and 

components Q and 25 random starts. 

To examine the goodness of recovery of the clustering of the data blocks, 

the Adjusted Rand Index (ARI, Hubert & Arabie, 1985) is computed between the 

true partition of the data blocks and the estimated partition. The ARI equals one if 

the two partitions are identical, and equals zero when the overlap between the two 

partitions is at chance level. With an overall mean ARI of 1.00 (SD = 0.00) the 

Clusterwise SCA-ECP algorithm appears to recover the clustering of the data 

blocks perfectly in all simulated conditions.  

To evaluate the recovery of the cluster loading matrices, we obtained a 

goodness-of-cluster-loading-recovery statistic (GOCL) by computing congruence 

coefficients ϕ  (Tucker, 1951) between the components of the true and estimated 

loading matrices and averaging across components and clusters (for more details, 

see De Roover et al., 2012). The GOCL statistic takes values between zero (no 

recovery at all) and one (perfect recovery). In the simulation study, the overall 

mean GOCL amounts to .9979 (SD = 0.003), implying an excellent recovery of the 

cluster loading matrices. An analysis of variance was performed with GOCL as the 

dependent variable and the six factors as independent variables. Only discussing 

effects that account for more than 5% of the variance in GOCL, the analysis 

revealed main effects of the number of components (intraclass correlation ˆ Iρ  = 

.27) and the amount of error variance ( ˆ Iρ  = .09): The GOCL is lower for a higher 

number of components and when more error variance is present in the data (Figure 

5). Also, interactions of the number of components with the amount of error 
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variance ( ˆ Iρ  = .23), the percentage of missing values ( ˆ Iρ  = .08), and the different 

combinations of percentage of missing values and amount of error variance ( ˆ Iρ  = 

.07), are found. These interactions imply that the effect of the number of 

components on GOCL is more outspoken when the data contain more error and/or 

when more data are missing (Figure 5). 

 

Figure 5: Mean GOCL and associated 95% confidence intervals as a function of 

the number of components and the amount of error variance (e × 100%) for 10% 

missing values (left panel) and for 25% missing values (right panel). 
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Appendix B: Simulation study to evaluate the performance of the model 

selection procedure 

To evaluate whether the proposed model selection procedure succeeds in selecting 

among Clusterwise SCA-ECP solutions, the following seven factors were 

systematically varied in a complete factorial design, while keeping the number of 

variables J fixed at 12: 

1. the number of data blocks I at 2 levels: 20, 40; 

2. the number of observations per data block Ni at 2 levels: Ni sampled 

uniformly between 30 and 70, Ni sampled uniformly between 80 and 120; 

3. the number of clusters K at 2 levels: 2, 4; 

4. the number of components Q at 2 levels: 2, 4; 

5. the cluster size, at 3 levels: see factor 5 in Appendix A; 

6. the error level e, which is the expected proportion of error variance in the 

data blocks Xi, at 2 levels: .20, .40. 

7. the congruence of the cluster loading matrices B(k) at 3 levels: low 

congruence, medium congruence and high congruence, where low, 

medium, and high imply that the Tucker congruence coefficients (Tucker, 

1951) between the corresponding components of the cluster loading 

matrices amount to .41, .72 and .93 on average, when these matrices are 

orthogonally procrustes rotated to each other. 

 

For each cell of the design, five data matrices X were generated, using the 

data construction procedure described in Appendix A. The cluster loading matrices 

B(k) were generated according to the procedure described by De Roover et al. 

(2012), where the low and high congruence are simulated using randomly sampled 

loadings and the medium congruence by using simple structure loadings. The 

resulting 2 (number of data blocks) × 2 (number of observations per data block) × 2 
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(number of clusters) × 2 (number of components) × 3 (cluster size) × 2 (error level) 

× 3 (congruence of cluster loading matrices) × 5 (replicates) = 1,440 simulated data 

matrices were analyzed with the Clusterwise SCA-ECP algorithm, with the number 

of clusters K and components Q varying from one to six and using 25 random starts 

per analysis. Subsequently, the model selection procedure described in Section 

2.3.3 was applied on the obtained Clusterwise SCA-ECP solutions. 

The results of this simulation study indicate that the model selection 

procedure selected the correct Clusterwise SCA-ECP model (i.e., correct K and Q) 

for 1,310 out of the 1,440 data sets (91%). With respect to the remaining data sets, 

in 6.6%, 2.2%, and 0.2% of the cases, only K, only Q, and both K and Q, 

respectively, were selected incorrectly. An analysis of variance was performed with 

the relative frequency of correct model selection within the cells of the design as 

the dependent variable and the seven factors as independent variables. The largest 

intraclass correlation was found for the main effect of the congruence of the cluster 

loading matrices ( ˆ Iρ  = .08): Specifically, the relative frequencies of correct model 

selection are .97, 1.00 and .76 for the low, medium and high congruence of the 

cluster loading matrices (Figure 6). The latter may seem to be counterintuitive in 

that it implies that the frequency of correct model selection does not decrease with 

an increasing congruence of the cluster loading matrices. However, this result can 

be explained by the data construction procedure, where the low and high 

congruence level loading matrices consisted of random numbers, while for the 

medium congruence level, the loadings had simple structure (for more details, see 

De Roover et al., 2012). In the simple structure case, each component accounts for 

about the same proportion of variance, while in the random loadings case, the 

proportion of explained variance may differ strongly across the components. 

Consequently, in the latter case, it will be more difficult to distinguish components 

that are explaining less variance, from the error. In addition to that, most incorrect 
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selections of the number of clusters occur in the conditions with highly congruent 

cluster loading matrices. 

 

Figure 6: Mean relative frequencies of correct model selection and associated 

95% confidence intervals as a function of the congruence of the cluster loading 

matrices. 
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Chapter 3: Clusterwise SCA-P 
 

De Roover, K., Ceulemans, E., Timmerman, M. E., & Onghena, P. (2013). A clusterwise 
simultaneous component method for capturing within-cluster differences in component 
variances and correlations. British Journal of Mathematical and Statistical Psychology, 86, 
81–102. 

 

 

Abstract 

This paper presents a clusterwise simultaneous component analysis for tracing 

structural differences and similarities between data of different groups of subjects. 

This model partitions the groups into a number of clusters according to the 

covariance structure of the data of each group and performs a Simultaneous 

Component Analysis with invariant Pattern restrictions (SCA-P) for each cluster. 

These restrictions imply that the model allows for between-group differences in the 

variances and the correlations of the cluster-specific components. As such, 

Clusterwise SCA-P is more flexible than the earlier proposed Clusterwise 

SCA-ECP model, which imposed Equal average Cross-Products constraints on the 

component scores of the groups that belong to the same cluster. Using Clusterwise 

SCA-P, a finer-grained, yet parsimonious picture of the group differences and 

similarities can be obtained. An algorithm for fitting Clusterwise SCA-P solutions 

is presented and its performance is evaluated by means of a simulation study. The 

value of the model for empirical research is illustrated with data from psychiatric 

diagnosis research. 
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1. Introduction 

Behavioral researchers often examine whether the underlying structure of a set of 

variables differs between known groups of subjects. To this end one may, firstly, 

perform a separate principal component analysis (PCA; Jolliffe, 1986; Pearson, 

1901) for each group (e.g., McCrae & Costa, 1997). This implies that, for each 

group, the variables are reduced to a smaller number of components (see Table 1) 

which explain as much of the variance in the data as possible. The resulting group-

specific loading matrices represent the relations between the variables and the 

components and yield insight into the structure of the variables within the different 

groups. This approach leaves plenty of freedom to trace differences between the 

groups, but it may be hard to gain insight into the structural similarities. Besides, 

when the number of groups is large, comparing all the loading matrices is 

practically infeasible. 

Secondly, one may perform simultaneous component analysis (SCA; Kiers, 

1990; Kiers & ten Berge, 1994a; Timmerman & Kiers, 2003). In SCA, the data of 

all groups are modeled simultaneously, assuming that the same components 

underlie the data of the different groups and thus that a common loading matrix can 

be used to summarize the data. As such, SCA is much more parsimonious than the 

separate PCA strategy and sheds light on the structural similarities of the groups. 

On the downside, having only one loading matrix for all groups makes it hard to 

trace structural differences between the groups. Specifically, the only differences 

that can be detected are differences between groups in the variances (across 

subjects within a group) of and the correlations between the components. Which of 

these differences can be uncovered depends on the SCA variant used (Timmerman 

& Kiers, 2003). In the most constrained variant, called SCA-ECP (i.e., with Equal 

average Cross-Products constraints), component correlations and variances must be 

equal across the groups, which implies that there is no room for structural 
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differences between the groups (see Table 1). Using the most general variant 

SCA-P (i.e., with invariant Pattern constraints), one can trace differences in 

component correlations as well as variances (see Table 1).  

 

Table 1: Restrictions imposed by the different component methods for modeling 

the within-group structure of multivariate data from different groups. 

Method Component 
loadings 

Component 
variances 

Component 
correlations 

PCA per group  
(Jolliffe, 1986) 

Free Free Free 

Clusterwise SCA-P 
(current paper) 

Equal for all 
groups in the 
same cluster 

Free Free 

Clusterwise SCA-ECP 
(De Roover et al., 
2012b) 

Equal for all 
groups in the 
same cluster 

Equal for all 
groups in the 
same cluster 

Equal for all 
groups in the 
same cluster 

SCA-P  
(Timmerman & Kiers, 
2003) 

Equal for all 
groups Free Free 

SCA-ECP  
(Timmerman & Kiers, 
2003) 

Equal for all 
groups 

Equal for all 
groups 

Equal for all 
groups 

 

Recently, a generic modeling strategy that encompasses both SCA and 

separate PCA as special cases was proposed that deals with the disadvantages of 

these approaches: Clusterwise SCA (De Roover et al., 2012b). In Clusterwise SCA, 

the different groups of subjects are assigned to a limited number of mutually 

exclusive clusters and the data within each cluster are modeled with SCA. Thus, 

groups that are classified into to the same cluster share a loading matrix, whereas 

groups that are assigned to different clusters have different loading matrices. Note 

that, although factor-analytic alternatives exist for PCA and SCA (e.g., Dolan, 



116 Chapter 3  

Oort, Stoel, & Wicherts, 2009; Lawley & Maxwell, 1962), no factor-analytic 

counterpart exists for Clusterwise SCA, i.e., no model is available that provides a 

clustering of the groups of subjects based on the differences and similarities in 

factor loading structure. 

Within the Clusterwise SCA framework, one specific model was already 

developed: Clusterwise SCA-ECP, which uses the most constrained SCA variant, 

SCA-ECP, within each cluster. Hence, Clusterwise SCA-ECP imposes a very strict 

concept of structural similarity (see Table 1). First, within each cluster, the 

correlations among the component scores are constrained to be equal for all groups. 

This is less ideal if some groups have the same component structure, but differ 

strongly with respect to component correlations. In such cases, Clusterwise SCA-

ECP would require additional clusters to adequately summarize the data. 

Second, in Clusterwise SCA-ECP the variances of the component scores 

are constrained to be one for each group. This is too restrictive if one is interested 

in modeling between-group differences in variability across subjects. For example, 

when a personality questionnaire is administered to several groups of subjects, the 

personality trait ‘neuroticism’ may underlie the data of all groups, but the variance 

of this component can be different for groups of healthy persons and clinical 

groups. In this case, thoughtless application of Clusterwise SCA-ECP could even 

result in inappropriate model estimates. To avoid such problems, the model could 

be fitted to autoscaled data (i.e., data in which each variable is standardized per 

group). However, this type of preprocessing has the clear disadvantage that the 

between-group differences in variability are lost. 

To meet the need for a Clusterwise SCA model that allows for within-

cluster differences in component variances and correlations, we introduce 

Clusterwise SCA-P which models the data within a cluster with SCA-P. Thus, 

compared to Clusterwise SCA-ECP,  Clusterwise SCA-P is based on a less strict 
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concept of structural similarity which only concerns the component loadings (see 

Table 1). 

The remainder of this paper is organized as follows: In Section 2 the 

Clusterwise SCA-ECP model is recapitulated and the new Clusterwise SCA-P 

model is introduced. Section 3 describes the loss function and an algorithm for 

Clusterwise SCA-P analysis, followed by a model selection heuristic. In Section 4 

an extensive simulation study is presented to evaluate the performance of this 

algorithm and model selection heuristic. In Section 5 Clusterwise SCA-P is applied 

to data from psychiatric diagnosis research. In Section 6 we conclude with a few 

points of discussion, including directions for future research. 

 

2. Model 

2.1. Data and preprocessing 

In this paper we assume that for each of the K groups under study, a Ik (subjects) × 

J (variables) data matrix Xk (k = 1,…, K) is available3. As the focus is on between-

group differences in within-group structure, it is essential that the data of each 

group are centered per variable, implying that between-group differences in 

variable means are removed from the data. Moreover, to eliminate arbitrary scale 

differences between variables, the variables may be standardized across the groups, 

thus retaining the information on between-group differences in within-group 

variability. Because the latter standardization eases the interpretation of the 

loadings of Clusterwise SCA-P (i.e., they can be scaled such that they are 

correlations between components and variables in the case of orthogonal 

                                                           
3 Note that fully-crossed or three-way, three-mode data (for an introduction, see 
Kroonenberg, 2008) are a special case of the hierarchical data structure described above, in 
which all the groups consist of the same subjects – for example, the same subjects 
measured under different conditions. 
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components; see Appendix), it will be assumed in what follows that data are 

standardized across groups. 

 

2.2. Recapitulation of Clusterwise SCA-ECP 

Clusterwise SCA-ECP (De Roover et al., 2012b; De Roover, Ceulemans, & 

Timmerman, 2012a) captures between-group differences in underlying structure by 

partitioning the K groups into C clusters and modeling the data of the groups within 

each cluster with SCA-ECP (Timmerman & Kiers, 2003). The number of 

components Q of the cluster-specific SCA-ECP models is assumed to be the same 

across the clusters, which means that Clusterwise SCA-ECP aims to find 

differences in the nature of the underlying dimensions rather than differences in the 

number of dimensions.  

Formally, the data matrix X, which is obtained by vertically concatenating 

the K matrices Xk, is decomposed into a binary partition matrix P of dimension K × 

C, K component score matrices Fk of dimension Ik × Q, and C cluster loading 

matrices B(c) of dimension J × Q. Specifically, the decomposition rule reads as 

 ( ) ( )

1
,

C
c c

k kc k k k k c k
c

p ∈
=

′ ′= + = +∑X F B E F B E  (1) 

where pkc denotes the entries of the binary partition matrix P (K × C), which equal 

one when group k is assigned to cluster c (c = 1,…, C) and zero otherwise, and Ek 

(Ik × J) denotes the matrix of residuals. The columns of each component score 

matrix Fk are restricted to have a variance of one; furthermore, the correlations 

between the columns of Fk (i.e., the cluster-specific components) must be equal for 

the groups that are assigned to the same cluster. These restrictions imply that 

Clusterwise SCA-ECP leaves no room for between-group differences in 

component variances and correlations within a cluster. If such differences were 
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present in the data, additional clusters would be required to adequately model these 

differences. To facilitate the interpretation of the components, the cluster-specific 

SCA-ECP solutions can be freely rotated using an orthogonal (e.g., varimax 

rotation; Kaiser, 1958), or oblique (e.g., Harris-Kaiser independent cluster or HKIC 

rotation; Harris & Kaiser, 1964; Kiers & ten Berge, 1994b) rotation criterion.  

To illustrate the characteristics and interpretation of the Clusterwise 

SCA-ECP model, we make use of the hypothetical data matrix X in Table 2. These 

data pertain to the amount of overt aggression (e.g., pushing another person), 

relational aggression (e.g., spreading gossip about someone) and prosocial behavior 

(e.g., helping another person) that children of six different ages (7 to 12 years old) 

display at school and at home. The data are columnwise centered per age group and 

standardized over all groups. As a consequence, we observe between-group 

differences in variability: for instance, the younger children vary less on the six 

variables than the older children. 
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Table 3: Partition matrix P of the Clusterwise SCA-ECP decomposition with 

three clusters and two components of X in Table 2 and of the Clusterwise 

SCA-P decomposition with two clusters and two components. 

 Clusterwise SCA-ECP  Clusterwise SCA-P 
Groups Cluster 1 Cluster 2 Cluster 3  Cluster 1 Cluster 2 
7 years 1 0 0  1 0 
8 years 1 0 0  1 0 
9 years 0 1 0  1 0 
10 years 0 1 0  1 0 
11 years 0 0 1  0 1 
12 years 0 0 1  0 1 

 

The Clusterwise SCA-ECP solution with three clusters and two 

components explains 99.7% of the overall variance of X. Note that, because of the 

considerable differences between the age groups in variability, X could only be 

fitted perfectly with Clusterwise SCA-ECP if as many clusters as age groups are 

formed (i.e., C = K). The partition matrix P of the solution with three clusters and 

two components is displayed in Table 3 and the cluster loading matrices in Table 4. 

From Table 3 it can be derived that each of the three clusters consists of two 

consecutive age groups. From the varimax rotated cluster loading matrix B(1) in 

Table 4 it can be read that for the 7- and 8-year-olds the behavior at home has high 

positive or negative loadings on the first component, whereas the behavior in 

school loads strongly on the second component. Hence, the components can be 

labeled ‘home behavior’ and ‘school behavior’. For cluster 2, containing ages 9 and 

10, the HKIC rotated loadings4 in Table 4 display the same structure (home 

behavior versus school behavior), but the component scores are strongly correlated 

(i.e., correlation of .80). The varimax rotated loadings of cluster 3, which consists 

                                                           
4 In the case of obliquely rotated components, the term ‘pattern matrix’ (rather than 
‘loading matrix’) is often used to indicate the weight matrix for the components. For the 
sake of simplicity, we will continue using the term ‘loadings’. 
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of the 11- and 12-year-olds, reveal a different pattern: the components refer to the 

type of behavior instead of the context, with overt and relational aggression 

constituting the first component (labeled ‘aggression’) and prosocial behavior the 

second component (labeled ‘prosocial behavior’). 

 

2.3. Clusterwise SCA-P: a more general Clusterwise SCA model 

We propose Clusterwise SCA-P to model the between-group differences in the 

component variances and correlations in a more comprehensive and/or 

parsimonious way than Clusterwise SCA-ECP, where parsimony refers to the 

number of clusters and thus the number of loading matrices that are to be inspected 

and compared after the analysis. Clusterwise SCA-P is built on the same principle 

as Clusterwise SCA-ECP: a clustering of the groups – which is represented in a 

partition matrix P – and a separate SCA with Q components on the data of each 

cluster, yielding a different loading matrix B(c) for each cluster c. In Clusterwise 

SCA-P, the component model within each cluster is an SCA-P model, however, 

which implies that the variances and correlations of the component scores may 

differ across the groups belonging to the same cluster. Thus, both models share the 

same decomposition rule (Equation 1), but Clusterwise SCA-P imposes no active 

constraints on the component scores (collected in Fk (k = 1,…, K)). To partly 

identify the solution, the variance of each cluster-specific component is scaled to 

unity across all groups within a cluster.  

The cluster-specific SCA-P models can be orthogonally or obliquely 

rotated within each cluster to make them easier to interpret. Also, the loadings and 

component scores of a Clusterwise SCA-P model can be rescaled such that the 

loadings can be read as correlations between components and variables across all 

clusters, in case of orthogonal components. Given this rescaling, the sizes of the 
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component scores are no longer comparable over clusters, however. The pros and 

cons of the different scaling options are discussed in the Appendix. 

 

Table 4: Cluster loading matrices of the Clusterwise SCA-ECP and Clusterwise 

SCA-P decompositions of X in Table 2. ‘OA’ indicates overt aggression, ‘RA’ 

relational aggression and ‘PB’  prosocial behavior. 

 Clusterwise SCA-ECP 
 Cluster 1  Cluster 2  Cluster 3 

 Home 
behav. 

School 
behav.  Home 

behav. 
School 
behav.  Aggression Prosocial 

behav. 
OA home .75 .00  1.01 .00  1.19 .00 
OA school .00 .78  .00 .99  1.18 .00 
RA home .75 .00  1.01 .00  1.19 .00 
RA school .00 .78  .00 .99  1.18 .00 
PB home −.74 .00  −1.01 .00  .00 1.19 
PB school .00 −.77  .00 −.99  .00 1.19 

 Clusterwise SCA-P 
 Cluster 1  Cluster 2 

 Home 
behavior 

School 
behavior  Aggression Prosocial 

behavior 
OA home .90 .00  1.19 .00 
OA school .00 .90  1.18 .00 
RA home .90 .00  1.19 .00 
RA school .00 .90  1.18 .00 
PB home −.89 .00  .00 1.20 
PB school .00 −.89  .00 1.19 

 

The hypothetical data in Table 2 are also used to illustrate the properties of 

the Clusterwise SCA-P model. X can be perfectly reconstructed by a Clusterwise 

SCA-P model with two clusters and two components. The partition matrix P in 

Table 3 reveals that ages 7 to 10 are now combined into one cluster, while ages 11 

and 12 form the second cluster. The cluster loading matrices B(c) in Table 4 – 

rotated obliquely using the HKIC criterion for the first cluster and orthogonally 
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according to the varimax criterion for the second – show that the components for 

the cluster of younger children can again be interpreted as ‘home behavior’ versus 

‘school behavior’, whereas the components for the cluster of older children can be 

labeled ‘aggression’ and ‘prosocial behavior’. 

The variances and correlations of the component scores for each age group 

are presented in Table 5. These variances and correlations give additional insight 

into the data. For instance, one can derive that in cluster 1, the variability on home 

and school behavior seems to increase with age. Furthermore, the component 

correlations in Table 5 indicate that the home and school behavior components are 

uncorrelated for the two youngest age groups but highly correlated for the 9- and 

10-year-olds. 

We conclude that the Clusterwise SCA-P solution fits the hypothetical data 

slightly better (100% variance explained versus 99.7%) than the Clusterwise SCA-

ECP solution and is more parsimonious in that only two clusters are needed. 

Indeed, ages 9 and 10 have the same loading structure as ages 7 and 8, but differ 

with respect to the correlation between these components. Because Clusterwise 

SCA-P can handle such differences in correlations, these four groups are assigned 

to the same cluster in the Clusterwise SCA-P solution, while in Clusterwise SCA-

ECP two separate clusters had to be formed. In addition, Clusterwise SCA-P sheds 

light on the between-group differences in variability within a cluster. 
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Table 5: Variances and correlations of component score matrices Fk of the 

Clusterwise SCA-P decomposition with two clusters and two components of X in 

Table 2.  

Cluster Group Components Variances  Correlations 
1 7 years home behavior 0.6  .05   school behavior 0.6  

 8 years home behavior 0.8  −.05   school behavior 0.9  
 9 years home behavior 1.2  .82   school behavior 1.1  
 10 years home behavior 1.4  .78   school behavior 1.4  

2 11 years aggression 1.0  −.03   prosocial behavior 1.0  
 12 years aggression 1.0  .03   prosocial behavior 1.1  

 

 

3. Data analysis 

3.1. Loss function 

For given numbers of clusters C and components Q and data matrices Xk, the aim 

of a Clusterwise SCA-P analysis is to find the partition matrix P, the component 

score matrices Fk and the cluster loading matrices B(c) that minimize the loss 

function: 

 
2

( )

1 1
.

C K
c

kc k k
c k

L p
= =

′= −∑∑ X F B  (2) 

Note that on the basis of the loss function value L, one can compute the 

percentage of variance in the data that is accounted for by the Clusterwise SCA-P 

solution: 
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2

2VAF(%) 100
L−

= ×
X

X
. (3) 

 

3.2. Algorithm 

In Clusterwise SCA-P analysis, we follow a deterministic perspective in that no 

distributional assumptions are made about the component scores, loadings, cluster 

memberships, and residuals, as is done in stochastic approaches (e.g., mixture 

modeling; McLachlan & Peel, 2000). As such, no likelihood function can be 

specified and, as is common for deterministic models, an alternating least squares 

(ALS) algorithm is used to fit a Clusterwise SCA-P solution with C clusters and Q 

components to a data matrix X. This algorithm was implemented in Matlab R2010a 

and the m-files can be obtained freely from the first author.  

The ALS procedure alternately updates each row of the partition matrix – 

that is, the cluster membership of one group – conditional upon the other rows of P 

and thus upon the cluster memberships of the other groups. Specifically, the 

Clusterwise SCA-P algorithm consists of five steps: 

1. Randomly initialize the partition matrix P: Initialize the partition matrix P 

by randomly assigning the K groups to one of the C clusters, where the 

probability of assigning a group to a certain cluster is equal for all clusters. 

If one of the clusters is empty, repeat this procedure until all clusters 

contain at least one group. 

2. Estimate the component score matrices Fk and cluster loading matrices B(c): 

For each cluster c, estimate B(c) and the corresponding F(c) matrix by 

performing SCA-P on the data matrix X(c), where F(c) and X(c) consist of the 

component score matrices Fk and the data matrices Xk of all the groups that 

belong to cluster c, respectively. Specifically, given the singular value 
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decomposition of X(c) into U(c), S(c)
 and V(c) with ( ) ( ) ( ) ( )c c c c ′=X U S V , least 

squares estimates of F(c) and B(c) are obtained by ( ) ( ) ( )c c c
QI=F U

 
and 

( ) ( ) ( )
( )

1c c c
Q QcI

=B V S . ( )c
QU  and ( )c

QV  are the first Q columns of U(c) and V(c) 

respectively, ( )c
QS  consists of the first Q columns and the first Q rows of 

S(c). I(c) denotes the total number of subjects in cluster c. 

3. For each group k, re-estimate row k of the partition matrix P conditionally 

on the other rows of P and update each B(c) and Fk accordingly: Reassign 

group k to each of the C clusters and compute the B(c) and Fk matrices for 

each of the C resulting clusterings, as described in Step 2, together with the 

corresponding loss function values. Subsequently, group k is placed in the 

cluster for which L is minimal and the corresponding estimates of the B(c) 

and Fk matrices are retained. 

4. When one of the C clusters is empty, move the group that fits its current 

cluster least to the empty cluster. Re-estimate each B(c) and Fk as described 

in Step 2. 

5. Repeat Steps 3 and 4 until the decrease of the loss function value L for the 

current iteration is smaller than the convergence criterion of 1 × 10−6. 

To reduce the probability of ending up in a local minimum, it is advisable to use a 

multistart procedure with different random initializations of the partition matrix P.  

 

3.3. Model selection 

When performing Clusterwise SCA analysis, two model selection questions have 

to be answered: (1) which model is most appropriate for the substantive question at 
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hand: Clusterwise SCA-ECP or Clusterwise SCA-P, and (2) given one of these 

models, how many clusters and components should be used? 

 
Figure 1: Decision tree for making the choice between applying Clusterwise 

SCA-ECP and Clusterwise SCA-P for a specific data analysis problem. 

 

3.3.1. Applying Clusterwise SCA-ECP or Clusterwise SCA-P 

To choose whether Clusterwise SCA-ECP or Clusterwise SCA-P is the most 

appropriate approach for a specific data analysis problem, one may consider the 

following three questions:  

1. Are you interested in between-group differences in the variability of the 

observed variables and the resulting components?  

2. Should any differences in component variability within groups be captured 

in different clusters, or should those differences be captured within clusters 

(i.e., do you want groups with the same loading structure but with different 

component variances to be assigned to the same cluster)?  

3. Should any differences in component correlations across groups be 

captured in different clusters, or should those differences be captured 
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within clusters (i.e., do you want groups with the same loading structure 

but with different component correlations to be assigned to the same 

cluster)? 

These three questions make up a decision tree, depicted in Figure 1, that guides the 

user to the most adequate approach.  

 

3.3.2. Selecting the number of clusters and components 

When performing Clusterwise SCA-(EC)P analysis, the number of underlying 

clusters C and components Q is usually unknown. To determine appropriate C- and 

Q-values, one may apply the following model selection procedure (see De Roover 

et al., 2012a, for more details). First, solutions are estimated using several values 

for C and Q. Next, to select the most appropriate number of clusters, called Cbest, 

one computes – given the different Q-values – the following scree ratio sr(C|Q) for 

all C-values for which Cmin < C < Cmax, with Cmin and Cmax being the smallest and 

largest number of clusters considered, respectively: 

 | 1|
( | )

1| |

VAF VAF
VAF VAF

C Q C Q
C Q

C Q C Q

sr −

+

−
=

−
. (4) 

where VAFC|Q  denotes the VAF percentage of the solution with C clusters and Q 

components (for a general description of the scree ratio, see Ceulemans & Kiers, 

2006). The C-value which has the highest average scree ratio across the different 

Q-values is retained as Cbest. Finally, to assess the best number of components Qbest, 

similar scree ratios are calculated, with the number of clusters equal to Cbest: 

 
best best

best

best best

| 1|
( | )

1| |

VAF VAF
.

VAF VAF
Q C Q C

Q C
Q C Q C

sr −

+

−
=

−
 (5) 

The Q-value for which Equation 5 is maximal is retained as Qbest.  
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4. Simulation studies 

In this section, we first present an extensive simulation study in which the 

Clusterwise SCA-P algorithm is evaluated with respect to sensitivity for local 

minima and goodness of recovery. In a second simulation study, we examine 

whether the presented model selection procedure succeeds in selecting C and Q 

correctly.  

 

4.1. Simulation study 1 

4.1.1. Design and procedure 

In this simulation study, seven factors were systematically varied in a complete 

factorial design, keeping the number of variables J fixed at 12: 

1. the number of groups K at 2 levels: 20, 40; 

2. the number of subjects per group Ik at 2 levels: Ik ~ U[30; 70], 

Ik ~ U[80; 120], with U indicating a uniform distribution; 

3. the number of clusters C at 2 levels: 2, 4; 

4. the cluster size, at 3 levels (see Brusco & Cradit, 2001; Steinley, 2003): 

equal (equal number of groups in each cluster); unequal with minority 

(10% of the groups in one cluster and the remaining groups distributed 

equally across the other clusters); unequal with majority (60% of the 

groups in one cluster and the remaining groups distributed equally across 

the other clusters); 

5. the number of components Q at 2 levels: 2, 4; 

6. the error level e, which is the expected proportion of error variance in the 

data matrices Xk, at 3 levels: .00, .20, .40; 

7. the amount of congruence between the cluster loading matrices B(c) at 3 

levels: low, medium, and high, which respectively imply that the Tucker 
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congruence coefficients (Tucker, 1951) between the corresponding 

components of the cluster loading matrices amount to .41, .72 and .93 on 

average, when these matrices are orthogonally procrustes rotated to each 

other. The clustering of the groups is less distinct when the congruence 

between the cluster loading matrices is high. 

These seven factors will be considered random effects. 

For each cell of the simulation design, 50 data matrices X were generated 

using the following procedure: Each component score matrix Fk was randomly 

sampled from a multivariate normal distribution, of which the mean vector consists 

of zeros and of which the variance-covariance matrix was obtained by uniformly 

sampling the component correlations and variances between −.5 and .5 and 

between .25 and 1.75 respectively. To construct the partition matrix P, the groups 

were randomly assigned to the clusters, making sure that each cluster had the 

correct size. The cluster loading matrices B(c) were generated according to the 

procedure described by De Roover et al. (2012b), where all loadings had values 

between −1 and 1. Subsequently, the proportion of variance accounted for by each 

cluster was manipulated by multiplying the cluster loading matrix of the cth cluster 

by ( )
( )

c
c

Is
I

where s(c) ~ U[.10; .90], subject to the restriction that all s(c) values 

sum to one. For each group k an error matrix Ek was randomly sampled from the 

standard normal distribution, and subsequently the cluster loading matrices B(c) and 

the error matrices Ek were rescaled by multiplying these matrices with e  and 

1 e−  respectively, such that the data contain the correct amount of error. Finally, 

X was obtained by computing the Xk matrices of the K groups as ( )c
k k

′ +F B E . 

All 21,600 data matrices X were centered per group and columnwise 

standardized across all groups. Subsequently, the data matrices were analyzed with 
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the Clusterwise SCA-P algorithm, using the correct C- and Q-values. The 

algorithm was run 25 times, each time using a different random start, and the best 

solution out of the 25 runs was retained. Additionally, the data matrices were also 

analyzed with the Clusterwise SCA-ECP algorithm, again using the correct C and 

Q as well as 25 random starts.  

 

4.1.2. Results 

4.1.2.1. Goodness of fit and sensitivity to local minima  

To evaluate the sensitivity of the Clusterwise SCA-P algorithm to local minima, 

the loss function value of the retained solution should be compared to that of the 

global minimum. This global minimum is unknown, however, for instance because 

the simulated data are perturbed with error. As a way out, we use the solution that 

results from seeding the algorithm with the true Fk, B(c) and P matrices as a proxy 

of the global minimum. 

First, we evaluated whether the best-fitting solution out of the 25 randomly 

started runs from the multistart procedure had a higher loss function value than the 

proxy, which would imply that the retained solution is a local minimum for sure. 

The results indicate that this is the case for only 1 out of the 21,600 simulated data 

matrices (0.005%). 

Furthermore, we determined which proportion of the 25 solutions resulting 

from the multistart procedure had a loss function value that was equal to that of the 

retained solution or to that of the proxy of the global minimum, whichever was the 

lowest. This proportion is referred to as the ‘global minimum proportion’. On 

average, the global minimum proportion equals .96 with a standard deviation of 

0.09, which implies that most of the runs ended in the retained solution.  

 



 Clusterwise SCA-P 133 

 
Figure 2: The proportion of random runs with a loss function value equal to that of 

the proxy of the global minimum (‘global minimum proportion’) as a function of 

amount of error e when the number of clusters C is two (left panel) and when C is 

four (right panel). 

 

To assess the effects of the different factors, we performed an analysis of 

variance with the global minimum proportion – the values of which were logit-

transformed to improve normality – as the dependent variable. In this analysis the 

seven main effects and all possible two-way and higher-order interactions were 

included. Thus, 128 effects were tested, which implies that reporting the full 

ANOVA table would not be very insightful. As advocated by Skrondal (2000), we 

examined the ‘practical significance’ of the obtained ANOVA effects, by 

computing intraclass correlations ˆ Iρ  (Haggard, 1958; Kirk, 1995) as a measure of 

effect size. We only discuss the effects that account for more than 10% of the 

variance of the dependent variable (i.e., ˆ Iρ  > .10). The results reveal a main effect 
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of the number of clusters C ( ˆ Iρ  = .42): the higher the number of clusters, the lower 

the global minimum proportion. The number of clusters C further interacts with the 

amount of error ( ˆ Iρ  = .22): the effect of the number of clusters is more pronounced 

when error is present in the data (Figure 2). 

Finally, we compared the percentage of VAF (Equation 5) of the 

Clusterwise SCA-P and Clusterwise SCA-ECP solution that was obtained for each 

of the simulated data sets. On average, the Clusterwise SCA-P solution explains 

about 7% (SD = 2.58%) more variance in the data than the Clusterwise SCA-ECP 

solution. 

 

4.1.2.2. Goodness of recovery 

The goodness of recovery will be evaluated with respect to (1) the clustering of the 

groups and (2) the cluster loading matrices. 

 

4.1.2.2.1. Recovery of the clustering of the groups 

To examine the recovery of the clustering of the groups, the Adjusted Rand Index 

(ARI; Hubert & Arabie, 1985) is calculated between the true partition matrix and 

the estimated partition matrix. The ARI equals one if the two partitions are 

identical, and equals zero when the agreement between the true and estimated 

partitions is at chance level. 

On average, the ARI amounts to .99 (SD = 0.04), which indicates that the 

clustering of the groups is recovered very well. No analysis of variance was 

performed since only 2.94% (636) of the data sets resulted in an ARI smaller than 

one. The majority of these 636 data sets (531) are situated in the conditions with 

highly congruent loading matrices and 40% error variance. 
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Figure 3: Box plots of the goodness-of-cluster-loading-recovery statistic (GOCL) 

as a function of the number of components (left), the number of groups (middle), 

and the number of clusters (right). 

 

4.1.2.2.2. Recovery of the cluster loading matrices 

To evaluate how well the cluster loading matrices are recovered, we calculated a 

goodness-of-cluster-loading-recovery statistic (GOCL) by computing congruence 

coefficients ϕ  (Tucker, 1951) between the components of the true and estimated 

loading matrices and averaging these coefficients across components and clusters 

as follows: 
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with ( )Tc
qB and ( )Mc

qB  indicating the qth component of the true and estimated cluster 

loading matrices, respectively. The rotational freedom of the Clusterwise SCA-P 
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model was dealt with by rotating the estimated loading matrices toward the true 

loading matrices using an orthogonal procrustes rotation. Moreover, the 

permutational freedom of the clusters (i.e., the columns of P can be permuted 

without altering the fit of the solution) was taken into account by selecting the 

column permutation of P that maximizes the GOCL value. The GOCL statistic 

takes values between zero (no recovery at all) and one (perfect recovery). 

On average, the GOCL statistic has a value of .99, with a standard 

deviation of 0.005, showing that the B(c) matrices are recovered very well by the 

Clusterwise SCA-P algorithm. An analysis of variance with the logit-transformed 

GOCL as the dependent variable and the seven factors as independent variables, 

reveals a main effect of the number of components ( ˆ Iρ  = .41): this main effect 

implies that the recovery of the cluster loading matrices deteriorates when the 

number of components increases (Figure 3). Moreover, a main effect is found of 

the number of groups ( ˆ Iρ  = .14) and of the number of clusters ( ˆ Iρ  = .10): the 

cluster loading matrices are recovered slightly better when the clusters contain 

more groups, i.e., when the number of groups is higher or when the number of 

clusters is lower (Figure 3). 

 

4.2. Simulation study 2 

To investigate whether the presented model selection procedure succeeds in 

selecting the correct C- and Q-values, we used the first five replicates in each 

design cell of Simulation study 1, discarding the errorless data sets. We analyzed 

each of these 1,440 data matrices with the Clusterwise SCA-P algorithm, with C 

and Q varying from one to six and using 25 random starts per analysis, and applied 

the model selection procedure. 
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The procedure selects the correct C- and Q-value for 1,289 out of the 1,440 

data sets (89.5%). When examining the results for the remaining data sets, we find 

that for respectively 7.1%, 2.8%, and 0.6% of the cases, only C, only Q, and both C 

and Q were selected incorrectly. The majority of the model selection mistakes (150 

out of the 151 mistakes) were made in the conditions with four underlying clusters, 

40% error variance and/or highly congruent cluster loading matrices.  

 

4.3. Conclusion 

From the simulation studies above, we can conclude (1) that Clusterwise SCA-P 

rarely ends in a local minimum when 25 random starts are used5, (2) that 

Clusterwise SCA-P explains more variance of the data than Clusterwise SCA-ECP, 

(3) that the true underlying clustering as well as the within-cluster component 

models are recovered very well by the Clusterwise SCA-P analysis5, and (4) that 

the model selection procedure retains the correct Clusterwise SCA-P model in the 

majority of the simulated cases.  

A limitation of the performed study might be that we use completely 

synthetic data, sampling the parameters from specific distributions. However, an 

advantage of this approach, in comparison with more realistic simulation studies in 

which some of the parameters are taken from the analysis of an empirical data set, 

is that we were able to evaluate the performance of our algorithm in a wide variety 

of well-defined conditions.      

 
                                                           
5 We also evaluated the performance in case of eight clusters, using the same design as in 
Section 4.1. The medium congruence level of the cluster loading matrices was omitted, 
however, since the data generation procedure for this level could not be readily generalized 
toward eight clusters. The overall results are as follows: a mean ARI of .95 (SD = 0.16), a 
mean GOCL of .99 (SD = 0.01) and a mean ‘global minimum proportion’ of .77 (SD = 
0.24) with the algorithm yielding for sure a local minimum for 0.50% of the simulated data 
sets.  
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5. Application 

In this section, we illustrate Clusterwise SCA-P by applying it to data from 

psychiatric diagnosis research. In this field, the structure of diagnostic categories is 

extensively investigated, given the heavy criticism on standard diagnostic systems 

such as the different versions of the DSM (Kendel & Jablensky, 2003; Kendler, 

1990; Zachar & Kendler, 2007). Specifically, as these systems define a diagnostic 

category by indicating which pattern of symptoms is typical for patients that belong 

to this category, a number of questions can be raised: One can wonder (1) whether 

clinicians agree about the extent to which different symptoms apply, (2) whether 

some structure can be discerned in the opinions of clinicians who disagree (do they 

disagree on the presence of single symptoms that seem randomly selected or on the 

presence of meaningful types of symptoms?), and (3) whether for some categories 

clinicians agree more than for others. 

To shed light on these questions, we applied Clusterwise SCA-P to data 

that were collected by Mezzich and Solomon (1980). These authors asked 22 

clinicians to imagine a typical patient for four diagnostic categories: manic-

depressive depressed (MDD), manic-depressive manic (MDM), simple 

schizophrenic (SS) and paranoid schizophrenic (PS). These categories are part of 

the nomenclature of mental disorders (DSM-II) issued in 1968 by the American 

Psychiatric Association. Subsequently, the 22 clinicians rated each archetypal 

patient on 17 psychopathological symptoms, on a 0 (absent) to 6 (extremely 

severe) Likert scale. As such an 88 patients by 17 symptoms data set was 

obtained6, where each patient belonged to one of the four diagnostic categories. 

Considering the diagnostic categories as the groups and the patients as the subjects, 

nested within the groups, we centered the data for each diagnostic category 

separately and standardized the symptoms across categories (see Section 2.1). In 

                                                           
6 The complete data set can be found in Mezzich and Solomon (1980). 
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this way, the mean symptom profiles of the four diagnostic categories are removed 

from the data, but the information on the amount of disagreement for each category 

is retained. 

 
Figure 4: Percentage of explained variance for Clusterwise SCA-P solutions with 

the number of components varying from one to six, and the number of clusters 

varying from one to four, for the archetypal patients data. 

 

To these data we fitted Clusterwise SCA-P models with Q varying from 

one to six and C varying from one to four (i.e., the number of diagnostic 

categories). In Figure 4, the VAF percentage of the obtained solutions is plotted. 
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The model selection procedure (see Section 3.3) suggests retaining two clusters, 

since the average scree ratio is maximal for the solutions with two clusters (Table 

6, above). With two as the number of clusters, the solution with three components 

has the highest scree ratio (Table 6, below). Therefore, we decided to retain the 

solution with two clusters and three components. 

In the selected solution, the partition matrix P (not shown) reveals that the 

PS and SS categories are assigned to the first cluster and the MDD and MDM 

categories to the second cluster. Therefore, these clusters can be called 

‘schizophrenia’ and ‘manic depression’ respectively. 

 

Table 6: Scree ratios for the number of clusters C given the number of 

components Q (above), and for the number of components Q given two clusters 

(below), for the archetypal patients data. The maximal scree ratio in each 

column is highlighted in boldface. 

 1 
comp 

2 
comp 

3 
comp 

4 
comp 

5 
comp 

6 
comp average 

2 clusters 1.41 1.28 1.49 1.68 1.85 2.00 1.62 
3 clusters 1.16 1.29 1.16 1.06 1.13 1.21 1.17 
        
 2 clusters     
2 components 1.21     
3 components 1.29     
4 components 1.17     
5 components 1.27     

 

The varimax rotated component loadings of these two clusters are 

displayed in Table 7. In the schizophrenia cluster, the first component can be 

labeled ‘grandiosity’ since this is the only symptom with a very strong loading on 

the component. Given the high loadings for ‘tension’, ‘depressive mood’, and ‘guilt 

feelings’, the second component of this cluster is named ‘affective symptoms’. On 
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the third component motor and behavioral symptoms such as ‘mannerisms and 

posturing’, ‘hallucinatory behavior’ and ‘motor retardation’ load high; therefore, it 

is labeled ‘behavioral symptoms’. 

 

Table 7: Varimax rotated loadings for the Clusterwise SCA-P solution for the 

archetypal patients data with two clusters and three components. Loadings which 

are larger than +/−.50 are highlighted in boldface. 

 Cluster 1: Schizophrenia  Cluster 2: Manic depression 
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Depressive mood .17 .87 .24  .00 .14 −.08 
Excitement −.24 .59 .32  −.03 −.08 .05 
Guilt feelings .02 .79 .13  −.06 .47 −.21 
Anxiety .14 .63 −.14  −.02 .91 .05 
Tension .05 .81 .01  .45 −.18 .43 
Somatic concern .31 .62 .12  −.13 .84 .12 
Conceptual disorganization −.05 .65 .44  .36 .01 .65 
Unusual thought content .39 .43 .33  .27 .09 .92 
Hallucinatory behavior .32 .33 .61  −.38 .03 .69 
Mannerisms and posturing .05 .20 1.00  .09 .30 .16 
Motor retardation −.01 .04 1.09  .17 .17 .09 
Grandiosity .88 .16 .01  .30 .01 .28 
Uncooperativeness .53 −.13 .36  .29 .59 .51 
Suspiciousness .45 .17 .07  −.28 .06 1.01 
Hostility .37 .00 −.08  .60 −.30 .07 
Blunted affect −.40 −.04 .39  .95 .01 −.12 
Emotional withdrawal −.21 .17 .33  .48 .41 −.01 

 

In the manic depression cluster, the first component is called ‘blunted 

affect’, because of the high loading of this symptom. The ‘somatic concern’ and 

‘anxiety’ symptoms have high loadings on the second component, which is thus 
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labeled ‘anxiety’. On the third component cognitive symptoms such as ‘conceptual 

disorganization’, ‘suspiciousness’ and ‘unusual thought content’ load high; 

therefore it is named ‘cognitive symptoms’. 

The variances and correlations of the component scores are presented in 

Table 8. From this table, it can be concluded that the variances of the component 

scores differ substantially between the diagnostic categories that belong to the 

same cluster. Specifically, in the schizophrenia cluster, the variance on the 

‘behavioral symptoms’ component is larger for the simple schizophrenic patients 

than for the paranoid schizophrenic patients. This indicates a relatively large 

disagreement among psychiatrists about the severity of behavioral symptoms in 

simple schizophrenic patients. For the manic-depressive patients with depression, 

there appears to be strong disagreement about the extent to which they are 

characterized by ‘blunted affect’. These differences in the amount of disagreement 

about the symptoms of PS and SS on the one hand and MDM and MDD on the 

other hand, may be explained by the fact that the symptoms of simple 

schizophrenia and manic depression depressed are mostly ‘negative’ (i.e., normal 

aspects of a person’s behavior disappear), such as mental and motor retardation, 

reduction of interest, apathy and impoverishment of interpersonal relations. In 

contrast, paranoid schizophrenia and manic depression manic are psychiatric 

disorders with very salient ‘positive’ symptoms (i.e., abnormal symptoms that are 

added to the behavior), such as hallucinations, aggression, talkativeness, 

accelerated speech and motor activity. Therefore, it is not surprising that there is 

less disagreement about the symptoms of these disorders than about the symptoms 

of simple schizophrenia and manic depression depressed.  

Table 8 also shows the correlations between the component scores for each 

of the four diagnostic categories. In general, these component correlations are 
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rather low. This indicates that the opinion of clinicians on one type of symptoms is 

quite independent of their opinion on symptoms of another type. 

We conclude that Clusterwise SCA-P allows us to formulate fine-grained 

yet parsimonious answers to the three research questions outlined above: (1) The 

psychiatrists indeed disagree on the symptoms of the four disorders. (2) The 

specific symptoms for which disagreement exists can be grouped into meaningful 

types, which differ between the schizophrenia and the manic-depressive disorders. 

(3) The amount of disagreement about the types of symptoms differs between the 

categories within a cluster. More specifically, the clinicians disagree more about 

the disorders with negative symptoms (MDD and SS) than about the disorders with 

positive symptoms (MDM and PS).  
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6. Discussion 

In this paper, the Clusterwise SCA-P model was proposed for detecting and 

modeling structural differences and similarities between data of several groups. 

Clusterwise SCA-P is more flexible than Clusterwise SCA-ECP, as Clusterwise 

SCA-P allows component variances and correlations to vary freely within each 

cluster. Therefore, Clusterwise SCA-P may result in more comprehensive and/or 

more parsimonious solutions (in terms of the number of clusters) than Clusterwise 

SCA-ECP. For the sake of clarity, we focused on data from different groups of 

subjects in this paper. However, Clusterwise SCA is also applicable to multivariate 

time series data from multiple subjects (for illustrative applications, see De Roover 

et al., 2012a; De Roover et al., 2012b). 

We see at least three possible directions for further research. First, in this 

paper, the number of components was fixed across the clusters. Due to this 

restriction, differences in the nature of the underlying dimensions are captured 

rather than differences in number of underlying dimensions. This is often not ideal. 

For example, in personality psychology, personality trait structure is often defined 

by five dimensions (Goldberg, 1990). However, some authors claim that in some 

cultures extra dimensions might be needed to adequately describe the structure of 

personality (Diaz-Loving, 1998). Therefore, in future research it would be useful to 

allow the number of components to vary between clusters. This generalization is 

not as straightforward as it may seem, as it would result in non-arbitrary problems 

with respect to the model estimation. Meanwhile, researchers can use the following 

strategy: inspect the within-cluster component models of the obtained Clusterwise 

SCA solution and look for signs of overextraction (e.g., one of the components is 

determined by only one variable, or has low loadings for all variables) and, when 

indicated, fit an SCA solution with a lower number of components to the data of 

the groups that belong to the cluster at hand. 
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Second, Clusterwise SCA clusters the groups on the basis of the within-

group structures, ignoring between-group differences in variable means. However, 

these differences in means could reveal interesting additional information. 

Therefore, one may consider developing an extension of Clusterwise SCA in which 

the group means are modeled as well. Such an extension has already been 

described for SCA (Timmerman, 2006), which implies a PCA of the groups means 

next to an SCA of the within-group structure. Alternatively, one could model the 

group means by means of reduced K-means (Bock, 1987; De Soete & Carroll, 

1994; Timmerman, Ceulemans, Kiers, & Vichi, 2010), which would entail a 

clustering of the groups as well as a dimension reduction of the variables. 

Third, it may be useful to introduce group-specific weights to correct for 

the unwanted dominance of some groups (for an overview of possible weighting 

strategies, see Van Deun, Smilde, van der Werf, Kiers, & Van Mechelen, 2009). 

For instance, one may want to give more weight to the data of smaller groups, to 

avoid the analysis results being primarily influenced by the larger groups. 
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Appendix: Two different scalings of Clusterwise SCA-P and SCA-ECP 

solutions 

As mentioned in Section 2.3, the variance of the component scores is fixed at one 

across all groups belonging to the same cluster, to partly identify the Clusterwise 

SCA-P solution. This type of scaling will be denoted as ‘scaling per cluster’. An 
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alternative way of scaling the component scores can be considered however, which 

will be referred to as ‘scaling across clusters’. Both types of scaling, which are also 

applicable to Clusterwise SCA-ECP, will be discussed below. 

For ease of explanation, we rewrite the decomposition rule (Equation 1) of 

the Clusterwise SCA-ECP and Clusterwise SCA-P models as follows: 

 ′= +X FB E  (7) 

where F is a I × CQ matrix, of which the cth set of Q columns consists of the Fk 

matrices for the groups that belong to cluster c and zeros for the groups that belong 

to another cluster, B = [B(1) B(2) … B(C)]  is a J × CQ matrix that concatenates the C 

cluster loading matrices, and E (I × J) denotes the matrix of residuals. For example, 

given the partition matrix P (see Table 3) of the Clusterwise SCA-P decomposition 

of the hypothetical data in Table 2, Equation 7 would read as follows: 
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[ ]
[ ]
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[ ]
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1 1 1
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Note that this example shows that the components of the different clusters are 

orthogonal to each other. 

When scaling per cluster is applied, the variance of the non-zero 

component scores is set to one for each column of F in Equation 7. This implies 

that the relative sizes of the component scores are independent of the cluster size 

(i.e., the number of individuals belonging to a cluster) and thus can be compared 

across clusters. For each loading ( )c
jqb , 

( )2( )

( ) 2( )

c
jq
c

j

b
s

 is the proportion of the 
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cluster-specific variance of the jth variable that is explained by component q, 

where ( ) 2( )c
js  is the variance of variable j across all groups that make up cluster c. 

If the data are standardized across all groups, these cluster-specific variances will 

not necessarily equal one. This implies that the loadings cannot be interpreted as 

correlations. Only if the variables are autoscaled rather than standardized across all 

groups do the squared loadings ( )2( )c
jqb  equal the proportion of cluster-specific 

variance of variable j that is explained by component q. Then the loadings are also 

correlations between components and variables, in case of orthogonal components. 

Scaling across clusters implies that the variance of the complete columns 

of F in Equation 7, thus including the zero entries, is set to one. The cluster loading 

matrices ( )cB  and corresponding component score matrices kF  of a solution that is 

scaled across all clusters can be obtained directly from the solution that is scaled 

per cluster, namely as 
( )

( ) ( )
c

c cI
I

=B B  and ( )k kc

I
I

=F F , where I(c) is the number 

of subjects within cluster c. When the component scores are scaled across clusters 

the sizes of the component scores can only be compared within a cluster, because 

the size of the component scores is affected by the cluster size. Specifically, in 

clusters that contain a relatively low number of subjects, the absolute values of the 

scores will be higher than in clusters that contain more subjects. The squared 

loadings ( )2( )c
jqb  equal the proportion of total variance of the jth variable (i.e., 

across all clusters) that is explained by component q. Furthermore, if the 

components are orthogonal within each cluster, the loadings are correlations 

between the variables and components (across all clusters). 

Summarizing, which scaling is to be preferred, scaling per cluster or 

scaling across clusters, depends on which aspect of the solution should be 
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comparable across clusters. If the size of the component scores should be 

comparable irrespective of cluster size, one should use scaling per cluster. If one is 

interested in loadings that are independent of the cluster-specific variances of the 

variables and that can be read as correlations between variables and components 

across all clusters, scaling across clusters is to be preferred. 
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Abstract 

Given multivariate multiblock data (e.g., subjects nested in groups are measured on 

multiple variables), one may be interested in the nature and number of dimensions 

that underlie the variables, and in differences in dimensional structure across data 

blocks. To this end, clusterwise simultaneous component analysis (SCA) was 

proposed which simultaneously clusters blocks with a similar structure and 

performs an SCA per cluster. However, the number of components was restricted 

to be the same across clusters, which is often unrealistic.  In this paper, this 

restriction is removed. The resulting challenges with respect to model estimation 

and selection are resolved. 
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1. Introduction 

When researchers measure the same variables for a number of subjects who are 

nested in groups (e.g., students of different classes, inhabitants of different 

countries), the obtained data have a hierarchical structure. The same holds when a 

set of variables (e.g., a number of emotions) is measured multiple times for some 

subjects, where the measurement occasions are nested within subjects. Such 

hierarchical data can also be called ‘multiblock’ data as each group in the first 

example and each subject in the second example corresponds to a ‘block’ of data. 

By their nature, multiblock data raise questions about the underlying 

dimensional structure of each data block and the extent to which this structure 

differs across the data blocks. For instance, the well-known Big Five model 

(Goldberg, 1990) in personality psychology states that individual differences in 

dispositional characteristics can be described using five dimensions or ‘factors’. 

Although there is considerable support for this five factor model,  some argue that 

this may not hold for all cultures in that the number and/or the nature of the 

dimensions may differ across cultures (e.g., Diaz-Loving, 1998). As another 

example, there appear to be differences among individuals in how strongly 

emotions covary across time, with some people showing stronger covariation than 

others (Barret, 1998). 

To explore the dimensional structure of multiblock data, component 

analysis may be used. In component analysis, the observed variables are reduced to 

a few components that summarize the data as adequately as possible. For instance, 

analyzing the scores of a sample of persons on a set of personality-related variables 

with standard principal component analysis (PCA; Jolliffe, 1986; Meredith & 

Millsap, 1985; Pearson, 1901), one obtains a component score matrix F, containing 

the scores of the persons on the components, and a loading matrix B, indicating the 

extent to which the scores on the personality variables can be summarized by the 



 Clusterwise SCA-ECP with different numbers of components for the clusters 155 

respective components. In other words, the loadings express the dimensional 

structure of the variables.  

For analyzing multiblock data, De Roover and colleagues recently 

presented Clusterwise SCA-ECP (where ‘SCA-ECP’ refers to simultaneous 

component analysis with Equal Cross-Product constraints on the data blocks within 

a cluster; De Roover, Ceulemans, & Timmerman, 2012a; De Roover et al., 2012b), 

which captures the most important structural differences and similarities between 

the data blocks by clustering the data blocks according to their dimensional 

structure. Specifically, data blocks that are assigned to the same cluster are 

modeled using the same loadings, while the loadings across clusters may, and 

usually will, differ. Clusterwise SCA-ECP is a generic modeling strategy, as it 

includes standard (i.e., non-clusterwise) SCA-ECP (Kiers, 1990; Kiers & ten 

Berge, 1994; Timmerman & Kiers, 2003) and PCA on each of the data blocks 

separately as special cases, that is, when the number of clusters is set to one or to 

the number of data blocks, respectively. The applications in De Roover et al. 

(2012b) – disentangling two groups of eating disordered patients and describing 

differences between a number of experimental conditions – illustrate that 

Clusterwise SCA is a very useful modeling technique that can help explain 

differences and similarities in dimensional structures. 

Nonetheless, Clusterwise SCA-ECP has an important drawback in that the 

number of components is restricted to be equal across the clusters, which is often 

not realistic. For instance, when subjects report on their emotions at randomly 

selected measurement occasions, studies on emotional granularity (Barrett, 1998; 

Tugade, Fredrickson, & Barret, 2004) suggest that the number of underlying 

dimensions, and thus the number of components, can differ between subjects, with 

a higher number of components corresponding to a higher emotional granularity 

level. Therefore, in this paper, we present a more general version of Clusterwise 
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SCA-ECP in which the number of components may vary over the clusters. This 

generalization is not as straightforward as it may seem, as serious challenges arise 

at the level of model estimation and model selection. These challenges are 

discussed and resolved in this paper. More specifically, we propose a model 

estimation procedure in which data blocks are only added to a cluster with a 

relatively high number of components when the increase in fit outweighs the 

increase in the number of model parameters to be estimated. Subsequently, to 

select among the huge set of possible solutions, which differ with respect to the 

number of clusters and the number of components per cluster, four model selection 

procedures are presented and evaluated. 

The remainder of the paper consists of four sections. Throughout these 

sections, we use a real psychological data set for illustration purposes. In Section 2, 

we recapitulate the required data structure and the recommended preprocessing and 

discuss the generalized Clusterwise SCA-ECP model. In Section 3, we present a 

model estimation procedure and we evaluate it in a simulation study. In Section 4, 

we present several procedures for model selection, of which the performance is 

compared in a simulation study. Next, we compare the performance of the original 

Clusterwise SCA-ECP method with that of the generalized version in terms of 

cluster recovery. Finally, in the Discussion, we end with some directions for future 

research. 

 

2. Model 

2.1. Data structure and preprocessing 

Multiblock data consist of I data blocks Xi (Ni × J) containing scores on J 

variables, where the number of observations Ni (i = 1, …, I) may differ across data 

blocks. The vertical concatenation of the I data blocks gives an N × J data matrix 
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X, where 
1

I

i
i

N N
=

=∑ . To apply Clusterwise SCA-ECP, it is required that each Ni 

exceeds the number of components to be fitted, and, for the sake of stable model 

estimates, Ni is preferably larger than J for each data block. 

Note that ‘multiblock data’ is often used in a more general way in that the 

data blocks under study may be coupled in the row mode (observations, e.g., 

persons, situations, measurement occasions, etc.) or the column mode (variables, 

e.g., items, symptoms, etc.) (see, e.g., Van Mechelen & Smilde, 2010). In this 

paper, we only consider data that are coupled in the column mode, as Clusterwise 

SCA-ECP is developed for multiple data blocks containing the same variables. In 

this case, a further distinction can be made between ‘multigroup’ and ‘multilevel’ 

data, based on whether the data blocks are considered fixed or random, respectively 

(Timmerman, Kiers, Smilde, Ceulemans, & Stouten, 2009). For instance, if the 

data blocks correspond to subjects, the data blocks are fixed when one is only 

interested in the subjects in the study, and random when one wants to generalize 

the conclusions toward a larger population of subjects. As Clusterwise SCA-ECP is 

a deterministic method (i.e., no distributional assumptions are made with respect to 

the component scores), it is applicable to both multigroup and multilevel data. 

Clusterwise SCA-ECP was designed for modeling the dimensional or 

correlational structure of the data blocks. Therefore, to make sure that between-

block differences in correlational structure are not confounded with between-block 

differences in means or variances of the variables, we standardize each variable per 

data block Xi. 

We illustrate the application of this technique using a real data set 

consisting of daily measures of self-consciousness. Initially, Feningstein, Scheier, 

and Buss (1975) distinguished two kinds of self-consciousness: private and public. 

Public self-consciousness is being conscious of one’s appearance to others, 
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whereas private self-consciousness is the process of examining one’s thoughts, 

feelings, and behaviors. 

Although this distinction was useful, a body of research accumulated that 

suggested the existence of what came to be called the ‘self-focused (or self-

absorption) paradox’. Sometimes, greater private self-consciousness was found to 

be associated with adaptive behaviors or outcomes, whereas in other instances it 

was associated with maladaptive outcomes (Trapnell & Campbell, 1999). Partially 

in an attempt to resolve this paradox, Trapnell and Campbell posited and provided 

evidence in support of a model that broke private self-consciousness into two, 

unrelated components, rumination and reflection, which Trapnell and Campbell 

(1999) described as ‘neurotic’ and ‘intellectual self-attentiveness’ respectively. 

Implicit in this distinction is that rumination (neurotic) self-focused thinking is the 

more maladaptive of the pair, whereas reflection (intellectual self-attentiveness) is 

the more adaptive. 

In this paper, we focus on the within-subject variability of public self-

consciousness, rumination, and reflection, using data collected by Nezlek (2005). 

The 204 participants in the study provided measures of public self-consciousness, 

rumination, and reflection each day for 10 to 20 days. Specifically, participants 

logged onto a website and answered, among others, nine questions, three for each 

of the three types of self-consciousness: public self-consciousness (“How much 

today did you …” (Publ1) “think about what other people thought of you,” (Publ2) 

“worry about making a good impression,” and (Publ3) “think about your physical 

appearance [clothes, grooming, etc.]?”), rumination (“Today …” (Rum1) “how 

much time did you spend “ruminating” or dwelling on things that happened to you 

for a long time afterward?” (Rum2) “I played back over in my mind how I acted in 

a past situation.” (Rum3) ‘‘how much time did you spend rethinking things that are 

over and done with?”), and reflection ((Refl1) “How much today did you think 
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about the nature and meaning of things?” (Refl2) “How much did you care today 

for introspective or self-reflective thinking?” (Refl3) “Today, how much did you 

think about your attitudes and feelings?”). Responses were made on 7-point scales 

with endpoints of “not at all” to “very much”. For a more detailed discussion of the 

methods used to collect these data, see Nezlek (2005, 2012). Across all 

participants, there were 2,796 valid observations (days of data). 

With our Clusterwise SCA-ECP analysis, we intended to answer the 

following questions: (a) Are the items that are intended to measure the same 

construct (rumination, reflection, and public self-consciousness) strongly 

correlated? (b) Are there any within-subject relationships between these three 

constructs; for example, are the items measuring rumination and reflection strongly 

correlated implying that they reflect one underlying dimension which can be 

labeled private self-consciousness? (c) Do these within-subject relationships differ 

across subjects; for example, does it hold that rumination and reflection are 

strongly correlated for some subjects, whereas they are not for others? 

 

2.2. Clusterwise SCA-ECP Model 

Clusterwise SCA-ECP models differences and similarities in dimensional structure 

by simultaneously clustering the data blocks and fitting an SCA-ECP model per 

cluster. Stated differently, data blocks with a similar dimensional structure will be 

assigned to the same cluster and thus modeled by the same loading matrix, while 

data blocks with a different structure will be assigned to different clusters. 

For ease of presentation, we will first recapitulate SCA-ECP (Kiers & ten 

Berge, 1994; Timmerman & Kiers, 2003), whose model equation reads as follows: 

 ,i i i′= +X F B E  (1) 
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where Fi (Ni × Q) and Ei (Ni × J) denote the component score matrix and the 

residual matrix of the ith data block, and B (J × Q) denotes the loading matrix. The 

Fi matrices are constrained to have Equal Cross-Products (ECP), that is, 

1
i i iN − ′ =F F Φ . To partly identify the solution (without loss of fit), the variances of 

the component scores per block (i.e., of the columns of Fi) are fixed at one. 

Because Xi is standardized, Fi is centered, implying that the matrix Φ is the 

correlation matrix of the component scores. 

It is noteworthy that the components of an SCA-ECP solution have 

rotational freedom. Specifically, to obtain solutions that are easier to interpret, the 

loading matrix B can be multiplied by any rotation matrix, provided that such a 

transformation is compensated for in the component score matrices Fi (i = 1, …, I) 

(for more details, see De Roover et al., 2012b). 

The Clusterwise SCA-ECP model is expressed by the following equation: 

 ( ) ( )

1
,

K
k k

i ik i i
k

p
=

′= +∑X F B E  (2) 

where K is the number of clusters, pik is an entry of the binary partition matrix P (I 

× K), which equals one when data block i is assigned to cluster k and zero 

otherwise, ( )k
iF (Ni × Q(k)) denotes the component score matrix of data block i when 

assigned to cluster k, Q(k) is the number of components for cluster k, and ( )kB (J × 

Q(k)) denotes the loading matrix of cluster k. The components have rotational 

freedom per cluster. Note that De Roover et al. (2012b) imposed the restriction that 

Q(k) = Q for all clusters. For an overview of the relations between Clusterwise 

SCA-ECP and existing models, we refer the reader to De Roover et al. (2012b). 

To illustrate the model, we will present the Clusterwise SCA-ECP solution 

with two clusters for the self-consciousness data, using two components for the 
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first cluster (105 subjects) and one component for the second cluster (99 subjects). 

In the fourth section, we will discuss why we selected this solution. 

 

Table 1: Normalized varimax rotated loadings for the two clusters of the self-

consciousness data. Loadings greater than +/−.30 are highlighted in boldface. 

‘Rum’ is rumination, ‘Refl’ is reflection and ‘Publ’ is public self-consciousness. 

 Cluster 1  Cluster 2 
 Private self-

consciousness 
Public self-

consciousness 
  Self-

consciousness 
Rum1 .76 .01  .65 
Rum2 .78 .09  .73 
Rum3 .76 .07  .71 
Refl1 .69 .06  .73 
Refl2 .58 −.01  .56 
Refl3 .68 .05  .69 
Publ1 .19 .79  .73 
Publ2 .05 .81  .67 
Publ3 −.06 .74  .57 

 

The cluster loading matrices of this solution, rotated orthogonally 

according to the normalized varimax criterion (Kaiser, 1958), are presented in 

Table 1. In the first cluster, the two components correspond to private self-

consciousness and public self-consciousness, given the high loadings of the 

rumination and reflection items on the first component and the high loadings of the 

public self-consciousness items on the second. In the second cluster, all items load 

high on the obtained component; therefore, it is labeled ‘self-consciousness’. We 

conclude that for all subjects, more rumination on a certain day co-occurs with 

more self-reflection on that same day as these constructs are not recovered as 

separate components. In addition, the subjects differ with respect to the relation 

between daily private and public self-consciousness: Whereas for the subjects in 
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cluster 2 a higher level of daily private self-consciousness is also associated with a 

higher level of daily public self-consciousness, these two constructs vary 

independently for the subjects in cluster 1. 

 

3. Model estimation 

In this section, we will first describe the original Clusterwise SCA-ECP algorithm 

(De Roover et al., 2012b), that is, for estimating a model where the number of 

components is the same in each cluster. Second, we discuss why this algorithm is 

not appropriate for fitting a Clusterwise SCA-ECP model in which the number of 

components may differ across clusters, and how it may be adapted. Third, the 

performance of the original and adapted algorithm is evaluated and compared in a 

simulation study. 

 

3.1. Procedure 

3.1.1. Clusterwise SCA-ECP with Q(k) = Q for all clusters 

To fit Clusterwise SCA-ECP solutions with an equal number of components Q 

across the clusters, De Roover et al. (2012b) propose to minimize the following 

objective function, given specific values of K and Q: 

 ( ) ( ) 2

1 1
|| || .

I K
k k

ik i i
i k

SSE p
= =

′= −∑∑ X F B  (3) 

Note that because Xi is centered, minimizing Equation 3 is equivalent to 

maximizing the percentage of variance accounted for (VAF%), which can be 

calculated as follows: 

 
2

2VAF% 100.
SSE−

= ×
X

X
 (4) 
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To this end, an alternating least squares (ALS) algorithm7 is used, 

consisting of the following steps: 

1. Randomly initialize partition matrix P: The partition matrix P (I × K) 

contains the binary cluster memberships pik (Equation 2). Randomly assign 

the I data blocks to one of the K clusters, where each cluster has an equal 

probability of being assigned to and empty clusters are not allowed. 

2. Update the SCA-ECP model for each cluster: Estimate the ( )k
iF  and ( )kB

matrices for each cluster by performing a rationally started SCA-ECP 

analysis (Timmerman & Kiers, 2003) on the Xi data blocks assigned to the 

cluster. Specifically, the loading matrix ( )kB is rationally initialized, based 

on the singular value decomposition (svd) of the vertical concatenation of 

the data blocks within cluster k, denoted by ( )kX . Next, ( )kF  and ( )kB  are 

iteratively re-estimated, where ( )kF  is the vertical concatenation of the 
( )k
iF  matrices for the data blocks assigned to cluster k. ( )kF  is  

(re-)estimated by performing an svd for each data block Xi that belongs to 

cluster k: ( )k
iX B  is decomposed into Ui, Si and Vi with ( )k

i i i i
′=X B U S V  

and a least squares estimate of ( )k
iF  is then given by ( )k

i i i iN ′=F U V  (ten 

Berge, 1993). ( )kB  is updated by ( ) ( ) ( ) 1 ( ) ( )(( ) )k k k k k−′ ′ ′=B F F F X . 

3. Update the partition matrix P: Each cluster membership is updated by 

quantifying the extent to which data block i fits in each cluster using a 

block- and cluster-specific partition criterion: 

  

                                                           
7 This algorithm is implemented in an easy-to-use software program that can be 
downloaded at http://ppw.kuleuven.be/okp/software/MBCA/ (De Roover, Ceulemans, & 
Timmerman, 2012a). 
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2

( ) ( ) ( )k k k
i i iSSE ′= −X F B  (5) 

and assigning it to the cluster k for which ( )k
iSSE is minimal. To this end, 

( )k
iF  in Equation 5 is computed by means of the svd-step described in Step 

2. When one or more clusters is empty after this procedure, the data blocks 

with the lowest ( )k
iSSE  values are moved to the empty clusters. 

4. Steps 2 and 3 are repeated until the partition P no longer changes. 

Assuming that the convergence proofs for K-means (e.g., Selim & Ismail, 

1984) can be generalized to the Clusterwise SCA-ECP problem, convergence of 

the above procedure – which we will call ALSSSE – is guaranteed when the optimal 

partition is unique. The optimal partition is not unique when the correlation 

structure underlying the different clusters is identical (e.g., because the imposed 

number of clusters is too high). In empirical practice this will almost never occur as 

the correlation structure of a data block is always partly driven by random error. 

But, as with all ALS algorithms, the algorithm may converge to a local minimum. 

To increase the probability of obtaining the partition that corresponds to the global 

minimum, it is advised to use a number of different random starts (e.g., 25) and 

retain the best-fitting solution (i.e., with the lowest SSE) as the final solution.  

 

3.1.2. Clusterwise SCA-ECP with Q(k) varying across the clusters 

It might be tempting to also use the ALSSSE approach described above to fit 

Clusterwise SCA-ECP solutions with the number of components Q(k) varying 

across clusters. However, in the case where Q(k) varies, using ALSSSE  may imply 

that the majority of the data blocks are assigned to the cluster(s) with the highest 

Q(k)-value, since such solutions happen to have the lowest SSE value. Specifically, 
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this phenomenon may occur when the clusters are relatively difficult to distinguish 

in terms of their correlational structure, which can be due to a high congruence 

between the cluster loading matrices and/or to a high amount of error variance. For 

instance, when we use the ALSSSE procedure to estimate a Clusterwise SCA-ECP 

solution for the self-consciousness data with two clusters using one and two as the 

Q(k)-values for the respective clusters, the vast majority of the subjects (i.e., 181 of 

the 204 subjects) are assigned to the cluster with two components. 

To solve this problem, we propose to use an alternative objective function. 

Specifically, inspired by the penalty approach that is successfully used in, for 

instance, regression analysis and simultaneous component analysis to circumvent 

multicollinearity problems or to enforce sparse or simple structure models (Hoerl, 

1962; Tibshirani, 1996; Van Deun, Wilderjans, van den Berg, Antoniadis, & Van 

Mechelen, 2011), we will add a penalty that is higher, respectively lower, when a 

data block is assigned to a cluster with a higher, respectively lower, number of 

components. This will be achieved by using the well-known Akaike information 

criterion (AIC; Akaike, 1974) as the objective function in the above ALS 

algorithm; this approach will be referred to as the ALSAIC approach. 

 The AIC reads as follows (Akaike, 1974): 

 2loglik( | ) 2 ,AIC fp= − +X M  (6) 

where loglik(X|M) refers to the log-likelihood of data X given model M and fp 

denotes the number of free parameters to be estimated. To define loglik(X|M), we 

need to stochastically extend the Clusterwise SCA-ECP model by assuming the 

residuals e
in j  to be independent and identically distributed as e

in j  ~ N(0, σ²). In 

that case, it follows that 

 ( )2 2
2 2 2

1 1loglik( | ) log exp log 2
2 2 2 2

N J

SSE N J SSEπσ
πσ σ σ

 
    = − = − −       
 

X M  (7) 
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Inserting 2ˆ SSE
N J

σ =  as a post-hoc estimator of the error variance σ² (Wilderjans, 

Ceulemans, Van Mechelen, & van den Berg, 2011) yields 

 
( ) ( ) ( )

loglik( | ) log(2 ) log( ) log( )
2 2 2 2

1 log 2 log log ,
2

N J N J N J N JN J SSE

N J N J SSE

π

π

= − − + −

= −  + − +  

X M
 (8) 

where the first three terms are invariant across solutions and thus can be discarded 

when the AIC is minimized. 

Following Ceulemans, Timmerman, and Kiers (2011), the number of free 

parameters fp of a Clusterwise SCA-ECP model can be calculated as follows: 

( ) ( ) ( )

( )

1

( ) ( )
( ) ( ) ( ) ( ) 2 ( ) ( ) ( )

1

1
( ) 1 1 ,

2

K
k

k

k kK
k k k k k k k

k

fp I fp

Q Q
I N Q JQ Q I Q I

=

=

= +

 −
 = + + − − − − −
 
 

∑

∑
 (9) 

where I reflects the number of cluster memberships (when K > 1) and fp(k) is the 

number of free parameters within each cluster k, with the first two terms of fp(k) 

indicating the number of cluster-specific component scores ( ( )

1

I
k

ik i
i

N p N
=

=∑ ), and 

loadings. The other terms of fp(k) correct for the rotational freedom and the 

restrictions on the variances and the correlations of the component scores 

respectively, where I(k) indicates the number of data blocks in cluster k. When 

estimating a model given specific values of K and Q(k), the first, third, and fourth 

terms of fp are invariant, and thus can be discarded when minimizing the function. 

Therefore, the AIC objective function8 boils down to: 

                                                           
8 It was confirmed for the simulation study reported below that multiplying the second term 
of the loss function (and partition criterion) by 2 – like in the AIC – gives an optimal cluster 
recovery for 99.6% of the simulated data sets, as opposed to using another factor. In 
particular, multiplying fp by log(N) – like in the Bayesian information criterion (BIC; 
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( ) ( ) ( ) ( )( ) ( )
( ) ( ) ( ) ( ) ( )

1

1
log 2 1 1 .

2

k kK
k k k k k

k

Q Q
AIC NJ SSE N Q I Q I

=

 −
 = + − − − −
 
 

∑  (10) 

The AIC-based partition criterion can be derived accordingly (see the 

Appendix): 

 ( )( ) ( ) ( )log 2 ,k k k
i i i iAIC N J SSE N Q= +  (11) 

by noting that, when updating pik, the number of free parameters is equal to the 

number of component scores to be estimated for data block i when assigned to 

cluster k. This partition criterion ensures that data blocks are only assigned to a 

cluster with more components when the corresponding increase in fit outweighs the 

increase in complexity (i.e., the number of component scores to be estimated). We 

will refer to the algorithm using the AIC objective function and its corresponding 

partition criterion as the ALSAIC procedure9. This procedure consists of the same 

steps as described above for the Q(k) = Q case10, where the AIC objective function 

directly influences the estimation of the partition in Step 3 (through the AIC-based 

partition criterion) on the one hand and the choice of the best and thus final 

solution from the multistart procedure on the other hand. Note that in the case 

where Q(k) = Q, the number of free parameters is not influenced by the cluster 

                                                                                                                                                    
Schwarz, 1978) – appeared to lead to a too high penalty, in that too few data blocks were 
assigned to the higher-dimensional clusters. 
9 The adapted procedure will be added to the above mentioned software program in the near 
future and the updated program will be made available at 
http://ppw.kuleuven.be/okp/software/MBCA/. 
10 In Step 2 of the ALSAIC procedure, the estimation of the SCA-ECP model per cluster is 
also based on the least squares estimates for the ( )k

iF  and ( )kB  matrices described by 
Timmerman and Kiers (2003), which implies that this step minimizes the SSE objective 
function. This is equivalent to minimizing the AIC objective function, because the number 
of free parameters is fixed within Step 2 and the minimal SSE corresponds to the minimal 
log(SSE). 
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memberships of the data blocks, and thus the solutions retained by means of the 

ALSSSE and ALSAIC procedures are identical.  

 When we use the ALSAIC procedure to estimate a Clusterwise SCA-ECP 

solution for the self-consciousness data with two clusters using one and two as the 

Q(k)-values for the respective clusters, 105 of the 204 subjects are assigned to the 

cluster with two components and the remaining 99 subjects to the cluster with one 

component. 

 

3.2. Simulation study to compare the ALSSSE and ALSAIC approaches 

3.2.1. Problem 

To evaluate and compare the performance of the ALSSSE and ALSAIC approaches, 

we performed a simulation study. In particular, we assessed the recovery of the 

clustering11. We hypothesize that ALSSSE performs worse than ALSAIC, in that 

ALSSSE will tend to assign too many data blocks to the clusters with a higher 

number of components. The cluster recovery performance is evaluated in light of 

six manipulated factors: (1) the number of data blocks, (2) the number of 

observations per data block, (3) the number of underlying clusters K and 

components Q(k), (4) the cluster size, (5) the amount of error on the data, and (6) 

the structure of the cluster loading matrices. The first five factors are often varied 

in simulation studies to evaluate clustering algorithms (see, e.g., Brusco & Cradit, 

                                                           
11 We also assessed the sensitivity to local minima and the recovery of the within-cluster 
component structures. A sufficiently low sensitivity to local minima was established for 
both procedures (i.e., 5.17% and 0.29% local minima over all conditions for ALSSSE and 
ALSAIC, respectively) and the recovery of the cluster loading matrices was found to be 
really good (i.e., mean congruence coefficient of .9968 (SD = 0.02) between estimated and 
simulated loadings across all conditions) for the ALSAIC procedure. Note that previous 
studies on Clusterwise SCA (De Roover et al., 2012b; De Roover, Ceulemans, 
Timmerman, & Onghena, 2013) have already indicated that the within-cluster component 
loadings are recovered very well in cases where the data blocks are clustered correctly. 
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2001, 2005; Hands & Everitt, 1987; Milligan, Soon, &, Sokol, 1983; Timmerman, 

Ceulemans, Kiers, & Vichi, 2010; Steinley, 2003), and also in the original 

Clusterwise SCA-ECP simulation study (De Roover et al., 2012b). With respect to 

these factors, we expect that Clusterwise SCA-ECP will perform better when more 

information is available (i.e., more data blocks and/or more observations per data 

block; Brusco & Cradit, 2005; De Roover et al., 2012b; Hands & Everitt, 1987), in 

cases of fewer clusters and fewer within-cluster components (Brusco & Cradit, 

2005; De Roover et al. 2012b; Milligan et al., 1983; Timmerman et al., 2010), 

when the clusters are of equal size (Brusco & Cradit, 2001; Milligan et al., 1983; 

Steinley, 2003), and when the data contain less error (Brusco & Cradit, 2005; De 

Roover et al. 2012b). Factor 6 was included because it is empirically relevant and 

theoretically interesting to evaluate the effect of different kinds of relations 

between the cluster loading matrices. We conjecture that it will be harder to 

distinguish the clusters when the cluster loading matrices are strongly related. 

 

3.2.2. Design and procedure 

The number of variables J was fixed at 12 and the six factors mentioned above 

were varied in a complete factorial design: 

1. the number of data blocks I at 2 levels: 20, 40; 

2. the number of observations per data block Ni at 4 levels: Ni ~ U[15; 20], 

Ni ~ U[30; 70], Ni ~ U[80; 120], Ni ~ U[20; 120], with U indicating a 

discrete uniform distribution between the given numbers and where the 

fourth level was added to evaluate the effect of large differences in block 

size; 

3. the number of underlying clusters and components (i.e., K and Q(k)-values) 

at 6 levels: [2 1], [4 2], [2 1 2], [4 2 4], [2 1 4 2], [4 2 4 2], where K equals 

the length of the vector and the Q(k)-values are the elements of the vector; 
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4. the cluster size, at 3 levels (see Milligan et al., 1983): equal (equal number 

of data blocks in each cluster); unequal with minority (10% of the data 

blocks in one cluster and the remaining data blocks distributed equally over 

the other clusters); unequal with majority (60% of the data blocks in one 

cluster and the remaining data blocks distributed equally over the other 

clusters); note that the minority and majority cluster is chosen randomly 

from the available clusters, implying that they are expected to have one, 

two and four component(s) in 13/72, 1/2 and 23/72 of the cases, 

respectively. 

5. the error level e, which is the expected proportion of error variance in the 

data blocks Xi at 2 levels: .20, .40; 

6. the structure of the cluster loading matrices at 2 levels: random structure, 

simple structure. 

 

With respect to factor 6, the loading matrices with random structure were 

obtained by sampling the loadings uniformly between −1 and 1. In the simple 

structure conditions, all variables have a high loading on one of the components 

and a zero loading on the other components. Moreover, the subgroups of variables 

constituting the components are assembled in such a way that the components of 

the less complex cluster(s) can be obtained by a pairwise merge of two components 

of the preceding more complex cluster. We selected this type of loading matrices 

because we expect that it would be relatively difficult to disentangle the associated 

less and more complex clusters from each other. For instance, in the case where the 

Q(k)-vector equals [4 2 4 2], the simple structure cluster loading matrices were 

constructed as follows: 
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(1)

1 0 0 0
1 0 0 0
1 0 0 0
0 1 0 0
0 1 0 0
0 1 0 0
0 0 1 0
0 0 1 0
0 0 1 0
0 0 0 1
0 0 0 1
0 0 0 1

 
 
 
 
 
 
 
 
 =  
 
 
 
 
 
 
 
  

B   (2)

1 0
1 0
1 0
1 0
1 0
1 0
0 1
0 1
0 1
0 1
0 1
0 1

 
 
 
 
 
 
 
 
 =  
 
 
 
 
 
 
 
  

B   (3)

1 0 0 0
0 1 0 0
1 0 0 0
0 1 0 0
0 0 1 0
0 1 0 0
0 0 1 0
0 0 0 1
0 0 1 0
0 0 0 1
1 0 0 0
0 0 0 1

 
 
 
 
 
 
 
 
 =  
 
 
 
 
 
 
 
  

B   (4)

1 0
1 0
1 0
1 0
0 1
1 0
0 1
0 1
0 1
0 1
1 0
0 1

 
 
 
 
 
 
 
 
 =  
 
 
 
 
 
 
 
  

B  

where, for example, merging the first two (respectively last two) components of 

B(1) gives the first (respectively last) component of B(2). A similar relationship 

exists between B(3) and B(4). To quantify the degree of relatedness or similarity 

among the cluster loading matrices, a mean RV-coefficient (‘RVmean’) was 

calculated for each data set: 
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1 2 1

1 2

1 2
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B B
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B B B B

 (12) 

The RV-coefficient (Robert & Escoufier, 1976) is a rotation-independent 

correlation between two matrices, which allows for the number of columns to 

differ between the matrices and which takes values between zero and one. In 

Equation 12, the RV-coefficient is computed for each pair of true cluster loading 

matrices and then averaged over all cluster pairs. On average, RVmean amounts to 

.17 (SD = 0.09) and .67 (SD = 0.04) for the random and simple structure loadings, 
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respectively12, which indicates that the random loadings matrices are very different 

among clusters while the simple structure loading matrices are moderately related 

as intended by the manipulation. 

For each cell of the factorial design, 50 data matrices X were generated, 

consisting of I Xi data blocks. Specifically, the partition matrix P was obtained by 

randomly assigning the correct number of data blocks (i.e., given the cluster size 

factor) to each of the clusters. The component score matrices ( )k
iF  as well as the 

error matrices Ei were generated by randomly sampling entries from a standard 

normal distribution. Subsequently, the error matrices Ei and the cluster loading 

matrices ( )kB  were rescaled to obtain data that contain an expected proportion e of 

error variance. Finally, the resulting Xi matrices were standardized per variable, 

and were vertically concatenated into the matrix X. 

In total, 2 (number of data blocks) × 4 (number of observations per data 

block) × 6 (number of clusters and components) × 3 (cluster size) × 2 (error level) 

× 2 (structure of cluster loading matrices) × 50 (replicates) = 28,800 simulated data 

matrices were generated. Each data matrix X was analyzed with the ALSSSE and 

ALSAIC procedures, each time using the correct K- and Q(k)-values and starting from 

25 different random partition matrices. 

 

3.2.3. Results 

To quantify how well the clustering of the data blocks is recovered, we will use the 

proportion of correctly classified data blocks. When calculating this proportion, we 

took into account the number of components in a cluster. That is, clusters that 

contain the same blocks as the true clusters, but that are modeled with a too low or 

                                                           
12 The mean values for the modified RV-coefficient (Smilde, Kiers, Bijlsma, Rubingh, & 
van Erk, 2009), are .02 (SD = 0.09) and .59 (SD = 0.08), respectively. 
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too high number of components, are considered incorrect. The overall mean 

proportion of correct classification is .88 (SD = 0.27) and 1.00 (SD = 0.02) when 

using the ALSSSE and ALSAIC approach, respectively. This implies that the ALSAIC 

approach is clearly superior, as hypothesized. 

To examine which conditions induce classification errors when using the 

ALSSSE approach, an analysis of variance was performed with the proportion of 

correct classification as the dependent variable and the six manipulated factors and 

their interactions as independent variables. The main effects of the manipulated 

factors were all significant (p < .001) and correspond to the expectations 

formulated in Section 3.2.1. With respect to factor 2, the results indicate an effect 

of the expected mean block size but not of the differences in block size. 

Subsequently, to examine which main and interaction effects have a large effect 

size, we computed for each effect the partial eta-squared statistic (Cohen, 1973), 

which indicates the proportion of explained variance of the effect concerned that is 

not explained by the other effects. Only discussing effects larger than .05, the 

strongest main effect was that of the amount of error ( 2ˆpartialη  = .11), where the 

proportion of correct classification was .95 (SD = 0.20) and .81 (SD = 0.31) for 

error variances of .20 and .40, respectively. Moreover, we found important effects 

of the cluster size ( 2ˆpartialη  = .10) and the number of clusters and components  

( 2ˆpartialη  = .07): the proportion of correct classification is lower in case of unequal 

cluster sizes with majority and lowest for the unequal cluster sizes with minority 

(Figure 1) and the proportion is also lower when two or four clusters are estimated 

and when four components are estimated in at least one of the clusters. The 

interaction effect between these two factors ( 2ˆpartialη  = .18), implies that the latter 

effect becomes more pronounced when clusters are not of equal size (Figure 1). 
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Figure 1: Mean values and associated 95% confidence intervals of the proportion 

of correct classification as a function of the number of clusters and components 

and the cluster sizes for the ALSSSE procedure. 

 

To test the hypothesis that with the ALSSSE approach too many data blocks 

are assigned to more complex cluster(s), we further examine the misclassifications 

that result from using this approach. Specifically, we computed the ratio of the 

number of data blocks that were assigned to a too simple cluster to the total number 

of misclassified data blocks, for the 5,842 data sets for which misclassifications 

were made. According to our hypothesis we expect this ratio to be low, which 

would indicate that most classification errors imply that data blocks are assigned to 

more or equally complex clusters. This was confirmed by our results in that the 

mean value of the ratio (i.e., proportion misclassified toward simpler clusters) 

across the 5,842 data sets amounts to .08 (SD = 0.11). To examine which factors 

have a large effect on this ratio, an unbalanced analysis of variance was performed 

with the ratio as the dependent variable and the six manipulated factors and their 
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interactions as independent variables. A main effect of the structure of the cluster 

loading matrices is found ( 2ˆpartialη  = .06), where the ratio equals .18 (SD = 0.09) and 

.04 (SD = 0.09) for the random and simple structure cluster loading matrices, 

respectively. Further inspection revealed that in the case of random loadings some 

of the misclassifications concern relocations of blocks into less complex clusters, 

while in the simple structure conditions the classification errors mostly imply that 

data blocks are assigned to more or equally complex clusters. This effect can be 

explained by the fact that for 1,795 data sets, which mainly (i.e., 1,777 of the 

1,795) belong to the random loadings conditions, two correctly assembled clusters 

of data blocks are swapped and thus modeled with an incorrect number of 

components. Moreover, for 3,319 of the 3,904 data sets with simple structure 

loading matrices, data blocks are exclusively misclassified to a more complex 

cluster of which the dimensions can be merged pairwise to obtain the correct 

dimensional structure underlying the data block.  

The ALSAIC approach yielded classification errors for only 257 data sets so 

no analysis of variance was performed. The majority (i.e., 240) of these errors are 

made in conditions with an error variance of .40 and/or unequal cluster sizes. 

Specifically, 174 of the errors imply that only one data block is misclassified, often 

in a less complex cluster, and for the remaining 83 data sets the proportion of data 

blocks that are assigned to a too simple cluster amounted to .45 (SD = 0.20). 

Therefore, we conclude that the tendency of assigning too many data blocks to the 

more complex clusters is indeed mitigated by using the AIC-based objective 

function. Because of its clear superiority over the ALSSSE procedure, we will use 

the ALSAIC procedure in the remainder of the paper. 
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4. Model selection 

When applying Clusterwise SCA-ECP, the most appropriate number of clusters K, 

Kbest, is often unknown, as well as the best number of components Q(k) within each 

cluster, Q(k),best. To tackle the resulting model selection problem, one may estimate 

Clusterwise SCA-ECP solutions using one to Kmax clusters and one to Qmax 

components, where Kmax and Qmax are larger values than can be reasonably 

expected for the data at hand. This implies that, given specific Kmax and Qmax-

values, the number of models among which one has to choose equals: 

 
( )
( )( )

max max

max
1

1 !
.

1 ! !

K

K

Q K
S

Q K=

+ −
=

−
∑  (13) 

This number rapidly becomes very large: For example, if Kmax and Qmax equal six, 

923 different solutions are obtained. To compare, in the case where Q(k) = Q one 

has to choose among only 36 models (i.e., Kmax × Qmax). In this section, we will 

first recapitulate the stepwise model selection procedure that De Roover et al. 

(2012a) proposed for the Q(k) = Q case, which showed good performance in a large 

simulation study (De Roover et al., 2012a; De Roover, Ceulemans, Timmerman, & 

Onghena, 2013). Subsequently, we expand this stepwise procedure to 

accommodate different Q(k)-values for the clusters. Additionally, we discuss a 

number of alternative model selection techniques, which select among all possible 

solutions simultaneously. Finally, the performance of the different model selection 

techniques is evaluated in a simulation study. 

 

4.1. Procedure 

4.1.1. Clusterwise SCA-ECP with Q(k) = Q for all clusters 

Given the Kmax × Qmax different solutions for the same data, De Roover et al. 

(2012a) propose to evaluate the balance between fit and complexity on the basis of 
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a generalization of the scree test (Cattell, 1966), and to retain the model with the 

best balance. Specifically, these authors present a stepwise procedure in which one 

first selects the best number of clusters, Kbest, and subsequently the best number of 

components, Qbest. To determine Kbest, scree ratios sr(K|Q) are calculated for each 

value of K, given different Q-values: 

 | 1|
( | )

1| |

VAF VAF
,

VAF VAF
K Q K Q

K Q
K Q K Q

sr −

+

−
=

−
 (14) 

where |VAFK Q  indicates the VAF% of the solution with K clusters and Q 

components; these scree ratios indicate the extent to which the increase in fit with 

additional clusters levels off. Subsequently, Kbest is chosen as the K-value with the 

highest average scree ratio across the different Q-values. In the second step, similar 

scree ratios are calculated for each Q-value, given Kbest: 
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The best number of components Qbest is the number of components Q for which the 

above scree ratio is maximal. 

To illustrate this stepwise procedure we apply it to the self-consciousness 

data set. First, we analyzed the data using six as Kmax and Qmax. In Figure 2, the 

VAF% is plotted against Q, for each K-value. The corresponding scree ratios to 

determine Kbest and Qbest are presented in Table 2. According to these scree ratios, 

Kbest is two as the average scree ratio in the upper part of Table 2 is highest for two 

clusters. This corresponds to the fact that in Figure 2 an increase in VAF% of about 

2.5% is observed when going from one to two clusters, while adding more clusters 

gives markedly smaller increases in fit. The lower part of Table 2 shows that Qbest 

equals two, as the corresponding scree ratio is the highest. Indeed, the scree curve 

for two clusters in Figure 2 displays a mild elbow at two components. 
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Figure 2: Percentage of explained variance for Clusterwise SCA-ECP solutions 

for the self-consciousness data, with the number of clusters K varying from one to 

six, and the number of components Q fixed over clusters and varying from one to 

six. The solutions with K equal to one are equivalent to standard SCA-ECP 

solutions. 
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Table 2: Scree ratios for the numbers of clusters K given the fixed numbers 

of components Q and averaged over the numbers of components (above), 

and for the fixed numbers of components Q given two clusters (below), for 

the self-consciousness data. The maximal scree ratio in each column is 

highlighted in boldface. 

 1 
comp 

2 
comp 

3 
comp 

4 
comp 

5 
comp 

6 
comp average 

2 clusters 2.42 1.75 2.28 2.37 1.95 2.16 2.15 
3 clusters 1.09 1.32 1.16 1.33 1.28 1.32 1.25 
4 clusters 1.40 1.34 1.67 1.42 1.58 1.29 1.45 
5 clusters 1.55 1.48 1.34 0.96 0.95 1.26 1.25 
        
 2 clusters     
2 components 1.65     
3 components 1.54     
4 components 1.29     
5 components 1.18     

 

4.1.2. Clusterwise SCA-ECP with Q(k) varying across the clusters 

4.1.2.1. Stepwise procedure 

We propose to expand the above described stepwise Clusterwise SCA-ECP model 

selection procedure as follows: 

1. Obtain Kbest and Qbest (and the corresponding partition): see above. 

2. Determine the best number of components Q(k),best for each cluster k: 

Perform a scree test per cluster k, using the partition found in Step 1. 

Specifically, Q(k),best is set to the Q-value that maximizes the following 

scree ratio: 
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where ( )VAF k
Q  is the VAF% of the SCA-ECP solution with Q components 

for the data blocks in cluster k. 

3. Estimate the Clusterwise SCA-ECP model with the selected complexity: 

Run the Clusterwise SCA-ECP algorithm, using the ALSAIC approach with 

the selected Kbest- and Q(k),best-values, to estimate the corresponding optimal 

partition and within-cluster models. Apart from (e.g.) 25 random starts, use 

one rational start, by taking the partition that resulted from Step 1 as the 

initial partition. 

4. Check convergence: Repeat Step 2 using the partition that results from 

Step 3, to evaluate whether the possible changes in the partition affect the 

selected Q(k)s. If this is the case, repeat Steps 3 and 4. 

The scree ratios in Equation 16 (and Equation 15) cannot be calculated for 

Q  equal to one, unless we specify a VAF0 value (i.e., for the solution with zero 

components). In this paper, we will evaluate two alternative values: 0 and 100/J. 

Using a value of zero was proposed in the DIFFIT scree test (Timmerman & Kiers, 

2000). Although this value may be intuitively appealing, a disadvantage is that it is 

very low and invariant over data sets; therefore, in some cases it might lead to a 

maximal scree ratio for one-component solutions when the true number of 

components is higher. The value of 100/J was inspired by considering that it would 

not make sense to apply component analysis to data in which the observed 

variables are all uncorrelated, as in such a case no components can be extracted 

that summarize multiple variables (i.e., each variable would constitute a different 

component), and realizing that the VAF% by one of the J observed variables would 

equal 100/J.  

Note that using the (negative) log-likelihood rather than the VAF%, which 

improves the correspondence among the model estimation and model selection 
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criteria, led to almost identical model selection results in our simulation study. This 

can be explained by the fact that (1) the logarithmic transformation of the SSE 

values (see Equation 8) closely resembles a linear transformation for large SSE 

values (say, larger than 3000) and (2) the value of a scree ratio is insensitive to 

linear transformations. Indeed, using the loglikelihood gives a different model 

selection result for only 23 data sets, the majority of which are situated in the 

conditions with only 15 to 20 observations per data block, implying smaller SSE 

values. 

To illustrate this procedure for the self-consciousness data, we first note 

that in the first step the solution with two clusters and two components is retained 

(see above). Next, the best number of components is determined for each cluster 

separately. The corresponding scree ratios are presented in Table 3. For the first 

cluster, the best number of components remains two, but for the second cluster, one 

component seems to be enough to adequately summarize the data. 

 

Table 3: Scree ratios for the numbers of components Q(k) for cluster 1 (left) 

and cluster 2 (right), for the self-consciousness data. The maximal scree ratio 

in each column is highlighted in boldface. 

 Cluster 1  Cluster 2  
 

 
1 component 1.27  3.77   
2 components 2.43  1.26   
3 components 1.46  1.29   
4 components 1.20  1.34   
5 components 1.24  1.18   

 

In Figure 3, the VAF% within each cluster are plotted against the numbers 

of components in that cluster; note that we used 100/J as VAF% for a solution with 

zero components. We can see that the elbow for cluster 1 corresponds to two 

components while for cluster 2 more variance is explained by one component 
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already and the increase in fit indeed seems to level off after one component. The 

resulting solution was discussed in Section 2.2. 

 

 
Figure 3: Percentage of explained variance for SCA-ECP solutions within  

cluster 1 and cluster 2 for the self-consciousness data, with the number of 

components varying from one to six. 

 

4.1.2.2. Simultaneous procedures 

To simultaneously select among all S (Equation 13) possible Clusterwise 

SCA-ECP solutions – which, thus, all have to be estimated – one may consider (a) 

the well-known AIC (Akaike, 1974), which selects the solution for which the AIC 
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value (Equation 6) is the lowest, (b) the equally popular BIC (Schwarz, 1978), 

which retains the solution for which the BIC value, that is, 

2loglik( | ) log( )BIC N fp= − +X M , is minimal, and (c) the CHULL procedure 

(Ceulemans & Van Mechelen, 2005), which generalizes the scree test (Cattell, 

1966) to multidimensional model selection problems (e.g., three-mode component 

analysis, Ceulemans & Kiers, 2006, 2009; multilevel component analysis, 

Ceulemans, Timmerman, & Kiers, 2011). Specifically, the CHULL procedure 

balances fit and complexity, by comparing the VAF% (Equation 4) and the number 

of free parameters fp (Equation 9) of the obtained solutions. 

 

4.2. Simulation study to evaluate the model selection 

4.2.1. Problem 

This simulation study aims to evaluate the overall performance of the stepwise 

model selection procedure that we proposed above, and to compare it to some 

existing simultaneous model selection procedures: AIC, BIC, and CHULL. 

Analyzing a subset of the data sets from the simulation study carried out to 

examine model estimation, we will investigate the overall frequency of correct 

model selection as well as the effect of the six manipulated factors. 

 

4.2.2. Design 

To keep the total computation time within reasonable limits, we used the first five 

replications in each cell of the model estimation study. Thus, we are now dealing 

with 2 (number of data blocks) × 4 (number of observations per data block) × 6 

(number of clusters and components) × 3 (cluster size) × 2 (error level) × 2 

(structure of cluster loading matrices) × 5 (replicates) = 2,880 simulated data 

matrices. To each data set, we applied the four model selection procedures under 
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consideration, setting the Kmax- and Qmax-values to six, implying that we had to 

select among 923 possible solutions. When computing AIC, BIC and CHULL, the 

number of free parameters fp (Equation 9) is used as complexity measure. Like 

Ceulemans et al. (2011), we slightly adjusted fp to account for redundancy in the 

component scores of large data blocks. Specifically, the number of observations in 

a cluster is computed as ( )

1
min( , log( ))

I
k

ik i i
i

N p N J N
=

=∑ . Because of the expected 

difficulty of the simultaneous model selection (i.e., choosing among 923 solutions), 

we retain the three best solutions for each criterion. The stepwise procedure was 

executed as described above and only the best solution was selected. 

 

4.2.3. Results 

The stepwise procedure (with VAF0 equal to 100/J) selects the correct Clusterwise 

SCA-ECP model – correct number of clusters K as well as correct number of 

components Q(k) for each cluster k – for 87% of the cases (2,500 out of 2,880). The 

simultaneous model selection by means of AIC displays a very strong tendency to 

overestimate K as well as Q(k), and never selects the correct model. BIC performs 

better in that the correct model is among the three selected models for 67% of the 

data sets. Specifically, the best model according to BIC is the correct one in 54% of 

the cases, while the second best and third best are correct in 9% and 4% of the 

cases, respectively. When using CHULL, the correct model is one of the three 

retained models in 78% of the cases, with the correct one being the best model for 

38% of the simulated data sets, the second best for 31% and the third best for 9%. 

We conclude that the stepwise procedure performs best; note that this also holds 

when focusing on specific levels of the factors. Moreover, the stepwise procedure 

required a mean computation time of about five minutes only, while the 



 Clusterwise SCA-ECP with different numbers of components for the clusters 185 

simultaneous model selection methods require a mean computation time of about 

two hours per data set (with a 3.33 GHz processor). 

Since the stepwise method is the best in terms of performance and time 

efficiency, we will take its performance under scrutiny to see when it can go wrong 

(i.e., which data characteristics play a role) and what happens in those cases. The 

majority of the model selection mistakes (324 out of the 380) correspond to an 

underestimation of the number of clusters in the simple structure conditions or an 

underestimation of Q(k)
 for at least one cluster in the conditions with random 

loadings and with four components underlying one or more of the clusters. The 

underestimations of the number of clusters are due to the structural relations 

between less and more complex simple structure clusters (see description of 

manipulated factor 6). The Q(k)
 underestimations may be explained by the fact that 

each component accounts for about the same VAF% in the simple structure case, 

while in the random loadings case the VAF% may differ strongly across the 

components. Consequently, in the latter case, it is more difficult to distinguish 

components that are explaining less variance from the error, and even more so 

when Q(k) is higher. 

We also compared the effect of using zero instead of 100/J as the VAF0 

value when computing the scree ratio for one-component solutions. While using 

100/J yielded the results described in the previous paragraphs, using zero implied 

11 additional model selection mistakes. More specifically, for these 11 data sets – 

all in the conditions with random loadings – one component was wrongly selected 

as Q(k),best for one or more of the clusters. 
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5. Performance of Clusterwise SCA-ECP with varying Q(k) 

and Clusterwise SCA-ECP with Q(k) = Q for the 

simulated data 

Based on a simulation study reported in De Roover et al. (2012b) on the effects of 

overextraction (i.e., using too many components), one might hypothesize that 

Clusterwise SCA-ECP with Q(k) = Q will adequately recover the clustering of the 

data blocks when the number of components Q is sufficiently high for all clusters, 

raising doubts about the necessity of Clusterwise SCA-ECP with varying Q(k). 

Indeed, if Clusterwise SCA-ECP with Q(k) = Q would correctly reveal the 

underlying clustering when Q(k) actually varies across clusters, one could simply 

determine the most appropriate number of components Q(k) per cluster and the 

corresponding loadings and component scores in a post-processing step. To put the 

doubts about the added value of Clusterwise SCA-ECP with varying Q(k) to rest, we 

will demonstrate its superior cluster recovery by re-analyzing the 2,880 data sets 

from the model selection simulation with the two Clusterwise SCA-ECP 

approaches. As the underlying Q(k)s are unknown in empirical practice, we will 

apply the stepwise model selection procedure described above and compare the 

clustering of the selected model with Q(k) = Q  (i.e., clustering after Step 1 of the 

procedure) to that of the selected model with varying Q(k) (i.e., clustering at the end 

of the procedure). Note that this implies that the number of clusters Kbest will 

always be identical for both selected models. 

Computing the proportion of correctly classified data blocks (as defined in 

Section 3.2.3), reveals that using Q(k),best = Qbest yields an incorrect clustering (i.e., 

proportion of correct classification < 1) for 215 out of the 2,880 data sets, while the 

clustering of the selected model with a varying Q(k),best is incorrect for only 23 data 

sets. Thus, the cluster recovery by means of Clusterwise SCA-ECP with Q(k) = Q is 

relatively good, but clearly inferior to the recovery by means of the new 
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Clusterwise SCA-ECP model with a varying number of components across 

clusters. 

 

6. Discussion 

The key idea behind the original Clusterwise SCA-ECP method – capturing 

differences and similarities in the dimensional structure of a number of data 

blocks – is very useful for behavioral research. The method had an important 

drawback, however, in that the number of dimensions was restricted to be the same 

across the obtained clusters of data blocks. As this restriction is often unrealistic 

and inappropriate, it was removed in the current paper. 

To improve the model estimates of the Clusterwise SCA-ECP model with 

possibly varying numbers of components, we made use of a stochastic extension of 

the Clusterwise SCA-ECP model. In this model, the residuals are assumed to be 

independently, identically and normally distributed. The robustness of the model 

against violations of this assumption was not examined in the current paper. 

Previous work by Wilderjans et al. (2011) on the influence of between-block 

differences in error variance on the performance of a stochastically extended SCA, 

indicated that the performance is only hampered when large differences in error 

variance are combined with large differences in the size of the data blocks. Since 

the influence of block size differences is eliminated by the autoscaling, we 

conjecture that Clusterwise SCA-ECP can withstand between-block differences in 

error variance. However, no research has been conducted concerning the 

robustness of (Clusterwise) SCA models with respect to differences in the block-

specific error variance of the different variables, non-normality of the residuals or 

dependencies between the residuals and, thus, it would be useful to do so in the 

future. 
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 Additionally, it would be interesting to provide some uncertainty 

information about the obtained parameter estimates. However, as the stochastic 

extension in this paper only implies distributional assumptions about the residuals, 

we cannot use classic inferential procedures. Therefore, it might be useful to 

develop a bootstrap procedure to assess the stability of the clustering of a 

Clusterwise SCA-ECP model on the one hand and to construct confidence intervals 

around the loadings within the clusters (thus, given a certain partition) on the other 

hand. Whereas for the cluster stability the work of Hofmans, Ceulemans, Steinley, 

and Van Mechelen (2012) might be relevant, for the confidence intervals around 

the loadings a similar procedure as the one described by Timmerman et al. (2009) 

could be applied. 

Even though a number of generally applicable model selection procedures 

exists to select the best out of a large number of models (i.e., AIC, BIC, CHULL), 

the stepwise procedure that we specifically developed for the generalized 

Clusterwise SCA-ECP model clearly performs better. We see two possible reasons 

for this difference in performance. First, whereas AIC and BIC do not differentiate 

between the often large set of possible solutions, the stepwise procedure first 

conducts an initial screening among a subset of the solutions (i.e., the solutions that 

impose an equal number of dimensions in each cluster) to obtain a good guess 

about the complexity of the best solution. Subsequently, this guess is fine-tuned in 

the remaining steps of the stepwise procedure. Second, complexity is 

operationalized in different ways in the stepwise and simultaneous model selection 

procedures. The stepwise procedure is based on the number of clusters and 

components as complexity measures, which do not change as a function of the data 

size (the number of observations, data blocks, and variables). In contrast, the 

simultaneous procedures all use the number of free parameters, which strongly 

depends on the size of the data. Further research into this matter may provide better 
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insight into the mechanisms behind different model selection procedures, which 

would be highly useful for statistical practice. 

Finally, our findings about the usefulness of penalized model estimation as 

well as about the characteristics of different model selection procedures might also 

be useful for other models combining some form of clustering with a dimension 

reduction within each cluster. For instance, mixtures of factor analyzers (MFA; 

McLachlan & Peel, 2000; Yung, 1997) is a widely used approach that combines 

mixture modeling and factor analysis for single-block data (i.e., data that are not 

hierarchically structured). Following the line of reasoning that was given for 

Clusterwise SCA-ECP, applying MFA with the number of factors varying across 

the mixture components might be interesting for some data sets. Indeed, if our self-

consciousness data would have been cross-sectional in that each person had rated 

how much they ruminate, reflect and are aware of their public appearance on 

average, MFA could be applied to distinguish between a number of person types on 

the basis of their mean level as well as the correlation structure. Herewith, it makes 

sense to assume that rumination, reflection, and public self-consciousness are more 

strongly correlated in some person types, implying that the number of factors 

should be allowed to differ over the mixtures. Such a generalization of MFA might 

cause the same model estimation problems as reported in this paper, and thus MFA 

might also benefit from using the number of free parameters as a penalty during 

model estimation. Also, up to now, the best MFA model was selected using BIC. It 

may be interesting to compare the performance of BIC and a stepwise procedure 

similar to the one presented in this paper. 
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Appendix: Derivation of an AIC-based partition criterion 

Conditional upon a specific Clusterwise SCA-ECP model M, the log-likelihood of 

data block Xi when assigned to cluster k (and thus modeled by ( )k
iM ) amounts to 

 

( )

( )2( )
2 2

2 ( )
2

1loglik( | ) log exp
2 2

1log 2 ,
2 2

iN J
k

k i
i i

ki
i

SSE

N J SSE

πσ σ

πσ
σ

    = −       

= − −

X M
 (17) 
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which is the block-specific counterpart of Equation 7, given ( )k
iSSE as defined in 

Equation 5. When inserting 
( )

2ˆ
k

i

i

SSE
N J

σ =  as a post-hoc estimator of the error 

variance σ² (Wilderjans et al., 2011), the log-likelihood can be rewritten as 

 ( ) ( ) ( )( ) ( )loglik( | ) 1 log 2 log log ,
2

k ki
i i i i

N J N J SSEπ = − + − + X M  (18) 

where the first three terms are not influenced by the cluster assignment and can 

thus be discarded. The number of free parameters for data block i, when it is 

tentatively assigned to cluster k, is denoted by ( )k
ifp  and can be computed as 

follows: 

 ( ) ( ) .k k
i ifp N Q=  (19) 

It corresponds to the size of the component score matrix ( )k
iF  that is computed to 

evaluate the fit of data block i in cluster k. When combining Equations 18 (omitting 

the invariant terms) and 19 as in the AIC (Akaike, 1974), we obtain the AIC-based 

partition criterion in Equation 11. 
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Abstract 

In many fields of research, so-called ‘multiblock’ data are collected, i.e., data 

containing multivariate observations that are nested within higher-level research 

units (e.g., inhabitants of different countries). Each higher-level unit (e.g., country) 

then corresponds to a ‘data block’. For such data, it may be interesting to 

investigate the extent to which the correlation structure of the variables differs 

between the data blocks. More specifically, when capturing the correlation 

structure by means of component analysis, one may want to explore which 

components are common across all data blocks and which components differ 

across the data blocks. This paper presents a common and cluster-specific 

simultaneous component method which clusters the data blocks according to their 

correlation structure and allows for common and cluster-specific components. 

Model estimation and model selection procedures are described and simulation 

results validate their performance. Also, the method is applied to data from cross-

cultural values research to illustrate its empirical value.  
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1. Introduction 

Researchers often gather data with a so-called ‘multiblock’ structure (De Roover, 

Ceulemans, & Timmerman, 2012a), i.e., multivariate observations nested within 

higher-level research units. The data then contain separate blocks of data, one for 

each higher-level research unit. These data blocks have the variable mode in 

common. For example, when a personality trait questionnaire is administered to 

inhabitants of different countries, the countries constitute the data blocks and the 

questionnaire items the variables. In case several emotions are measured multiple 

times for a number of subjects, the data blocks pertain to the different subjects and 

the variables to the emotions. 

With such data at hand, it can be interesting to explore and summarize the 

correlation structure of the variables and possible between-block differences 

therein. For example, in the personality data mentioned above, one could look for 

cultural differences in the correlation structure of personality traits. Specifically, 

one could examine to what extent the well-known Big Five structure (Goldberg, 

1990) is found within each country (e.g., Diaz-Loving, 1998). 

To capture such between-block differences in correlation structure, 

clusterwise simultaneous component analysis was recently proposed (De Roover et 

al., 2012b; De Roover, Ceulemans, Timmerman, & Onghena, 2013b). This method 

summarizes the most important structural differences and similarities by assigning 

the data blocks to a number of mutually exclusive clusters and, at the same time, 

performing a separate simultaneous component analysis (SCA) within each cluster. 

SCA generalizes standard PCA to multiblock data and models the different blocks 

using the same component loadings, whereas different restrictions can be imposed 

on the component scores to express similarities across blocks (Timmerman & 

Kiers, 2003). Hence, in Clusterwise SCA, data blocks with a similar structure are 

collected into the same cluster and thus modeled with the same loadings, while data 
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blocks with different structures are allocated to different clusters. Thus, the 

differences in structures are expressed by differences in loadings across the 

clusters. For instance, a Clusterwise SCA analysis of the cross-cultural personality 

data would reveal which countries have a very similar personality trait structure by 

assigning those countries to the same cluster. Moreover, inspecting the loadings in 

the different clusters, one may gain insight into which part of the correlation 

structure differs across countries.  

As clusters are modeled independently of one another, Clusterwise SCA 

may keep structural similarities across clusters hidden, however. Specifically, 

taking empirical results into account, it can often be assumed that some of the 

components are common across clusters, implying that the structural differences 

only pertain to a subset of the components. For instance, cross-cultural research on 

the Big Five has shown that three or four of the five components are found in all 

countries, whereas the interpretation of the fourth and fifth component can differ 

across countries (De Raad et al., 2010; Di Blas & Forzi, 1998).  

Therefore, it may be useful to adopt a more flexible perspective on 

structural differences and similarities between clusters, where the differences can 

be situated somewhere along the length of a bipolar commonness dimension, of 

which the two poles pertain to commonness of all underlying components 

(implying that it is sufficient to use only one cluster and thus a regular SCA) on the 

one hand and no commonness on the other hand (implying that one should apply 

Clusterwise SCA). Between these poles we find models in which the structural 

differences between clusters concern only a subset of the underlying components, 

whereas the other components are common across clusters. For instance, as 

discussed above, for the cross-cultural personality data a model in which the 

clusters differ with respect to only one or two out of the five components and in 

which the other components are common, seems indicated. Hence, in this paper, 
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we propose a method on the interface between regular SCA and Clusterwise SCA, 

to allow for common and cluster-specific components. More specifically, we 

propose to combine SCA-ECP and Clusterwise SCA-ECP (where ‘SCA-ECP’ 

refers to SCA with Equal Cross-Products constraints on the component scores) for 

simultaneously inducing the Common and Cluster-specific SCA-ECP components, 

respectively. This new method is named CC-SCA-ECP.  

The remainder of the paper is organized in five sections: In Section 2, the 

CC-SCA-ECP model is introduced and compared to related methods, after a short 

discussion of the data structure and the recommended preprocessing. Section 3 

describes the loss function and an algorithm for performing a CC-SCA-ECP 

analysis, followed by a model selection heuristic. In Section 4, the performance of 

this algorithm and model selection heuristic is evaluated in a simulation study. In 

Section 5, CC-SCA-ECP is applied to cross-cultural data on values. In Section 6, 

we end with a discussion, including directions for future research. 

 

2. Model 

2.1.  Data structure and preprocessing 

CC-SCA-ECP is applicable to multiblock data, which are data that consist of I data 

blocks Xi (Ni × J) that contain scores of Ni observations on J variables (measured at 

least at interval level). The number of observations Ni (i = 1, …, I) may differ 

between data blocks, subject to the restriction that Ni is larger than the number of 

components to be fitted (and, to enable stable model estimates, preferably larger 

than J). The data blocks can be concatenated into an N (observations) × J 

(variables) data matrix X, where 
1

I

i
i

N N
=

=∑ . 
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With CC-SCA-ECP, we aim to model similarities and differences in the 

correlational structure of the different blocks (i.e., ‘within-block structure’). To 

achieve this, each variable is centered and standardized per data block prior to the 

CC-SCA-ECP analysis13. This type of preprocessing is often referred to as 

‘autoscaling’ (Bro & Smilde, 2003) and is equivalent to calculating z-scores per 

variable within each data block. The centering step assures that one analyzes the 

within-block part of the data (Timmerman, 2006). The standardizing step assures 

that one analyzes correlations. In multiblock analysis, next to autoscaling, other 

approaches are standardizing the variables across all data blocks (rather than per 

block) (e.g., Timmerman & Kiers, 2003), or no scaling at all (e.g., Smilde, 

Timmerman, Hendriks, Jansen, & Hoefsloot, 2012). This implies that one models 

the within-block covariances rather than the correlations. A drawback of clustering 

the data blocks on the basis of their covariances, however, is that the obtained 

clustering may be based on variance differences as well as correlation differences, 

which complicates the cluster interpretation. Since we are exclusively interested in 

the correlational structure per block, we assume each data block Xi to be autoscaled 

in what follows. 

 

2.2.  CC-SCA-ECP model 

To allow for common as well as cluster-specific components, CC-SCA-ECP 

combines an SCA-ECP model with a Clusterwise SCA-ECP model. Formally, data 

block Xi is modeled as 

 ( ) ( )
, ,

1
,

K
k k

i i comm comm ik i spec spec i
k

p
=

′ ′= + +∑X F B F B E  (1) 

                                                           
13 Note that standardizing the data per cluster is not possible, because the clusters are not a 
priori known. 
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with Equal Cross Product (ECP) constraints as 1
, , commi i comm i comm QN

′ =F F Φ , 

( ) ( ) ( )1
, , speci

k k k
i spec i spec QN

′ =F F Φ , and with ( )
, ,

k
i comm i spec

′ =F F 0  to ensure separation of common 

and specific components, for i = 1, ..., I. The first term of Equation 1 is the SCA-

ECP model formula with ,i commF  (Ni × Qcomm) containing the scores on the common 

components and commB  (J × Qcomm) the loadings on the common components (see, 

e.g., Timmerman & Kiers, 2003). When a subgroup of variables has high loadings 

on a particular common component, this indicates that these variables are highly 

correlated in all data blocks and thus may reflect one underlying dimension 

(represented by the component). The entries of ,i commF  indicate how high or low the 

observations within the data blocks score on the common components. The second 

term is the Clusterwise SCA-ECP model formula where K denotes the number of 

clusters, with 1 ≤ K ≤ I, pik is an entry of the partition matrix P (I × K) which equals 

one when data block i is assigned to cluster k and zero otherwise, and 
( )
,
k

i specF  (Ni × 

Qspec) and ( )k
specB  (J × Qspec) contain the scores and loadings on the cluster-specific 

components of cluster k (k = 1, …, K). Finally, Ei (Ni × J) denotes the matrix of 

residuals. Note that we constrained the number of cluster-specific components Qspec 

to be the same for all clusters. The generalization toward a varying number of 

cluster-specific components ( )k
specQ  across clusters, which makes sense for some data 

sets, will be discussed later on (in Section 6). 

To gain more insight into what Equation 1 means for the decomposition of 

the total data matrix X (N × J), we rewrite it for an example where six data blocks 

are assigned to two clusters, and where the first four blocks belong the first cluster 

and the last two to the second cluster: 
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  (2) 

It can be seen that the data blocks have non-zero component scores on the common 

components and on the cluster-specific components of the cluster to which they are 

assigned, but zero scores on the cluster-specific components of the other cluster. As 

the clusters are mutually exclusive in terms of the data blocks they incorporate (i.e., 

each data block belongs to a single cluster only), this implies that the non-zero 

parts of the different cluster-specific columns cannot overlap. 

The constraints imposed on the cross-products of common and 

cluster-specific components in CC-SCA-ECP can be represented as  

 

1 ( ) ( ) 1 ( ) ( )
, , , ,

( )
, , , ,

( )( ) ( ) ( )
, , , ,

| |

.

k k k k
i i i i i comm i spec i comm i spec

k
i comm i comm i comm i spec

kk k k
i spec i comm i spec i spec

N N− − ′′    =    
 ′ ′   = =   ′ ′   

F F F F F F

F F F F Φ 0
0 ΦF F F F

 (3) 

To identify the model, without loss of fit, we rescale the solution such that the 

diagonal elements of Φ and Φ(k) equal one. Furthermore, because the mean 

component scores for each data block Xi equal zero (due to the centering of Xi and 

the minimization function applied, see Timmerman & Kiers, 2003), the matrices 

Φ  and ( )kΦ  are correlation matrices of the common components and the  

cluster-specific components of cluster k, respectively. Note that we prefer to 

impose the orthogonality restrictions on the component scores rather than on the 

loadings, as this implies that (1) all restrictions pertain to the same parameters and 



204 Chapter 5  

(2) the loadings can be interpreted as correlations between the variables and the 

components.  

Note that the common and cluster-specific components of a CC-SCA-ECP 

solution can be rotated without loss of fit, which can make them easier to interpret. 

Thus, commB  can be multiplied by any rotation matrix, provided that the 

corresponding component score matrices ,i commF  are counterrotated. Similarly, each 

( )k
specB  and the corresponding ( )

,
k

i specF  matrices (k = 1, …, K) can be rotated. 

In defining our model, we deliberately selected the most constrained 

variant of the SCA family (Timmerman & Kiers, 2003), to obtain components that 

can unambiguously be interpreted as either common or cluster-specific. The use of 

a less constrained SCA variant, like SCA-IND, appears to be inappropriate for the 

following reasons. First, in that case a common component may have a variance of 

zero in a specific data block, which seriously undermines its common nature. 

Second, the clustering may sometimes be dominated by differences in component 

variances rather than by differences in correlational structure of the variables (see 

Section 2.1).  

 

2.3.  Relations to existing methods 

In the literature, a few other techniques have been proposed for distinguishing 

between common components and components that underlie only part of the data 

blocks (e.g., GSVD; Alter, Brown, & Botstein, 2003; Bai, 1992; Paige & Saunders, 

1981; Van Loan, 1976). However, only two of them explicitly allow to extract a 

specified number of common and non-common components from multiblock data: 

DISCO-SCA (Schouteden, Van Deun, Van Mechelen, & Pattyn, in press; Van 

Deun et al., 2012) and OnPLS (Löfstedt & Trygg, 2011).  
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2.3.1. DISCO-SCA 

DISCO-SCA disentangles distinctive (‘DIS’) and common (‘CO’) components by 

rotating a regular SCA-P solution, where ‘P’ refers to the equal Pattern restriction, 

implying that no further restrictions are imposed on the component scores and thus 

that the component variances and component correlations may differ across blocks 

(Timmerman & Kiers, 2003). Specifically, the DISCO-SCA rotation criterion 

minimizes the variance explained in data block i by a component that is distinctive 

for other data blocks but not for data block i. Thus, a distinctive component is 

defined as a component that explains a negligible amount of variance in some of 

the data blocks. Schouteden, Van Deun and Van Mechelen (2010) also proposed 

DISCO-GSCA, which adapts DISCO-SCA in that it not only tries to maximize the 

‘distinctiveness’ of distinctive components but also imposes it to a certain degree 

(implying some loss of fit).  

DISCO-SCA and CC-SCA-ECP differ essentially in their definitions of 

common and non-common components: In DISCO-SCA, non-common (i.e., 

distinctive) components are obtained by explicitly looking for components that 

explain as little variance as possible in the data blocks for which they are not 

distinctive, without loss of fit. As the component scores of this distinctive 

component are not explicitly restricted to zero in the other data block(s), a common 

and a distinctive component can be correlated within a certain data block, however. 

In our view, the interpretation of such distinctive components is rather intricate, 

because they may carry common information. In contrast, in CC-SCA-ECP non-

common (i.e., specific) components merely have a different loading pattern in the 

different clusters. Specifically, CC-SCA-ECP maximizes the variance explained by 

the common and specific components under the restriction that the common and 

specific components are orthogonal within each data block.  
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Note that the zero scores in Equation 2 might suggest that the specific 

components of a particular cluster cannot explain any variance in any other cluster. 

This is not generally true, however. If we would start from a given CC-SCA-ECP 

solution, and would extend the solution by freely estimating the component scores 

that are associated with zeros in Equation 2, the fit of the extended model would 

probably be larger than the CC-SCA-ECP model itself, and thus the cluster-specific 

components can model some of the variance in other clusters. This implies that 

those components are not truly distinctive in DISCO-SCA terms.  

Furthermore, DISCO-SCA is limited to finding common and distinctive 

components within the SCA-P subspace (for DISCO-GSCA this is only partly the 

case) and is therefore biased toward finding common components as such 

components often will explain the most variance in the data. CC-SCA-ECP is less 

restrictive in this respect, because the cluster-specific components are estimated 

separately for each cluster and thus only need to explain enough variance within 

these clusters to be retrieved (under the restriction that they are orthogonal to the 

common components). 

Finally, CC-SCA-ECP can easily handle a large number of data blocks by 

means of the clustering, while DISCO-(G)SCA was originally intended for the 

analysis of two data blocks. Although the general idea behind DISCO-(G)SCA can 

be extended to more than two data blocks (Schouteden, Van Deun, & Van 

Mechelen, 2012), it will soon become complex since components can be distinctive 

for all conceivable subsets of the data blocks implying that many degrees of 

distinctiveness become possible. 

 

2.3.2. OnPLS 

OnPLS (Löfstedt & Trygg, 2011) is another method that aims to distinguish 

between common and specific variance. This method was developed for object-
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wise linked multiblock data, but it can be applied to variable-wise linked 

multiblock data by simply considering the transposed data matrices i
′X  for all i. 

OnPLS starts by computing an orthogonalized version of each data block in which 

the shared or common variance with the other data blocks is removed. Next, 

specific components are obtained for each data block by finding those components 

that optimally summarize the associated orthogonalized data block. Finally, the 

common components are extracted from the residual matrices, which are obtained 

by subtracting the specific parts (captured by the specific components) from the 

original data blocks, with all common and specific components being orthogonal. 

An important difference between the common components resulting from OnPLS 

and the common components in DISCO-(G)SCA and CC-SCA-ECP is that the 

OnPLS components model variance that is common across data blocks, but that the 

scores or loadings are not constrained to be the same across all data blocks. On top 

of that, OnPLS differs from CC-SCA-ECP in three respects. First, OnPLS uses a 

sequential approach in that it first extracts the specific components from the data 

set and then models the common variance, while CC-SCA-ECP uses a 

simultaneous approach for finding the clustering and the common and 

cluster-specific components. Second, unlike CC-SCA-ECP, OnPLS imposes that 

the specific components of different data blocks are orthogonal. Third, like 

DISCO-(G)SCA, OnPLS does not include a clustering of the data blocks and will 

thus be less insightful than CC-SCA-ECP in case of a large number of data blocks. 

 

3. Data analysis 

3.1.  Aim 

For a given number of clusters K, number of common components Qcomm and 

number of cluster-specific components Qspec, the aim of the analysis is to find the 
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partition matrix P, the component score matrices ( )k
iF = ( )

, ,| k
i comm i spec  F F  and the 

loading matrices ( )kB = ( )| k
comm spec  B B , that minimize the loss function 

 ( ) ( ) 2
, ,

1 1 1 1
|| | | || ,

K I K I
k k

ik ik ik i i comm i spec comm spec
k i k i

L p L p
= = = =

′   = = −    ∑∑ ∑∑ X F F B B  (4)  

subject to the constraints formulated in Equation 3. Based on the loss function 

value L, one can compute the percentage of variance in the data that is accounted 

for by the CC-SCA-ECP solution: 

 
2

2VAF(%) 100
L−

= ×
X

X
. (5) 

Note that this VAF(%) can be further decomposed into the percentage of variance 

that is explained by the common part: 

 

2

2VAF (%) 100
comm comm

comm

′
= ×

F B

X
 (6) 

and the percentage of variance that is explained by the cluster-specific part: 

 

( ) ( ) 2
,

1 1
2

|| ||
VAF (%) 100.

K I
k k

ik i spec spec
k i

spec

p
= =

′
= ×
∑∑ F B

X
 (7) 

  

3.2. Algorithm 

In order to find the solution with the minimal L value (Equation 4), an alternating 

least squares (ALS) algorithm is used, in which the partition, component scores and 

loading matrices are updated cyclically until convergence is reached. As ALS 

algorithms may converge to a local minimum, we recommend to use a multistart 

procedure and retain the best solution. More specifically, we advise to use a 
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‘rational’ start based on a Clusterwise SCA-ECP analysis and several (e.g., 25) 

random starts. For each start, the algorithm performs the following steps: 

1. Initialize partition matrix P: For a rational start, take the best partition 

resulting from a Clusterwise SCA-ECP analysis14 with K clusters and 

Qcomm + Qspec components. For a random start, assign the I data blocks 

randomly to one of the K clusters, where each cluster has an equal 

probability of being assigned to and each cluster should contain at least one 

data block.  

2. Estimate common and cluster-specific components, given partition 

matrix P: To this end, another ALS procedure is used, consisting of the 

following steps: 

a. Initialize loading matrices Bcomm and ( )k
specB : Bcomm and Fcomm are 

initialized by performing a rationally started SCA-ECP analysis 

with Qcomm components on the total data matrix X (for more 

details, see Timmerman & Kiers, 2003). Next, the cluster-specific 

loadings ( )k
specB  and component scores ( )

,
k

i specF  for cluster k are 

obtained by performing a rationally started SCA-ECP with Qspec 

components on ( )kX , which is the vertical concatenation of the 

data blocks in the kth cluster after subtracting the part of the data 

that is modeled by the common components (i.e., i,comm comm
′F B ) 

from each block in that cluster. 

b. Update the component score matrices ,i commF and ( )
,
k

i specF : To obtain 

orthogonality of ( )
,
k

i specF  toward ,i commF
 for each data block (see 

Section 2.2), the component scores of the ith data block (in cluster 

                                                           
14 Performed with 25 random starts, as advised by De Roover et al. (2012b). 
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k) are updated as ( )
, , ( ) ( )| k

i comm i spec i i Q i QN ′  = F F U V , where Ui, Vi 

and Si result from a singular value decomposition 

( )| ,k
i comm spec i i i

′  = X B B U S V  and where Ui(Q) and Vi(Q) are the first 

Q columns of Ui and Vi respectively, and Si(Q) consists of the first 

Q rows and columns of Si, with Q equal to Qcomm + Qspec. Note that, 

compared to Equation 3, this updating step implies additional 

orthogonality constraints, i.e., all columns of the obtained ( )
,
k

i specF  

and ,i commF
 are orthogonal, but this can be imposed without loss of 

generality.  

c. Update the loadings Bcomm and ( )k
specB : Bcomm is re-estimated by 

1(( ) )comm comm comm comm
−′ ′ ′=B F F F X  and ( )k

specB  is updated per cluster 

by ( ) ( ) ( ) 1 ( ) ( )(( ) )k k k k k
spec spec spec spec

−′ ′ ′=B F F F X , where ( )kX  and ( )k
specF  are the 

vertical concatenations of the data blocks that are assigned to 

cluster k and of their component scores ( )
,
k

i specF , respectively. 

d. Alternate Steps b and c until convergence is reached, i.e., until the 

decrease of the loss function value L (Equation 4) for the current 

iteration is smaller than the convergence criterion, which is 

1 × 10−6 by default. 

3. Update the partition matrix P: Each data block Xi is tentatively assigned to 

each of the K clusters. Based on the loading matrix ( )kB , a component 

score matrix for block i in cluster k is computed (as in Step 2b) and the loss 

function value Lik (see Equation 4) of data block i in cluster k is evaluated. 

The data block is assigned to the cluster for which this loss is minimal. If 
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one of the clusters is empty after this step, the data block with the worst fit 

in its current cluster, is reassigned to the empty cluster. 

4. Repeat Steps 2 and 3 until the partition P no longer changes. In this 

procedure, the common loadings Bcomm and component scores Fcomm of the 

previous iteration are used as a start for Step 2, instead of the rational start 

described in Step 2a, since a change in the partition will primarily affect 

the cluster-specific components. 

Because the clustering of each block in Step 3 is based on the loadings 

resulting from Step 2 (i.e., the loadings are not updated after each reassignment15), 

it cannot be guaranteed that this algorithm monotically non-increases the loss 

function. However, we did not encounter problems in this regard, neither for the 

simulated data sets (Section 4) nor for the empirical example (Section 5). 

 

3.3. Model selection 

In empirical practice, theoretical knowledge can lead to an a priori expectation 

about the number of clusters K, the total number of components Q (i.e., Qcomm + 

Qspec) and/or the number of cluster-specific components Qspec that is needed to 

adequately describe a certain data set. For instance, when exploring the underlying 

structure of cross-cultural personality trait data, one probably expects five 

components based on the Big Five theory (Goldberg, 1990), of which one or two 

may be cluster-specific. However, when one has no expectations about K, Q and/or 

Qspec, a model selection problem arises. To offer some assistance in dealing with 

this problem, the following CC-SCA-ECP model selection procedure is proposed, 

which is based on the well-known scree test (Cattell, 1966): 

                                                           
15 Of course, it is possible to update the common and cluster-specific loadings for each 
reassignment, but we chose not to because this would strongly inflate the computation time. 
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1. Estimate Clusterwise SCA-ECP models with one to Kmax clusters and one 

to Qmax components within the clusters: Kmax and Qmax are the maximum 

number of clusters and components one wants to consider. Note that in this 

step, all components are considered to be cluster-specific. 

2. Obtain Kbest and Qbest: To select among the Kmax × Qmax models from Step 1, 

De Roover et al. (2012a) proposed the following procedure: First, to 

determine the best number of clusters Kbest, scree ratios sr(K|Q) are calculated 

for each value of K, given different Q-values: 

 | 1|
( | )

1| |

VAF VAF
,

VAF VAF
K Q K Q

K Q
K Q K Q

sr −

+

−
=

−
 (8) 

where |VAFK Q  indicates the VAF(%) (Equation 5) of the solution with K 

clusters and Q components. The scree ratios indicate the extent to which 

the increase in fit with additional clusters levels off; therefore, Kbest is 

chosen as the K-value with the highest average scree ratio across the 

different Q-values. Second, scree ratios are calculated for each value of Q, 

given Kbest clusters: 

 
best best

best

best best

| 1|
( | )

1| |

VAF VAF
.

VAF VAF
Q K Q K

Q K
Q K Q K

sr −

+

−
=

−
 (9) 

The best number of components Qbest is again indicated by the maximal 

scree ratio.  

3. Estimate all possible CC-SCA-ECP models with Kbest clusters and Qbest 

components: Perform CC-SCA-ECP analyses with Kbest clusters and with 

one to Qbest cluster-specific components per cluster and the rest of the Qbest 

components considered common. 

4. Select best
commQ  and best

specQ : Given Kbest clusters and Qbest components, a CC-

SCA-ECP model becomes more complex as more of the Qbest components 
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are considered cluster-specific. Consequently, a scree test is performed 

with the number of cluster-specific components Qspec as a complexity 

measure. Specifically, the following scree ratio is computed for each 

Qspec-value:  

 
best best best best

best best

best best best best

| & 1| &

( | & )
1| & | &

VAF VAF
.

VAF VAF
spec spec

spec

spec spec

Q K Q Q K Q

Q K Q
Q K Q Q K Q

sr −

+

−
=

−
 (10) 

The maximum scree ratio will indicate the best number of cluster-specific 

components best
specQ  and thus also the best number of common components 

best
commQ  (i.e., Qbest – best

specQ ). When Qbest is smaller than four, it makes no sense 

to perform a scree test; in those cases, we recommend to compare the 

models estimated in Step 3 with respect to explained variance and 

interpretability. 

When a priori knowledge is available about K or Q, this knowledge can be 

applied within Steps 1 and 2. If K and Q are both known, Steps 1 and 2 can be 

skipped. Note that, even though the above-described procedure will retain only one 

model as ‘the best’ for a given data set, we advise to take the interpretability of the 

other solutions with high scree ratios into account, especially when the results of 

the model selection procedure are not very convincing. For instance, when the 

maximum scree ratio for the number of components (Equation 10) is only slightly 

higher than the second highest scree ratio (thus corresponding to the second best 

number of components Q2ndbest), one can also apply Steps 3 and 4 for solutions with 

Q2ndbest components and consider both the best solution with Qbest components and 

the best solution with Q2ndbest components and eventually retain the one that gives 

the most interpretable results. 
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4. Simulation study 

4.1. Problem 

In this simulation study, we evaluate the performance of the proposed algorithm 

with respect to finding the optimal solution (i.e., avoiding local minima) and 

recovering the underlying model (i.e., the correct clustering of the data blocks and 

the correct common and cluster-specific loadings). Moreover, we examine whether 

the presented model selection procedure succeeds in retaining the correct model 

(i.e., the correct number of clusters, common components, and cluster-specific 

components). Specifically, we assess the influence of six factors: (1) number of 

underlying clusters, (2) number of common and cluster-specific components, (3) 

cluster size, (4) amount of error on the data, (5) amount of common (structural) 

variance, and (6) similarity or congruence of the cluster-specific component 

loadings across clusters. The first four factors are often varied in simulation studies 

to evaluate clustering or component analysis algorithms (see, e.g., Brusco & Cradit, 

2001, 2005; Milligan, Soon, & Sokol, 1983; Timmerman, Ceulemans, Kiers, & 

Vichi, 2010; Steinley, 2003; Bulteel, Wilderjans, Tuerlinckx, & Ceulemans, 2013; 

Wilderjans, Ceulemans, & Kuppens, 2012), and were also examined in the original 

Clusterwise SCA-ECP simulation study (De Roover et al., 2012b). With respect to 

these factors, we expect better model estimation and selection results when fewer 

clusters and components are involved (De Roover et al., 2012b; Brusco & Cradit, 

2005; Milligan, Soon, & Sokol, 1983; Timmerman, Ceulemans, Kiers, & Vichi, 

2010; Bulteel, Wilderjans, Tuerlinckx, & Ceulemans, 2013), when the clusters are 

of equal size (Brusco & Cradit, 2001; Milligan, Soon, & Sokol, 1983; Steinley, 

2003), and when the data contain less error (De Roover et al., 2012b; Brusco & 

Cradit, 2005; Wilderjans, Ceulemans, & Kuppens, 2012). Regarding Factors 5 and 

6, we conjecture that model estimation and selection will deteriorate when the 
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amount of common variance increases and when the cluster-specific component 

loadings are more similar across clusters. 

Moreover, one might conjecture that CC-SCA-ECP does not add much to 

Clusterwise SCA-ECP, because one could just apply Clusterwise SCA-ECP and 

examine whether one or more of the components are strongly congruent across 

clusters and are thus essentially common. We see two possible pitfalls, however: 

(a) estimating all components as cluster-specific can affect the recovery of the 

clustering in case the data contain a lot of error and the truly cluster-specific 

components explain little variance; (b) strong congruence between components 

across clusters can be hard to detect, even when the components of different 

clusters are rotated toward maximal congruence (Kiers & Groenen, 1996), because 

Clusterwise SCA-ECP will partly model the cluster-specific error and therefore 

hide the commonness of some components. To gain insight into the differences 

between Clusterwise SCA-ECP and CC-SCA-ECP, we will compare the 

performance of both methods. 

 

4.2. Design and procedure 

Fixing the number of variables J at 12 and the number of data blocks I at 4016, the 

six factors introduced above were systematically varied in a complete factorial 

design: 

1. the number of clusters K at 2 levels: 2, 4; 

                                                           
16 We also checked the performance of the model estimation and model selection procedure 
when the number of data blocks is set to 20 and using five replications per cell of the 
design. The model estimation performance deteriorates slightly in the most difficult 
conditions (i.e., high amount of common or error variance and/or medium congruence of 
the cluster-specific component loadings across clusters) and the model selection 
performance is about 5% lower in all conditions. 
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2. the number of common and cluster-specific components Qcomm and Qspec at 

4 levels: [Qcomm, Qspec]  equal to [2, 2]; [2, 3]; [3, 2]; [3, 3]; 

3. the cluster size, at 3 levels (see Milligan, Soon, & Sokol, 1983): equal 

(equal number of data blocks in each cluster); unequal with minority (10% 

of the data blocks in one cluster and the remaining data blocks distributed 

equally over the other clusters); unequal with majority (60% of the data 

blocks in one cluster and the remaining data blocks distributed equally over 

the other clusters); 

4. the error level e, which is the expected proportion of error variance in the 

data blocks Xi, at 2 levels: .20, .40;  

5. the common variance c, which is the expected proportion of the structural 

variance (i.e., 1 − e) that is accounted for by the common components, at 3 

levels: .25, .50, .75; 

6. the congruence between the cluster-specific component loadings at 2 

levels: low congruence, medium congruence. 

For each cell of the factorial design, 20 data matrices X were generated, 

consisting of 40 Xi data blocks. The number of observations for each data block 

was sampled from a uniform distribution between 30 and 70. The entries of the 

component score and error matrices Fi and Ei were randomly sampled from a 

standard normal distribution. The partition matrix P was generated by computing 

the size of the different clusters and randomly assigning a corresponding number of 

data blocks to the clusters. The cluster loading matrices ( ) ( )|k k
comm spec =  B B B  were 

created by sampling the common loadings Bcomm uniformly between −1 and 1 and 

rescaling their rows to have a sum of squares equal to the amount of common 

variance c. The cluster-specific loading matrices ( )k
specB  with low congruence were 

obtained in the same way, but their rows were rescaled to have a sum of squares 

equal to the amount of cluster-specific variance (1 − c). Cluster-specific loading 
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matrices with medium congruence were constructed as follows: (1) a common base 

matrix and K specific matrices were uniformly sampled between −1 and 1, (2) the 

rows of these matrices were rescaled to have a sum of squares equal to .7*(1 − c) 

and .3*(1 − c), respectively, (3) the K specific matrices were added to the base 

matrix. To evaluate how much the resulting cluster-specific loading matrices differ 

between the clusters, they were orthogonally procrustes rotated to each other (i.e., 

for each pair of cluster-specific loading matrices, one was chosen to be the target 

matrix and the other was rotated toward the target matrix) and a congruence 

coefficient ϕ 17 (Tucker, 1951) was computed, for each pair of corresponding 

components in all pairs of ( )k
specB  matrices. Subsequently, a grand mean of the 

obtained ϕ  values was calculated, over the components and cluster pairs. Since 

Haven and ten Berge (1977) demonstrated that congruence values from .70 to .85 

correspond to an intermediate similarity between components, only ( )k
specB  matrices 

with a mean ϕ  below .70 were retained for the low congruence level and loading 

matrices with a mean ϕ  between .70 and .85 for the medium congruence level. 

Eventually, averaging the mean ϕ  values across the simulated data sets led to an 

average ϕ  of .39 (SD = 0.09) for the low congruence level and an average ϕ  of .78 

(SD = 0.04) for the medium congruence level. Next, the error matrices Ei and the 

cluster loading matrices ( )kB  were rescaled to obtain the correct amount of error 

variance e. Finally, the resulting Xi matrices were standardized per variable and 

vertically concatenated into the matrix X. 

In total, 2 (number of clusters) × 4 (number of common and 

cluster-specific components) × 3 (cluster size) × 3 (common variance) × 2 

                                                           
17 The congruence coefficient (Tucker, 1951) for a pair of column vectors x and y is defined 

as their normalized inner product: ϕ
′

′ ′xy
x y=

x x y y
. 
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(congruence of cluster-specific components) × 2 (error level) × 20 (replicates) = 

5,760 simulated data matrices were generated. For the model estimation part of the 

simulation study, each data matrix X was analyzed with the CC-SCA-ECP 

algorithm, using the correct number of clusters K, and the correct numbers of 

common and cluster-specific components Qcomm and Qspec. The algorithm was run 

26 times, using one rational start and 25 different random starts (see Section 3.2), 

and the best solution was retained. These analyses took about 16 minutes per data 

set on a supercomputer consisting of INTEL XEON L5420 processors with a clock 

frequency of 2.5 GHz and with 8 GB RAM. Additionally, a Clusterwise SCA-ECP 

analysis with 25 random starts was performed for each data matrix.  

The model selection part of the simulation study is confined to the first five 

replications of each cell of the design to keep the computational cost within 

reasonable limits. For each of these 1,440 data matrices, the stepwise model 

selection procedure (see Section 3.3) was performed with Kmax equal to six and 

Qmax equal to seven. 

 

4.3. Results 

4.3.1. Model estimation  

We will first discuss the sensitivity to local minima (given that K, Qcomm and Qspec 

are known), followed by an evaluation of the goodness-of-recovery of the 

clustering of the data blocks and the loadings of the common and cluster-specific 

components. Finally, we will compare the performance of Clusterwise SCA-ECP 

and CC-SCA-ECP. 
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4.3.1.1.  Sensitivity to local minima 

To evaluate the sensitivity of the CC-SCA-ECP algorithm to local minima, the loss 

function value of the retained solution should be compared to that of the global 

minimum. This global minimum is unknown, however, because the simulated data 

are perturbed with error and because, due to sampling fluctuations, the data do not 

perfectly comply with the CC-SCA-ECP assumptions (e.g., the orthogonality 

constraints on the common and cluster-specific components). As a way out, we use 

the solution that results from seeding the algorithm with the true Fi, B(k) and P 

matrices as a proxy of the global minimum. 

Specifically, we evaluated whether the best fitting solution out of the 26 

runs (i.e., one rational and 25 random starts) had a higher loss function value than 

the proxy, which would imply that this solution is a local minimum for sure. The 

latter is the case for 345 out of the 5,760 data sets (6%). Note that this number is a 

lower bound of the true number of local minima (which cannot be determined 

because the global minimum is unknown). The majority of the established local 

minima (i.e., 326 out of the 345) occur in the conditions with unequal cluster sizes, 

with a medium congruence between the cluster-specific components, and/or with 

the cluster-specific components accounting for only 25% of the structural variance. 

Using only the rational start would have resulted in 1,178 (20%) local minima and 

using only the 25 random starts in 576 (10%) local minima, thus combining 

rational and random starts seems necessary to keep the sensitivity to local minima 

sufficiently low. 
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4.3.1.2. Goodness-of-recovery 

4.3.1.2.1. Recovery of clustering 

To examine how well the cluster memberships of the data blocks are recovered, the 

Adjusted Rand Index (ARI; Hubert & Arabie, 1985) is computed between the true 

partition of the data blocks and the estimated one. The ARI equals one if the two 

partitions are identical, and equals zero when the agreement between the partitions 

is at chance level. With an overall mean ARI of .98 (SD = 0.11) the CC-SCA-ECP 

algorithm appears to recover the clustering of the data blocks very well. More 

specifically, an incorrect clustering (i.e., ARI < 1.00) occurred for only 415 out of 

the 5,760 data sets. The majority of these clustering mistakes (i.e., 414 out of the 

415) occurred in the most difficult conditions, i.e., 75% common structural 

variance combined with 40% error variance. 

Furthermore, to assess the extent to which the goodness-of-recovery of the 

clustering deteriorates in case of local minima (see Section 4.3.1.1), we took a 

closer look at the ARI values for the 345 data sets for which we obtained a local 

minimum for sure. The mean ARI for these 345 data sets amounts to .81 (SD = 

0.28), which is clearly lower than the overall mean. Surprisingly, the clustering is 

still recovered perfectly (i.e., ARI = 1.00) for 192 of these data sets. For the 

remaining 153 data sets, according to the guidelines reported by Steinley (2004), 

the cluster recovery is excellent (ARI between .90 and 1.00) for 20, good (ARI 

between .80 and .90) for 27, moderate (ARI between .65 and .80) for 18 and bad 

(i.e., ARI < .65) for 88 of these data sets. Thus, for the majority of the local 

minima, the clustering is still good to excellent. 
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4.3.1.2.2. Recovery of common loadings 

To evaluate the goodness-of-recovery of the loadings of the common components, 

we calculated a goodness-of-common-loading-recovery statistic (GOLRcommon) by 

computing congruence coefficients ϕ  (Tucker, 1951) between the common 

components of the true and estimated loading matrices and averaging these 

coefficients across the Qcomm components: 
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with T
comm,qB and M

comm,qB  indicating the qth common component of the true and 

estimated loading matrices, respectively. To deal with the rotational freedom of the 

common components, the estimated common components were orthogonally 

procrustes rotated toward the true ones. The GOLRcommon statistic takes values 

between zero (no recovery at all) and one (perfect recovery), and – according to 

Lorenzo-Seva & ten Berge (2006) – two components can be considered identical 

when their congruence coefficient is above .95. On average, the GOLRcommon has a 

value of .99 (SD = 0.02), indicating an excellent recovery of the common loadings. 

Moreover, the GOLRcommon is smaller than .95 for only 146 out of the 5,760 data 

sets, of which 137 belong to the conditions with 40% error variance.  

For the 345 data set that are confirmed local minima, the mean GOLRcommon 

is equal to .98 (SD = 0.04). Furthermore, the recovery of the common loadings is 

excellent (GOLRcommon > .95) for 315 of these data sets. Therefore, we can conclude 

that the common loadings are still recovered very well for the majority of the local 

minima. 
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4.3.1.2.3. Recovery of cluster-specific loadings 

For quantifying the recovery of the cluster-specific component loadings, we 

compute a statistic similar to the GOLRcommon, namely as 
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where ( )Tk
spec,qB and ( )Mk

spec,qB  refer to the qth component of the true and estimated 

cluster-specific loading matrices, respectively, and averaging across the Qspec 

components and the K clusters. The rotational freedom of the components was 

again dealt with by orthogonal procrustes rotations. Moreover, the true and 

estimated clusters were matched such that the GOLRclusterspecific value is maximized. 

The GOLRclusterspecific value amounts to .98 on average (SD = 0.04) and is 

higher than .95 for 5,207 out of the 5,760 data sets, showing that also the 

cluster-specific components are recovered very well. Out of the 553 data sets for 

which GOLRclusterspecific is smaller than .95, 435 are situated in the conditions with 

75% common structural variance and 40% error variance, which are conditions 

wherein the cluster-specific variance (i.e., (1 − c) × (1 − e) = .15) is strongly 

masked by the error variance (i.e., e = .40). 

For the 345 confirmed local minima, the mean GOLRclusterspecific is equal  

to .92 (SD = 0.10). The cluster-specific loadings are recovered excellently 

(GOLRclusterspecific > .95) for 205 of these data sets, which is still more than half of 

them. Thus, the recovery of the cluster-specific loadings is affected by the fact that 

these solutions are local minima, but even then they seem to be recovered quite 

well. 
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4.3.1.2.4. Comparison of CC-SCA-ECP and Clusterwise SCA-ECP results 

To compare the performance of CC-SCA-ECP and Clusterwise SCA-ECP, we first 

evaluate whether the clustering obtained with CC-SCA-ECP is closer to the true 

clustering (i.e., higher ARI) than that resulting from a Clusterwise SCA-ECP 

analysis with Qcomm + Qspec components. This is the case for 330 out of the 5,760 

data sets (6%), with an average ARI improvement of .18 and with perfect CC-SCA-

ECP cluster recovery (i.e., ARI = 1.00) for 122 of these data sets. All of the 330 

data sets are situated in the – difficult – conditions with 75% common variance 

and/or 40% error variance. Conversely, the Clusterwise SCA-ECP ARI was better 

than the CC-SCA-ECP ARI for 94 data sets only (with an average ARI gain of .11, 

but with the Clusterwise SCA-ECP ARI remaining smaller than 1.00 for 77 out of 

these 94 data sets).  Of these data sets, 93 were situated in the conditions with 75% 

common variance and/or 40% error variance, which are the hardest clustering 

conditions.  Second, we examine to what extent the common components could be 

traced in the Clusterwise SCA solution. To this end, for each data set, we computed 

the following mean between-cluster congruence coefficient: 
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where the subset of Qcomm components is used that yields the highest ,BC commmeanϕ  
coefficient and where 

( )Mr
qB  and ( )Ms

qB  are the qth components of clusters r and s. 

Of course, the ,BC commmeanϕ  values could depend on how the rotational freedom of 

the components is dealt with. Therefore, we calculated the ,BC commmeanϕ  values for 

three different rotational approaches. First, we adopted the practice that was 

advocated in the Clusterwise SCA papers (De Roover et al., 2012b; De Roover et 

al., 2013b), i.e., rotating each cluster loading matrix toward simple structure, for 

which we make use of the varimax criterion. We took the permutational freedom of 
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the components into account by retaining the permutation of the components in 

cluster s that maximizes the mean congruence with the components in cluster r. 

Second, we used procrustes rotation which is available in some statistical software 

and thus is an obvious candidate to explore the presence of common components. 

Specifically, we orthogonally procrustes rotated the components of the second up 

to the Kth cluster toward the varimax rotated components of the first cluster. The 

first cluster thus serves as the reference cluster and the loadings of this reference 

cluster are rotated toward simple structure to obtain a better interpretability. Which 

cluster is chosen as reference may have some influence on the obtained 

,BC commmeanϕ  value. Third, we included the rotation procedure that is expected to 

give the best results in revealing commonness of components, that is, rotating the 

components of the K clusters toward maximal congruence by means of the method 

presented by Brokken (1985) and adapted by Kiers and Groenen (1996).  

On average, the ,BC commmeanϕ  amounts to .81 (SD = 0.11), .88 (SD = 0.09) 

and .93 (SD = 0.05) for the varimax, procrustes and maximal congruence rotation, 

respectively. To quantify how often the most similar components across the 

clusters can actually be interpreted as equal and therefore common components, we 

employ the guidelines reported by Lorenzo-Seva and ten Berge (2006), who state 

that components can be considered equal in terms of interpretation when their 

congruence is .95 or higher. For the varimax rotation approach, the between-cluster 

congruence of the common components is below .95 for no less than 5,512 (96%) 

out of the 5,760 data sets, while for the procrustes rotation the ,BC commmeanϕ  is 

below .95 for 4,439 (77%) of the simulated data sets. Even for the rotation toward 

maximal congruence, the ,BC commmeanϕ  is below .95 for 2,877 (50%) of the data 

sets. In other words, for a large proportion of the simulated data sets, applying 

Clusterwise SCA-ECP rather than CC-SCA-ECP would be inappropriate, because 

it cannot be revealed that some of the components are shared by all clusters. 
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4.3.2. Model selection 

The model selection procedure described in Section 3.3 selects the correct model – 

i.e., the correct number of clusters, the correct number of common components, 

and the correct number of cluster-specific components – for 648 or about 45% of 

the 1,440 simulated data sets included in the model selection study. If we 

investigate these results into more detail, we see that the number of clusters is 

correctly assessed for 1,223 or 85% of the data sets, which is reasonable given the 

error levels of 20% and 40%. Out of the 217 mistakes, 213 are made when the 

cluster-specific variance amounts to only 25% of the structural variance and/or 

when the cluster-specific components are moderately congruent, which makes 

sense as the underlying clusters are harder to distinguish in these conditions.  

The total number of components Q is correct for only 771 or 54% of the 

simulated cases, however. Out of the 669 mistakes, 645 are made in the conditions 

with 40% error variance and/or with a low amount of common or cluster-specific 

variance. This result is explained by the fact that (some of) the common 

components may be considered minor in case of 25% common variance and (some 

of) the cluster-specific components may turn out to be minor in case of 75% 

common variance, especially when the data contain a lot of error. Therefore, the 

total number of components is often underestimated as the scree test is known to 

focus more on the major components (Ceulemans & Kiers, 2009; Zwick & Velicer, 

1986). Also, minor components occur more often when the number of components 

is relatively high, as is the case in our study. Indeed, many model selection studies 

on component analysis techniques have shown that the performance decreases 

when more components are involved (e.g., Ceulemans, Timmerman, & Kiers, 

2011; De Roover, Timmerman, Van Diest, Onghena, & Ceulemans, 2013c).  

As the selection of the number of common components Qcomm and the 

number of cluster-specific components Qspec strongly depends on whether or not 
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the correct total number of components is retained, it is no surprise that Qcomm and 

Qspec are selected correctly in only 52% and 63% of the cases, respectively. Indeed, 

if we exclusively take the 771 data sets into account for which the total number of 

components is correct, the correct Qspec, and thus also the correct Qcomm, is selected 

in 93% of the cases, which is excellent. 

Finally, in the above paragraphs, we discussed the results obtained when 

both the number of clusters and the number of components have to be estimated. 

However, in practice, often some a priori knowledge is available, considerably 

simplifying the model selection problem. Therefore, we end this section by 

investigating what happens if the total number of components is known 

beforehand. In this case, the number of clusters is selected correctly for 1,306 or 

91% of the data sets, and the numbers of common and cluster-specific components 

in 1,271 or 88% of the data sets. Out of the 169 mistakes against Qspec, 159 are 

situated in conditions with medium congruence among cluster-specific component 

structures and/or with six components, implying underestimation of the number of 

cluster-specific components. Finally, if we look at the number of clusters as well as 

the numbers of common and cluster-specific components, when the total number of 

components is known, both are selected correctly for 82% of the data sets (i.e., for 

1,183 out of the 1,440 data sets). 

Based on these simulation results, we can formulate some guidelines for 

CC-SCA-ECP model selection in empirical practice. As stated before, using prior 

knowledge on the expected number of clusters and/or components may be 

advantageous. When such knowledge is not available, one can apply the model 

selection procedure described in Section 3.3, but scrutinize the suggested number 

of components Q. Indeed, as befits a scree test procedure, Q is often 

underestimated when one or more of the common or cluster-specific components is 

minor. Therefore, when in doubt on how many components should be retained 
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(e.g., the scree ratio for the selected Q-value is only slightly higher than that for 

another Q-value), one should also consider solutions with the Q-values indicated 

by the second18 and third highest scree ratio (Bulteel, Wilderjans, Tuerlinckx, & 

Ceulemans, 2013) and perform Steps 3 and 4 of the model selection procedure for 

these Q-values as well. Consequently, one ends up with two or three CC-SCA-ECP 

solutions from which the best one can be chosen based on interpretability. 

 

5. Application 

To illustrate the empirical value of CC-SCA-ECP, we will apply it to cross-cultural 

data on values from the International College Survey (ICS) 2001 (Diener, Kim-

Prieto, Scollon, & Colleagues, 2001; Kuppens, Ceulemans, Timmerman, Diener, & 

Kim-Prieto, 2006). Up to now, most research in this domain (e.g., Bond et al., 

2004; Inglehart & Baker, 2000) focuses on the mean score of inhabitants of 

particular countries on broader value dimensions. We  take a different approach as 

we will examine the correlation structure of a set of specific values within 

countries and model between-country similarities and differences therein.  

The ICS study included 10,018 participants out of 48 different nations. 

Each of them rated, among other things, how much they valued the following 

aspects, using a 9-point likert scale (1 = “do not value it at all”, 9 = “value it 

extremely”): (1) happiness, (2) intelligence and knowledge, (3) material wealth, (4) 

physical attractiveness, (5) physical comforts, (6) excitement and arousal, (7) 

competition, (8) getting to heaven, achieving a happy afterlife, (9) self-sacrifice, 

(10) success, (11) fun (personal enjoyment). 330 participants with missing data 

were excluded. Differences between the countries in the means and the variances 

                                                           
18 The second best number of components is the correct one for 20% of the data sets in the 
simulation study. Thus, in 74% of the simulated cases the correct number of components is 
among the two best Q-values. 
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of the values were removed by standardizing the values per country (see Section 

2.1).  

 

Table 1: Scree ratios ( | )K Qsr  for the numbers of clusters K given the numbers of 

components Q and averaged over the numbers of components (above), and 

scree ratios best( | )Q K
sr  for the numbers of components Q given two clusters 

(below), for the value data of the 2001 ICS study. The maximal scree ratio in 

each column is highlighted in boldface. 

  1 comp 2 comp 3 comp 4 comp 5 comp average 
2 clusters 4.12 2.22 2.53 3.16 2.66 2.94 
3 clusters 1.78 1.60 1.30 1.48 1.30 1.49 
4 clusters 1.17 2.12 1.66 1.35 1.46 1.55 
5 clusters 1.27 0.95 1.16 0.94 1.20 1.10 
        
 2 clusters     
2 components 1.58     
3 components 1.24     
4 components 1.21     

 

To find an optimal CC-SCA-ECP model for these data, we used the model 

selection procedure described in Section 3.3. We first performed Clusterwise 

SCA-ECP analyses with one to six clusters and one to five components within each 

cluster. In Figure 1 the VAF(%) of the obtained Clusterwise SCA-ECP solutions is 

plotted against the number of components for each number of clusters. In Step 2 of 

the model selection procedure the model with two clusters and two components per 

cluster is retained as the best Clusterwise SCA-ECP model, because the mean of 

the scree ratios ( | )K Qsr  (Equation 8) is highest for two clusters and, given two 

clusters, the scree ratio best( | )Q K
sr  (Equation 9) for the number of components is 

maximal for two components (see Table 1). Indeed, the data are fitted considerably 
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better using two clusters rather than one, while adding extra clusters hardly 

improves the fit, and, regarding the number of components, the increase in fit with 

extra components levels off after two components (see Figure 1). 

 
Figure 1: Percentage of explained variance of the Clusterwise SCA-ECP solutions 

for the value data from the 2001 ICS study, with the number of cluster varying from 

one to six, and the number of components varying from one to five. 
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Figure 2: Percentage of explained variance plotted against the number of cluster-

specific components for (from left to right) SCA-ECP with two components (i.e., 

both components common), CC-SCA-ECP with one common and one 

cluster-specific component and Clusterwise SCA-ECP with two clusters and two 

components (i.e., both components cluster-specific), for the value data from the 

2001 ICS study. 
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the model with two cluster-specific components, while the fit is about equal, we 

select the model with one common and one cluster-specific component. 

 

Table 2: Clustering of the countries of the CC-SCA-ECP model for the value 

data from the 2001 ICS study, with two clusters, one common and one cluster-

specific component. 

Cluster 1 

Bangladesh, Cameroon, Cyprus, Egypt, Georgia, Ghana, Indonesia, 

Iran, Kuwait, Malaysia, Nigeria, Philippines, South Africa, 

Thailand, Uganda 

Cluster 2 

Australia, Austria, Belgium, Brazil, Bulgaria, Canada, Chile, China, 

Colombia, Croatia, Germany, Greece, Hong Kong, Hungary, India, 

Italy, Japan, Mexico, Nepal, Netherlands, Poland, Portugal, Russia, 

Singapore, Slovakia, Slovenia, South Korea, Spain, Switzerland, 

Turkey, United States, Venezuela, Zimbabwe 

 

Upon inspecting the clustering given in Table 2, we can conclude that 

cluster 1 contains the African, South, Southeast, and West Asian countries (note 

that Cyprus and Georgia are often classified as West Asian countries; Inglehart & 

Welzel, 2005), with the exception of Nepal and Zimbabwe. Cluster 2 contains the 

other 33 countries. 

The common and cluster-specific loadings are shown in Table 3. Note that, 

since we have only one common and one cluster-specific component, there is no 

rotational freedom. All values load strongly on the common component, which 

accounts for 30% of the variance in the data, implying that this component can be 

interpreted as a general value dimension indicating that in each of the 48 countries 

all values are positively correlated. The cluster-specific component of cluster 1, 

which explains 13% of the associated variance, is labeled ‘happiness & 
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achievement’ as it displays high positive loadings of ‘happiness’, ‘intelligence and 

knowledge’, ‘getting to heaven, achieving a happy afterlife’ and ‘success’. The 

cluster-specific component of cluster 2, which explains 20% of the corresponding 

variance, has a very different loading pattern. Specifically, it has highly positive 

loadings of ‘intelligence and knowledge’ and ‘fun (personal enjoyment)’, and 

highly negative loadings of ‘material wealth’, ‘physical attractiveness’, ‘physical 

comforts’, ‘excitement and arousal’, ‘competition’ and ‘getting to heaven, 

achieving a happy afterlife’, indicating a negative correlation between these two 

subgroups of values. Therefore, we named this component ‘fun & intelligence 

versus showing success’. In these countries some people mainly pursue intelligence 

and fun in their lives (e.g., look for a job that offers many opportunities to develop 

abilities and grants a lot of satisfaction), while some of the others mainly value 

showing his or her success in life (e.g., look for a job with a high salary or a high 

status). 

To gain more insight into these between-country differences in within-

country correlation structure (modeled by the cluster-specific component), we tried 

to map them onto two value dimensions that distinguish between cultures with 

different levels of modernization (Inglehart & Baker, 2000; Inglehart & Welzel, 

2005). Firstly, we focused on the traditional versus secular-rational dimension, that 

distinguishes values that are dominant in pre-industrial societies from those of 

industrial ones: More than secular-rational countries, traditional countries 

emphasize religion and respect for (parental) authority, male dominance in 

economic and political life, and national pride. Secondly, we used the survival 

versus self-expression dimension that disentangles traditional/industrial societies 

(stronger focus on economic and physical security) and post-industrial ones 

(stronger focus on self-expression and quality of life). 
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Table 3: Common and cluster-specific loadings of the CC-SCA-ECP model with 

two clusters, one common and one cluster-specific component for the value data 

from the 2001 ICS study. Loadings greater than +/−.35 are highlighted in boldface. 

  Common  Cluster-specific 
 General 

value 
dimension 

 Cluster 1 Cluster 2 

  Happiness & 
achievement 

Fun & intelligence 
vs. showing success 

Happiness  .52  .49 .22 
Intelligence/knowledge .39  .58 .65 
Material wealth .63  −.22 −.40 
Physical attractiveness .68  −.25 −.43 
Physical comforts .65  −.08 −.44 
Excitement/arousal .61  −.24 −.35 
Competition .61  −.15 −.40 
Heaven/afterlife .44  .48 −.42 
Self-sacrifice .47  .25 −.28 
Success .61  .55 .33 
Fun .35  .18 .70 

 

To relate the cross-cultural differences with respect to these dimensions to 

the differences found by CC-SCA-ECP, Figure 3 reproduces the cultural values 

map published by Inglehart and Welzel (2005), only retaining the countries 

included in the ICS study. Note that Figure 3 contains only 40 out of the 48 

countries included in the ICS study, because Inglehart and Welzel (2005) did not 

report mean scores for the other eight countries. From this figure, it is clear that 

cluster 1 contains pre-industrial countries scoring low on both dimensions (with the 

exception of Zimbabwe), while the other countries are gathered in cluster 2. This 

suggests that participants from pre-industrial countries that are both more 

traditional and more focused on the basic values necessary for survival tend to 

(more or less) pursue both happiness and achievement (i.e., intelligence and 

knowledge, getting to heaven, success) together. Participants from countries which 
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are more secular-rational and/or more focused on self-expression either pursue 

intelligence and fun (i.e., mental rewards) or strive to show off their success (i.e., 

material or interpersonal rewards). 

 
Figure 3: Reproduction of the cultural values map published by Inglehart and 

Welzel (2005), retaining only the countries that are included in the ICS study and 

indicating to which cluster each country belongs in the CC-SCA-ECP model for the 

ICS values data. 
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to cluster 2 instead of to cluster 1. This is inconsistent with our finding that the 

countries scoring low on both dimensions in Figure 3 are gathered in cluster 1. 

Furthermore, even when the components of the clusters are rotated toward maximal 

congruence (Kiers & Groenen, 1996), the Tucker phi coefficients of the most 

similar components amount to .82 and .93, implying that none of them can be 

considered identical. This conclusion is further supported by the considerable 

differences between the maximal congruence loadings of both clusters (e.g., the 

loadings of fun on the first component differ in sign), that are shown in Table 4. 

Thus, this rotation strategy does not disentangle the common from the cluster-

specific component. 

 

Table 4: Maximal congruence rotated loadings of the Clusterwise SCA-ECP 

model with two clusters and two components per cluster for the value data from 

the 2001 ICS study. Loadings greater than +/−.35 are highlighted in boldface. 

  Cluster 1  Cluster 2 

 Fun & 
showing 
success 

Fun, 
happiness, 

achievement 
& 

benevolence 

 Fun vs. 
showing 

success & 
benevolence 

Fun, 
happiness 

& 
achieve-

ment 

  

Happiness  .06 .73  .12 .56 
Intelligence/knowledge −.05 .73  −.32 .69 
Material wealth .65 .30  .67 .26 
Physical attractiveness .71 .31  .73 .28 
Physical comforts .58 .43  .72 .25 
Excitement/arousal .67 .29  .63 .26 
Competition .64 .27  .67 .27 
Heaven/afterlife .02 .66  .59 .12 
Self-sacrifice .23 .53  .49 .20 
Success .07 .78  .09 .71 
Fun .36 .51  −.41 .61 
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6. Discussion 

This paper introduced the CC-SCA-ECP method for multiblock data, which can be 

used to study between-block similarities and differences in correlation structure. 

Specifically, CC-SCA-ECP combines the key features of SCA-ECP and 

Clusterwise SCA-ECP by clustering the data blocks under study and by 

distinguishing common components that underlie all data blocks and cluster-

specific components that reveal between-block differences. Because of the implied 

clustering, CC-SCA-ECP is especially useful when the number of data blocks 

becomes somewhat larger (say, larger than five) as the other available methods for 

multiblock data, DISCO-SCA and OnPLS, cannot easily handle such a larger 

number. 

In the presence of common components, CC-SCA-ECP was shown to 

outperform Clusterwise SCA-ECP in two important respects: First, in the more 

difficult simulation conditions, CC-SCA-ECP often yielded a better clustering than 

Clusterwise SCA-ECP. Similarly, the obtained CC-SCA-ECP clustering in our 

empirical example was more consistent with known differences between countries 

than the Clusterwise SCA-ECP clustering. Second, for more than half of the 

simulated data sets as well as the empirical example, it proved impossible to rotate 

the obtained Clusterwise SCA-ECP components in such a way that commonness of 

some of the components could be detected. 

At this point, we want to emphasize the added value of CC-SCA-ECP in 

comparison to multigroup factor analysis methods (Jöreskog, 1971; Sörbom, 1974; 

Dolan, Oort, Stoel, & Wicherts, 2009), which are commonly used to test different 

levels of measurement invariance among the data blocks (see Meredith, 1993, for 

more details). Where measurement invariance tests merely indicate whether the 

factor structures (and, in case of strict invariance, also the intercepts and unique 

variances) are the same across all data blocks or not, CC-SCA-ECP actually 
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explores what the structural differences are. Specifically, on the one hand, it looks 

for subgroups of data blocks with an identical structure and, on the other hand, it 

captures which subset of the components is different between these subgroups (i.e., 

clusters). 

The differences between CC-SCA-ECP on the one hand and 

DISCO-(G)SCA and OnPLS on the other hand imply some points of discussion 

and possible directions for future research. First, in Section 2.3 we argued that the 

CC-SCA-ECP cluster-specific components are not necessarily distinctive between 

clusters in the sense that they may explain some variance in the other clusters, if 

the zero restrictions in Equation 2 would be removed. Although this may seem a 

disadvantage at first sight, the mere ‘specificity’ of the cluster-specific components 

actually makes the method more versatile. Indeed, CC-SCA-ECP may reveal subtle 

differences in the functioning of a few variables. This can, for instance, be very 

interesting when assessing the measurement invariance of a particular 

questionnaire in different groups. Moreover, if the data contain truly distinctive 

components, these will easily be picked up by CC-SCA-ECP. Nonetheless, it may 

be interesting to develop a CC-SCA-ECP variant that, to some extent, imposes 

distinctiveness on the cluster-specific components (i.e., they should not explain a 

lot of variance in the other clusters). The latter might, for instance, be achieved by 

adding a penalty term to the loss function that takes into account how well data 

blocks in one cluster can be reconstructed by cluster-specific components of other 

clusters.  

Second, taking the different degrees of distinctiveness (e.g., one 

component can be distinctive for data blocks 1 and 2, another for data blocks 3 to 

5, and so on) that are possible in DISCO-(G)SCA into account, it may be useful to 

extend CC-SCA-ECP to incorporate different degrees of cluster-specificity (i.e., 

components can be specific for more than one cluster, implying that they are shared 
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or common for these clusters, but not for others). In clustering terms, this would 

imply a hierarchical instead of a mutually exclusive clustering of the data blocks. 

In a hierarchical clustering, one cluster can be entirely contained within another 

cluster, but no other kinds of cluster overlap are allowed. Thus, to take it even 

further, it may also be useful to allow for an unconstrained overlapping clustering 

(i.e., data blocks can be freely assigned to multiple clusters) so that each set of 

cluster-specific components may pertain to each possible subset of the data blocks.  

Third, one might consider it too strict to require the common and cluster-

specific components to be orthogonal in each data block. Indeed, it might occur for 

some data sets that one of the cluster-specific components is correlated with a 

common component in one or more of the data blocks, which is an important 

structural aspect that cannot be captured by CC-SCA-ECP. We want to emphasize, 

however, that, next to the obvious technical advantages, the orthogonality 

restriction has an important substantive advantage in that it prevents the method 

from finding cluster-specific components that are nearly a copy of the common 

components.  

Fourth, we restricted the number of cluster-specific components Qspec to be 

the same for each cluster, which might be unrealistic for some data sets. Indeed, 

Clusterwise SCA-ECP has been generalized to allow the number of components to 

vary over clusters (De Roover, Ceulemans, Timmerman, Nezlek, & Onghena, 

2013a), so extending this approach toward CC-SCA-ECP seems straightforward. 

While this generalization is feasible with respect to model estimation (the 

algorithm has been developed and can be obtained from the first author), it would 

make model selection, which already proved to be very challenging in the current 

paper, even more intricate. Therefore, we propose to use a post-hoc strategy. 

Specifically, one may consider to let the number of CC-SCA-ECP cluster-specific 

components differ across clusters when a Clusterwise SCA-ECP solution with a 
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varying number of components contains components that are very similar among 

clusters and can therefore be conceived as common, or when some of the 

CC-SCA-ECP cluster-specific components indicate overextraction (e.g., a 

component with only one high loading, a meaningful subgroup of variables seems 

to be arbitrarily divided over two components, etc.).  

Finally, we have never tested the applicability of the CC-SCA-ECP method 

to high-dimensional data, so it is not that easy to predict how the method will 

behave in those cases. Therefore, it would be useful for future research to test the 

performance of CC-SCA-ECP for simulated high-dimensional data. We suspect 

that the method will fail when these data contain a lot of noise and the cluster-

specific components are moderately or strongly congruent across clusters. 
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Abstract 

Many psychological theories predict that cognitions, affect, action tendencies, and 

other variables change across time in mean level as well as in covariance structure. 

Often, such changes are rather abrupt, because they are caused by sudden events. 

To capture such changes, one may repeatedly measure the variables under study for 

a single individual, and examine whether the resulting multivariate time series 

contains a number of phases with different means and covariance structures. The 

latter task is challenging, however. First, in many cases, it is unknown how many 

phases there are, and when new phases start. Second, often a rather large number of 

variables is involved, complicating the interpretation of the covariance pattern 

within each phase. To take up this challenge, we present Switching PCA. 

Switching PCA detects phases of consecutive observations or time points (in single 

subject data) with similar means and/or covariation structures, and performs a 

principal component analysis (PCA) per phase to yield insight into its covariance 

structure and underlying mechanisms. An algorithm for fitting Switching PCA 

solutions as well as a model selection procedure are presented and evaluated in a 

simulation study. Finally, we analyze empirical data on cardiorespiratory 

recordings.  

  



246 Chapter 6  

1. Introduction 

In the behavioral sciences, one often formulates hypotheses about the means of a 

set of variables and their covariance pattern. For instance, in emotion psychology, 

one investigates the strength and the covariance pattern of different emotion 

components, such as appraisals, action tendencies, facial expressions, physiological 

measures (e.g., skin conductance, blood pressure, heart rate, etc.) (Christie & 

Friedman, 2004; Mauss, Levenson, McCarter, Wilhelm, & Gross, 2005). Another 

example is found in the field of developmental psychology: When a set of 

Piagetian tasks (Piaget, 1972) are periodically administered to a child, the means 

and the covariances of the tasks will yield insight into which tasks require the same 

cognitive ability (Klausmeier & Sipple, 1982; Lawson & Nordland, 1976). 

A complicating factor is that many theories predict that these means and 

covariance patterns will change across time. Specifically, given time points by 

variables data of a single individual, these theories conjecture that the data consist 

of a number of phases of consecutive observations (time points) with distinct 

means and underlying covariance patterns. With respect to the emotion example, it 

is expected that some of the emotion components take on extreme values (i.e., 

response patterning; Sander, Grandjean, & Scherer, 2005) and covary stronger (i.e., 

synchronicity; Butler, 2011) when an emotion-eliciting event occurs, to enable a 

fast and efficient reaction of the organism (Mauss et al., 2005). Therefore, one 

expects the means and the covariance pattern of the appraisals, action tendencies 

and physiological measures to change across time due to external or internal 

events, with each of the resulting ‘phases’ corresponding to a different emotional 

meta-experience, since the nature of the response pattern and the synchronicity is 

considered to be emotion-specific. In the developmental psychology example, 

changes in the means are predicted when the child reaches full function on certain 

tasks. Moreover, a number of theories on Piagetian tasks – for example, the parallel 
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pattern of development by Flavell (1971) or the reciprocal-interaction model by 

Wohlwill (1973) – suggest that changes in the covariance structure might occur 

when the child reaches full function on one task (or subset of tasks) while other 

tasks requiring a similar cognitive ability have yet to be mastered (Klausmeier & 

Sipple, 1982). Many other examples can be found: Think of how personality-

related (Mischel & Shoda, 1995) and attachment-related (Fraley, 2007) cognitions 

and affect come into play during social encounters, or how we continuously 

coordinate the many components of our sensorimotor system (Repp, 2005). 

Empirically studying such changes in means and covariance patterns is a 

challenging task. First, in many cases, it is unknown whether and when events 

(e.g., emotional trigger, mastery of specific conservation task) occur that mark the 

start of a new phase, implying that one does not know how many phases there are 

nor when they begin and end. Second, often a rather large number of variables is 

involved, complicating the interpretation of the covariance pattern within each 

phase. Therefore, a modeling technique is needed that on the one hand detects 

when a change in means and covariance structure takes place, revealing different 

phases, and on the other hand summarizes and yields insight into the covariance 

patterns. Up to now, all available techniques solve only one of both aspects 

adequately. 

Regarding the first aspect – detecting when a change in means and 

covariance structure occurs – a relevant modeling technique is switching regression 

(Hudson, 1966; Kiefer, 1978; Liu, Wu, & Zidek, 1997) which segments time series 

data of a single individual into a number of phases, based on changes in regression 

coefficients. For the second aspect – summarizing and yielding insight into the 

covariance of the variables in a specific phase – principal component analysis 

(PCA; Jolliffe, 2002; Meredith & Millsap, 1985; Pearson, 1901) as well as 

exploratory factor analysis (EFA, Lawley & Maxwell, 1962) can be used. In PCA, 
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the variables are reduced to a few components that summarize the information in 

the data and may reflect the underlying mechanisms. EFA is a similar model that 

applies a stochastic latent variable approach to find common factors that explain 

the covariation of the variables under study. Although PCA and EFA are mainly 

used to analyze subjects by variables data (the so-called R-technique; Cattell, 

1952), they can also yield insight into time points by variables data (P-technique; 

Cattell, 1952; Jones & Nesselroade, 1990)19.   

Note that some extensions of PCA and EFA exist that allow for differences 

in component or factor structure by clustering the rows of a data matrix and 

simultaneously fitting a PCA or EFA model to each cluster (i.e., for PCA: subspace 

K-means; Timmerman, Ceulemans, De Roover, & Van Leeuwen, in press; for 

EFA: mixtures of factor analyzers; McLachlan & Peel, 2000; Yung, 1997). Yet, 

those techniques are unsuitable for the research question at hand, because the 

resulting clusters may contain any combination of consecutive and non-consecutive 

time points and therefore cannot be interpreted as phases. 

Combining the key ideas behind switching regression and PCA, we present 

Switching PCA. Given multivariate time series data of a single subject, Switching 

PCA clusters the time points into (a priori unknown) phases of consecutive time 

points with similar means and/or covariation structures and performs a PCA per 

phase to yield insight into its covariance structure. The choice for PCA rather than 

EFA is motivated by the fact that, unlike PCA, classic EFA estimation procedures 

assume the scores of the time points (i.e., the data rows) on the common and 

unique factors to be independent. Of course, exploratory (and confirmatory) factor 

                                                           
19 PCA, EFA and confirmatory and/or mixture extensions thereof have also been applied to 
another kind of time series data, namely subjects by time points data (T-technique; Besse & 
Ramsay, 1986; Li, Duncan, Duncan, & Acock, 2001; McArdle & Epstein, 1987; Muthén et 
al., 2002; Nagin, 1999; Rao, 1958; Rice & Silverman, 1991; Tucker, 1958). These 
techniques, often referred to as functional PCA or growth curve models, fall outside the 
scope of this paper. 
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models exist that explicitly model serial dependencies among subsequent time 

points (e.g., Boker, Neale, & Rausch, 2004; McArdle, 2009; Molenaar, 1985; 

Zhang, Hamaker, & Nesselroade, 2008), but these techniques require a large 

number of time points per phase for the associated estimation procedures to 

converge. In empiral practice, gathering such intensive time series data for each 

phase is often impossible. 

The remainder of the paper is structured into five sections. Section 2 

presents the kind of data for which Switching PCA was developed and describes 

the Switching PCA model. Additionally, its relations with existing methods are 

discussed. Section 3 presents the objective function, an algorithm for performing a 

Switching PCA analysis and a stepwise procedure for selecting the most 

appropriate number of phases and components. Note that this section is rather 

technical and may be skipped by readers who are mainly interested in the key idea 

of the method and its usefulness for substantive research. In Section 4, the 

algorithm and model selection procedure are evaluated in two simulation studies. 

Next, in Section 5, we analyze an empirical time series data set pertaining to 

physiological measures. Finally, Section 6 contains some directions for future 

research. 

 

2. Model 

2.1. Data structure 

Switching PCA is intended for the analysis of multivariate time series data from a 

single subject (i.e., an N × J data matrix X, where N equals the number of 

observations or time points and J equals the number of variables). The time points 

do not have to be equally spaced in time, but the spacing should be close enough to 

have sufficient information per expected phase to reliably study the corresponding 
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covariance pattern and its underlying components. Specifically, in the remainder of 

this paper, we assume that per phase one has at least as many time points as 

variables. Which spacing is close enough to accomplish this, largely depends on 

the duration of the phenomena under study. For instance, since emotions may 

fluctuate rather rapidly across time, adequately capturing the covariance structure 

of its physiological correlates requires multiple observations a minute. On the other 

hand, for studying more slowly evolving processes like cognitive development, one 

measurement per week or month might suffice.  

 

2.2. Model specification 

Looking for changes in mean level and in covariance structure over time,  

Switching PCA detects a limited number of unknown phases in the multivariate 

time series. To gain insight into these changes, the data within each phase are 

modeled by a separate PCA. Indeed, the PCAs reduce the variables to a few 

components that reflect the underlying mechanisms of each phase. More 

specifically, the data within each phase are decomposed into component scores for 

the different time points and component loadings, which indicate the extent to 

which each variable is summarized and captured by the respective components. 

Therefore, the Switching PCA model reconstructs the observed scores xn (1 × J) at 

the nth time point as 

 ( )
1

,
C

c c c
n nc n n

c
u

=

′= + + +∑x m x f B e  (1) 

where m (1 × J) contains the overall means of the variables, C is the total number 

of phases, unc denotes the entries of the binary partition matrix U (N × C), which 

specifies to which phase each of the N time points belongs, cx (1 × J) contains the 

phase means of phase c (in terms of deviations from the overall means m), cB

(J × Qc) is the loading matrix of phase c, with Qc referring to the number of 
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components in phase c, c
nf  (1 × Qc) contains the component scores of observation n 

in phase c, and en (1 × J) denotes the vector of residuals for the nth time point. The 

parameters m, U, cx , cB , c
nf  and en all have to be estimated in the analysis. Note 

that Equation 1 reduces to a regular PCA equation:  

 .n n n
′= + +x m f B e   (2) 

when the number of phases C equals one, and that, in regular PCA, the means in m 

are usually discarded by centering the data.  

To ensure that a phase pertains to consecutive time points only, a time 

contiguity constraint is imposed on U. That is, it is imposed that each phase 

consists of at least J consecutive time points. We opted for at least J time points per 

phase to maximize the number of components that can be extracted20.  

Regarding identification, the following remarks are in order: Without loss 

of fit, the variances of the component scores are fixed at one for each 

phase-specific component. This restriction implies that, in case the components of 

a particular phase are orthogonal, the loadings in this phase can be interpreted as 

covariances between the variables and the corresponding components. They are 

covariances rather than correlations, since they depend on both the correlations 

between the variables and components and the phase-specific standard deviations 

of the variables (which typically differ from one). To simplify the interpretation of 

the loadings, they can be divided by the phase-specific standard deviations of the 

variables, yielding correlations instead of covariances. This implies that Equation 1 

is rewritten as 

                                                           
20 The maximum number of components that can be extracted in phase c equals the rank of 
the data in that phase, i.e., the minimum of Nc, the number of time points in phase c, and J, 
the number of variables (Jolliffe, 2002). 
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where Dc is a J × J diagonal matrix that contains the standard deviations of the 

variables in phase c. Finally, like in PCA, the components of Switching PCA have 

rotational freedom per phase. Specifically, to enhance the interpretation of the 

component structures even further, the original loading matrices cB  or their 

rescaled versions cB  can be multiplied by an orthogonal or oblique rotation matrix 

without loss of fit, provided that the transformation is compensated for in the 

component scores. 

 

2.3. Related methods 

In this section, we discuss two other types of techniques that can be used to 

segment time series data of a single subject into different phases, based on means 

and/or covariances: change-point detection and hidden markov modeling (HMM). 

Change-point detection methods perform statistical tests to detect if and when a 

mean or covariance shift takes place in the time series (e.g., Aue, Hörmann, 

Horváth, & Reimherr, 2009; Lavielle, & Teyssière, 2006; Sullivan & Woodall, 

2000). For instance, some of these methods test, for each time point n, whether the 

mean and/or covariance matrix up until this time point (for time points 1 to n) is 

different from that of the time points after n (time points n + 1 to N). If a change is 

detected, the time series is split up in two parts according to the most likely 

location of the change-point and the test is repeated for both parts etc., until no 

further change-points are found. An important difference with Switching PCA is 

thus that it looks for multiple change-points in a more sequential manner. Another 
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major difference is that these methods do not explicitly fit a model to the data and 

as such provide no insight into the underlying mechanisms. 

A HMM models the data as a sequence of latent states, according to the 

scores on the variables (Baum & Petrie, 1966; Raftery, 1985). Different variants 

have been proposed, including latent transition analysis (LTA; Graham, Collins, 

Wugalter, Chung, & Hansen, 1991; Velicer, Martin, & Collins, 1996) and the 

regime-switching state-space model (Kim & Nelson, 1999; Lodewyckx, 

Tuerlinckx, Kuppens, Allen, & Sheeber, 2011). A first difference between 

Switching PCA and HMM pertains to dependencies among the phase memberships 

of adjacent time points. Specifically, HMM models are based on so-called 

transition probabilities, i.e., the probability of being in a certain state at the current 

time point given the state at the previous time point(s). As such, the state at one 

time point depends on the state at the previous time point(s), which is referred to as 

the ‘Markov dependency’. Switching PCA includes no such dependency in that the 

phase assignment at a certain time point, in principle, depends only on the time 

point in question. However, in practice, some dependency will occur due to the 

time contiguity constraint and the restriction on the minimal number of time points 

within a phase (e.g., if time point n − 1 and n + 1 clearly belong to a particular 

phase, time point n will be assigned to that phase as well). A second difference 

with Switching PCA pertains to the fact that HMM states can reoccur across time 

(i.e., people can go back and forth between a number of latent states), implying that 

the number of states gives no information on the number of phases present in the 

data. Thirdly, Switching PCA imposes fewer model assumptions than HMM. 

Specifically, whereas both techniques imply a marginally independent and identical 

distribution of the residuals (see Section 3.1), HMM also assumes conditional 

independence (i.e., conditional on the state) of subsequent time points. A fourth 

difference is that HMM is intended for modeling only a limited number of 

variables (say 5) and, thus, performs no dimension reduction per state. A final and 
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related difference is that the HMM state sequence is, in most cases, based on the 

means only. Specifically, every state is characterized by a vector of means and a 

covariance matrix, but the state-specific covariance matrices are typically restricted 

to be diagonal and/or identical across (subgroups of) states (see, e.g., Gales, 1999) 

to confine the number of parameters. Thus, an important added value of Switching 

PCA is that it performs dimension reduction per phase such that it can model the 

covariance structure for each phase separately and, as such, unveil the underlying 

structure of each phase. 

 

3. Data analysis 

3.1. Objective function 

Building on the work of De Roover, Ceulemans, Timmerman, Nezlek, and 

Onghena (2013), the parameters of the Switching PCA model are estimated by 

minimizing the following objective function: 

 
( )

( )

2

1 1 1

1

log ' 2

log 2 ,

N C C
c c c c c

n nc n
n c c

C
c c

c

L NJ u N Q

NJ SSE N Q

= = =

=

 
= − − + +  

 

= +

∑ ∑ ∑

∑

x m x f B
 (4) 

where the numbers of phases C and phase-specific components Qc are specified by 

the user (a procedure for choosing these numbers will be discussed in Section 3.3). 
2  indicates the computation of the sum-of-squares of, in this case, the residuals.  

The first term of this objective function equals the negative log-likelihood 

of the observed data given the Switching PCA model, discarding a few constants 

(see Appendix), and largely depends on the sum of the squared residuals SSE, 

which is commonly used as an objective function in component analysis. The 

second term (i.e., two times the number of component scores) is added to avoid 
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that too many time points are assigned to phases with higher Qc-values, which 

often reduces the SSE value (see De Roover et al., 2013). The key idea is that a 

time point is only added to a phase with a higher Qc-value when the resulting 

increase in fit outweighs the increase in model complexity, in terms of the number 

of component scores to be estimated. As such, the objective function aims to obtain 

a model with a good balance between complexity and fit. Note that, to enable us to 

compute the log-likelihood, we make the assumption that the residuals are 

independently, identically and normally distributed. No further distributional 

assumptions are made. 

Often, it is interesting to know how much of the variance in a given data 

set is accounted for by a certain Switching PCA model. Conveniently, the 

percentage of variance accounted for (VAF%) can be obtained from the SSE as 

follows: 
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We will also use the VAF% in the model selection procedure. 

 

3.2. Algorithm 

To minimize the objective function L, we propose to use an alternating least 

squares (ALS) algorithm, which has been implemented in Matlab R2011b and can 

be obtained freely from the first author. Also, stand-alone software for applying 

Switching PCA will be developed in the future (similar to the component analysis 

packages provided by De Roover, Ceulemans, & Timmerman, 2012, and 

Wilderjans, Ceulemans, Kiers, & Meers, 2009). The algorithm consists of the 

following steps: 
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1. Start from a random segmentation of the time series into phases: A random 

partition matrix U is created in accordance with the time contiguity and 

minimum phase length restrictions (i.e., each phase contains at least J 

subsequent time points). 

2. Estimate the phase-specific means and PCA models: The phase means are 

calculated as21 
1

1 ( )
N

c
nc nc

n
u

N =

= −∑x x m . Given the singular value 

decomposition of the centered data of phase c (i.e., 

( )1 ( )c
c c c c c

N
′− + =X m x U S V ), the component scores Fc of all Nc time 

points in the cth phase and the corresponding loadings Bc are estimated as 

c
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N=F U  and 1

c c
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c Q QN
=B V S  respectively. c

c
Q

U and c
c
Q

V  are the 

first Qc columns of cU  and ,cV  and c
c
Q

S  consists of the first Qc rows and 

columns of cS . Without loss of fit, this step implies some orthogonality 

constraints (i.e., the covariance matrix among the components of phase c 

equals an identity matrix) that are not strictly necessary and can be 

removed by applying an oblique rotation. 

3. Find the best possible partition: The algorithm searches for the optimal 

position for each phase separation (i.e., transition between two subsequent 

phases), while maintaining the minimum phase length and while keeping 

the other phase separations fixed. With each relocation of a phase 

separation, the affected mean vectors and PCA models are updated (as 

described in Step 2), and the resulting objective function value L is 

computed. Repeat Step 3 until the partition no longer changes. 

                                                           
21 The overall means of the variables in vector m are calculated at the start of the algorithm 
and remain unchanged throughout the rest of the analysis. 
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To reduce the probability of retaining a solution that is a local minimum, 

we advise to apply a multistart procedure with different random initializations of 

the partition matrix U. To improve the efficiency of this multistart procedure, one 

may first generate a large number (e.g., 125) of random partitions and evaluate 

them in terms of their fit to the data. Next, the 20% best fitting random partitions 

(e.g., 25 out of 125) are retained and used as initial partition matrix U. The best 

solution out of the different runs is retained as the final solution.22 

 

3.3. Model selection 

When performing Switching PCA, one has to specify the number of phases and the 

numbers of phase-specific components. Yet, the most appropriate number of 

phases C, Cbest, is often unknown, as well as the most appropriate number of 

components Qc for each phase, Qc,best. Therefore, one usually fits a number of 

Switching PCA models with different C- and Qc-values. Choosing a model that 

describes the data well without being overly complex is quite complicated, 

however, because the number of models under consideration rapidly grows very 

large. Specifically, if one fits all models with one up to Cmax clusters and with one 

up to Qmax phase-specific components (both values should be larger than can be 

reasonably expected for the data set in question), the total number of models to 

choose from equals: 
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For example, if Cmax and Qmax equal six, 923 different models are obtained. 

Because estimating all these models would require a lot of computations, we 

                                                           
22 This multistart procedure is included in the algorithm such that the user only needs to 
specify the desired number of random starts. 
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propose a more time-efficient, stepwise model selection strategy (similar to the one 

proposed in De Roover et al., 2013), wherein first, as an initial screening, the best 

model is chosen from the subset of solutions with an equal number of components 

for all phases (i.e., Cmax × Qmax models), and second the model selection is fine-

tuned by re-evaluating the best number of components for each phase separately. 

Specifically, this procedure, that will be integrated in the Switching PCA software, 

consists of the following steps: 

1. Initial screening: Select the best model from the subset of models that 

impose an equal number of components Qc in all phases (only these models 

have to be fitted): First, determine the best number of phases best
( )QC , among 

C = 1, …, Cmax, for each Q-value (Q = 1, …, Qmax) separately, by 

maximizing the following scree ratio which indicates that the increase in fit 

with additional phases levels off: 

 ( | )
( | )

( 1| )

dif
,

dif
C Q

C Q
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where ( | )dif C Q  equals ( | ) ( 1| )[VAF VAF ]C Q C Q−−  or the increase in variance 

accounted for (VAF) when going from C − 1 to C phases, given Q 

components. The overall best number of phases Cbest is determined as the 

C-value which has the highest average scree ratio across the Q-values.  

Second, assess the best number of components Qbest, given Cbest phases, by 

maximizing: 
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that best(0| )
VAF

C  
(i.e., with zero components within the phases) is usually 

larger than zero due to the phase means. 

2. Re-evaluate the best number of components Qc,best for each phase 

separately: Using the partition found in Step 1, compute PCA solutions 

with one up to Qmax components per phase. For each phase, determine 

Qc,best as the number of components that maximizes the phase-specific 

scree ratio: 
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where 
( )

dif c
c
Q

 equals 
( ) ( 1)

[VAF VAF ]c c
c c
Q Q −

−  or the increase in VAF within 

phase c when adding a Qcth component. Note that (1)dif c equals (1)VAFc . 

3. Estimate the Switching PCA model with the selected numbers of phases 

and components: Perform a Switching PCA analysis with 25 random starts 

and a 26th ‘rational’ start using the partition obtained in Step 1, and retain 

the best solution. 

4. Check convergence: Repeat Step 2 using the phase partition that results 

from Step 3, to evaluate whether changes in the partition affect the selected 

Qcs. If this is the case, repeat Step 3 and 4. 

 

4. Simulation studies 

4.1. Problem 

To evaluate the performance of the Switching PCA algorithm and model selection 

procedure in retrieving the truth (i.e., true parameter estimates as well as true 

model complexity) underlying specific data, we performed two simulation studies. 
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In both studies several data sets are generated according to a known Switching 

PCA model, manipulating several characteristics: data size (i.e., number of time 

points and variables), model complexity (i.e., numbers of phases and within-phase 

components), phase lengths, between-phase variance (i.e., the amount of variance 

accounted for by the phase-specific means, which is computed as 2

1

1 ( )
C

c c
j

c
N x

N =
∑  

for variable j). Subsequently, these data are perturbed with different amounts of 

noise. In Simulation study 1, we assessed the sensitivity of the algorithm to local 

minima as well as the goodness-of-recovery of the underlying structural phases, the 

phase means and the phase-specific loading matrices. These aspects are evaluated 

under the assumption that the correct numbers of phases C and phase-specific 

components Qc are known. Moreover, we also assess whether the proposed 

stepwise model selection procedure succeeds in indicating the correct C- and Qc-

values. In Simulation study 2, we examined whether and how model estimation and 

selection is affected by the presence of a first-order autocorrelation and/or 

cross-lagged correlation among the components of each phase. 

 

4.2. Simulation study 1 

4.2.1. Design and procedure 

Seven factors were crossed in a complete factorial design: 

1. number of time points N at 3 levels: 180, 240, 300; 

2. number of variables J at 2 levels: 12, 24; 

3. number of phases C at 3 levels: 2, 3, 4; 

4. phase lengths at 3 levels: J time points are assigned to each phase and the 

remaining ones are distributed (respecting the time contiguity restriction) 

as follows (see Milligan, Soon, & Sokol, 1983): equal (equally distributed 

over all phases), unequal with minority (10% added to a randomly selected 
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phase, remaining time points equally divided over the other phases), 

unequal with majority (60% added to a randomly chosen phase, remaining 

time points equally divided over the other phases); 

5. numbers of within-phase components Qc at 4 levels: [2 2 (2) (2)], 

[4 4 (4) (4)], [2 1 (2) (1)], [4 2 (4) (2)], where the elements of the vector 

indicate the Qc-values and the length of the vector depends on the number 

of phases C, e.g., ‘[4 2 (4) (2)]’ indicates that Q1 equals four, Q2 equals 

two, and, in case of a third and fourth cluster (factor 3), Q3 equals four, and 

Q4 equals two; 

6. ratio b of the between-phase variance to the total structural variance at 3 

levels: .00, .25, .50; 

7. error variance e at 2 levels: .20, .40. 

 

For each cell of the factorial design, 20 data matrices X were generated. 

Specifically, the partition matrix U was created taking into account the number of 

consecutive time points within each of the C phases (according to factors 1, 3 and 

4). The component score matrices Fc were generated by randomly sampling entries 

from a standard normal distribution. The J (factor 2) × Qc (factor 5) phase loading 

matrices Bc were created by uniformly sampling the loadings between −1 and 1 and 

rescaling the rows such that their sum-of-squares equals one. To avoid the presence 

of one very dominant component and to make sure that all components are 

sufficiently salient (see, e.g., Ceulemans, Timmerman, & Kiers, 2011; Timmerman 

& Kiers, 2000), we imposed the following two restrictions: (a) each component 

should have an eigenvalue larger than .02*J  and thus explain more than 2% of the 

structural within-phase variance; (b) none of the components should have an 

eigenvalue larger than .60*J and thus explain more than 60% of the structural 

within-phase variance. These loading matrices are rowwise rescaled such that the 

sum-of-squares of each row equals (1 − b)*(1 − e) (factors 6 and 7). Next, to add 
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between-phase variance to the data, phase means are randomly sampled from a 

uniform distribution and rescaled such that, in the final data matrix X, the expected 

proportion of variance accounted for by the phase means cx  is (b)*(1 − e) over all 

variables. When b equals zero, the phases have identical means and differ only in 

terms of their covariance structures. The error matrix E is randomly sampled from 

a standardnormal distribution and rescaled such that the expected error variance e 

equals .20 or .40 (factor 7). Finally, the X matrices are constructed using 

Equation 1 and rescaled to have a variance of one per variable. 

In total, 25,920 simulated data matrices were generated, as we created 20 

replicates per cell of the design. Each data matrix X is analyzed with the Switching 

PCA algorithm, using 25 random starts (i.e., 20% best out of 125 evaluated random 

starts). Using the correct number of phases and components, the average 

computation time for one data set amounted to 12 seconds when conducted on a 

supercomputer consisting of INTEL XEON L5420 processors with a clock 

frequency of 2.5 GHz and with 8 GB RAM. 

To reduce the computational burden, the evaluation of the model selection 

procedure is confined to the first five replications in each cell. To each of these 

6,480 data sets, we applied the stepwise model selection procedure, setting the 

Cmax- and Qmax-values to six. On average, this took about nine minutes of 

computation time per data set on the same supercomputer. 

 

4.2.2. Results 

4.2.2.1. Model estimation 

4.2.2.1.1. Sensitivity to local minima 

The Switching PCA algorithm may end in a local minimum, which implies that 

another solution exists that has an even smaller value on the objective function. To 



 Switching PCA 263 

evaluate the sensitivity of the algorithm to local minima, we compared the loss 

function value (Equation 4) of the retained solution to that of the solution that is 

obtained when starting the algorithm from the true partition matrix U. If the first 

loss function value is larger than the latter, the multistart solution is a local 

minimum for sure. This way, we established that a local minimum was found for 

892 out of the 25,920 data sets (i.e., 3.44%). The majority of the local minima 

(721) are obtained in the conditions with four underlying phases and with unequal 

phase lengths with majority, probably because it is more difficult to recover the 

correct partition when more phase separations need to be estimated, especially 

when the differences in phase lengths are more extreme. In those more difficult 

cases, using more random starts (e.g., 50 or 100) may be a solution. 

 

4.2.2.1.2. Goodness-of-recovery of the structural phases 

To examine the recovery of the underlying phases, the Adjusted Rand Index (ARI, 

Hubert & Arabie, 1985) is calculated between the true and estimated partition 

matrices. The ARI equals one if both partitions are identical and zero when their 

agreement is at chance level. The overall mean ARI is .99 (SD = 0.06), which 

indicates an excellent recovery of the phases. The vast majority (i.e., 3,293) of the 

3,430 data sets for which the phase recovery is not perfect (i.e., ARI < 1.00) belong 

to the conditions with three or four phases and/or with unequal phase lengths.  

To investigate whether the recovery of the phases is related to how much 

they overlap in terms of means and covariances, we calculated the Morisita 

measure for overlap between two multivariate normal distributions (a value of one 

indicates perfect overlap; Lu, Smith, & Good, 1989) for each pair of subsequent 

phases and averaged these values per data set. The mean Morisita values varied 

between .00 and .52, with an average of .03 (SD = 0.07). The Spearman correlation 
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between the ARI and the mean Morisita value is −.31 (p < .001), suggesting that the 

recovery is mildly related to the overlap. 

 

4.2.2.1.3. Goodness-of-recovery of the phase means 

The recovery of the phase means is evaluated using the mean absolute difference 

between the true and estimated phase means: 
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where Tc
jx and Mc

jx  denote the true and estimated mean, respectively, for variable j 

within phase c. The true means of a particular phase are computed as the means of 

the error perturbed data within that phase, according to the true phase separations. 

MADmeans is zero when the phase means are perfectly recovered, while higher 

values indicate worse recovery. Thus, the overall average MADmeans of 0.04 (SD = 

0.18) indicates a very good recovery of the phase means. The phase means are 

recovered perfectly for 22,489 or 87% of the simulated data sets. As we expect the 

recovery of the phase means to depend strongly on the recovery of the phase 

partition, we computed the Pearson correlation among the ARI and the MADmeans 

over all simulated data sets. This correlation amounts to −.91, implying that the 

phase means are recovered worse when the estimated phase transitions diverge 

more from the true ones. Therefore, it is no surprise that MADmeans values larger 

than zero mainly (i.e., 3,293 of the 3,431 cases) occur in the conditions with more 

than two phases and/or with unequal phase lengths. 
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4.2.2.1.4. Goodness-of-recovery of the phase-specific loading matrices 

The recovery of the phase-specific loading matrices was assessed by computing 

congruence coefficients ϕ  (Tucker, 1951) between the true and (rescaled) 

estimated component loadings and averaging these coefficients across components 

and phases: 
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with Tc
qB and Mc

qB  indicating the true and estimated qth component for phase c, 

respectively. Moreover, to deal with the rotational freedom of the Switching PCA 

model, each Mc
qB  matrix was orthogonally procrustes rotated toward the true 

loading matrix of the corresponding phase. The goodness-of-phase-loading-

recovery or GOPL statistic takes values between zero (no recovery at all) and one 

(perfect recovery). 

On average, the mean GOPL amounts to .97 (SD = 0.06), which indicates 

an excellent recovery of the loadings. Indeed, according to Lorenzo-Seva and ten 

Berge (2006), congruence coefficients larger than .95 indicate that components are 

essentially equal and this is the case for no less than 23,967 (92%) of the 25,920 

simulated data sets. The majority (i.e., 1,723) of the 1,953 cases with a GOPL 

smaller than .95, are situated in the conditions with 50% between-phase structural 

variance and/or 40% error variance. This implies that in these conditions the 

within-phase structural variance is easily masked by the error variance. 
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4.2.2.2. Model selection 

The stepwise model selection procedure selects the correct Switching PCA model – 

i.e., the correct number of phases C as well as the correct number of components 

Qc for each phase c – for 68% of the cases (4,413 out of 6,480). To investigate 

what went wrong for some data sets and why it went wrong (i.e., which data 

characteristics play a role), we inspect the model selection performance in more 

detail. In most cases (i.e., for 1,383 or 67% of the 2,067 simulated data sets with an 

incorrect model selection), the number of phases of the selected model is correct23. 

The majority of the mistakes against the number of phases (i.e., 574 out of 684) 

happen when the data contain more than two phases, that are unequal in length. For 

1,383 data sets, the selected model thus has a correct number of phases but an 

incorrect number of components within at least one phase. Most of these mistakes 

are found when four components are underlying one or more of the phases, when 

only 12 variables are available and/or when the data contain 40% error variance. 

 

4.3. Simulation study 2 

4.3.1. Design and procedure 

In Simulation study 2, we used the same seven factors and levels as in the first 

study and included an additional factor pertaining to serial dependencies. This 

factor was manipulated at 3 levels: [ acρ , ccρ ] equal to [.70, .00], [.00, .70], 

[.70, .70]. acρ  denotes the expected value of the lag-one autocorrelation among the 

component scores of each component within each phase. ccρ  indicates the expected 

correlation among the lag-one scores on component 1 and the scores on 

                                                           
23 The correctness of the retained number of phases is weakly correlated to the mean 
Morisita value (Lu, Smith, & Good, 1989) for overlap between subsequent phases, across 
all data sets, i.e., the Spearman correlation amounts to −.14 (p < .001). 
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component 2 (lag-one cross-correlation), within each phase with two or more 

components. 

For each cell of this design, five data matrices X were generated, yielding 

19,440 data matrices. The component score matrices cF  are sampled from a 

multivariate normal distribution, with the means equal to zero, the variances equal 

to one, the covariance between the first and second components equal to ccρ , and 

zero covariances among all other components in conditions with more than two 

components. Subsequently, to impose the lag-one cross-correlation, the scores on 

component 1 are shifted such that the nth score becomes the (n − 1)th score (note 

that the first score becomes the last score). Next, to each column of cF  a first-order 

recursive filter is applied to induce the lag-one autocorrelations (Hamilton, 1994). 

Finally, the resulting component scores are rescaled to an expected variance of one 

by multiplying them by 21 acρ− . Note that the filtering procedure does not affect 

the expected lag-one cross-correlation among components 1 and 2. All other 

matrices were generated as described for Simulation study 1. The resulting data 

sets were analyzed in the same way.  

 

4.3.2. Results 

With respect to model estimation, for only 629 or 3.24% of the data sets, the 

algorithm ended in a local minimum for sure. The average ARI equals .99 (SD = 

0.06), the average MADmeans 0.04 (SD = 0.18) and the average GOPL .97 (SD = 

0.06). As these results closely resemble those of Simulation study 1, we conclude 

that the performance of the Switching PCA algorithm is not affected by lag-one 

auto- and cross-correlations among the components. 

With respect to model selection, the correct Switching PCA model is 

selected for 60% of the simulated data sets, which is about 8% less than in 
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Simulation study 1. When looking at the three levels of serial dependencies 

separately, we find percentages of 57%, 69% and 54%, respectively. This implies 

that model selection is mainly affected by the lag-one autocorrelations in levels 1 

and 3 of factor 8. Because the number of phases is correctly assessed for 86% of 

these two types of data sets (i.e., for levels 1 and 3 of factor 8 combined), we 

conclude that especially the Qc-selection per phase has become more challenging. 

 

5. Illustrative application 

As an illustrative application, we collected and analysed cardio-respiratory 

recordings from a young, healthy man who underwent three different, 

experimentally induced states: resting baseline (11 min), inhalation of 7.5% 

CO2-enriched air (5 min), and recovery (6 min) This procedure is regularly used in 

the context of research on panic or respiratory symptom perception (e.g., Pappens 

et al., 2012; Fannes et al., 2008), and was approved by the local ethical committee. 

The participant wore a face mask that was connected to a non-rebreathing valve 

allowing for the separation of inspiratory and expiratory air. A wide tube (60 cm 

long, with a diameter of 5 cm) was connected to the inspiratory side of the 

non-rebreathing valve and led through the wall to the experimenter room. At the 

experimenter side, a three-way valve was mounted on this inspiratory tube that 

allowed the experimenter to switch between regular roomair and the CO2 mixture. 

The latter was decompressed from a gas cylinder and fed into a meteorological 

balloon that was attached to the valve.  

After providing his informed consent, the participant breathed roomair 

during a resting baseline. After 11 minutes, the valve was switched to the 7.5% 

CO2 mixture for 5 minutes. Finally, it was switched back to roomair for another 

6 minutes. The participant was unaware of both switches. Respiration and heart 

rate were measured continuously by means of respiratory inductive 
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plethysmography (RIP) and electrocardiography (ECG), using the LifeShirt 

System® (Vivometrics Inc., Ventura, CA). Two inductance belts at the level of the 

ribcage and the abdomen, sewn into a LifeShirt garment, were connected to a 

digital processing unit, including a data storage card. Vivologic software 

(Vivometrics Inc., Ventura, CA) was used to extract nine physiological variables 

(see Table 1) for each breath. The resulting data set contains 134 time points for the 

baseline, 66 time points for the CO2 inhalation, and 90 time points for the recovery 

states. More details on the nine variables can be found in Table 1. As the 

physiological variables are measured on different scales and these scale differences 

are not interesting from a substantive point of view, we rescaled each variable to a 

variance of one, and thus removed those arbitrary sources of variance from the 

data. 

As indirect cardiorespiratory recordings are very prone to measurement 

error, we visually inspected the recorded signals for movement artefacts. When 

comparing the time plots of inspiratory and expiratory volume, we found that in 

some breaths a high inspiratory volume co-occurred with a low expiratory volume, 

or vice versa. As the expiratory volume is normally strongly related to the 

inspiratory volume, this may indicate an artefact caused by movements, coughs or 

hiccups. Therefore, we removed time points for which expiratory volume differed 

more than one standard deviation from the inspiratory volume. As such, about 18% 

of the 290 time points were removed, leaving 115 time points from the baseline, 40 

time points from the CO2 inhalation and 84 time points from the recovery state.  

To start off the model selection procedure, Switching PCA analyses are 

performed with the number of phases C varying from one to six and the number of 

components Qc = Q varying from zero (i.e., only modeling the means) to four. In 

Figure 1 the VAF% values of the different Switching PCA solutions are plotted 

against Q for each value of C. When comparing the scree lines for the different 
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numbers of phases, we see that going from one to two phases and from two to three 

phases gives a large increase in the variance accounted for (especially for the lower 

Q-values), while adding more phases leads to substantially smaller improvements 

in fit. Therefore, three phases seem indicated for this data set. With respect to the 

scree line for three phases, the increase in fit seems to level off after three 

components. These observations are supported by the scree ratios in Table 2, which 

also point to three phases and three components per phase. 

 
Table 1: The nine variables of the physiological time series data set. 

Abbrev. Variable Description Measurement 
Unit 

ViVol inspiratory volume: volume of air inhaled during 
inspiration milliliter 

VeVol expiratory volume: volume of air inhaled during 
expiration milliliter 

Vent minute ventilation: amount of air displaced by breathing 
on a one minute basis liter/minute 

Ti inspiration time: duration of inspiration seconds 

Te expiration time: duration of expiration seconds 

Tt total respiration cycle time: duration of total breath cycle seconds 

PiaAB 

peak inspiratory acceleration of abdominal signal:  
maximum acceleration of the airflow during inspiration 
derived from the abdominal respiratory signal, an 
estimate of neural drive to inspire 

liter/seconds2 

HR heart rate: number of heart beats on a one minute basis beats/minute 

RR RR interval or cardiac interbeat interval: time between 
subsequent R-peaks of the electrocardiogram milliseconds 
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Figure 1: Percentage of total variance accounted for by Switching PCA solutions 

for the physiological time series data, with the number of phases varying from one 

to six and the number of components varying from zero to four. 

 

Subsequently, the best number of components is re-evaluated for each 

phase separately. The within-phase variances accounted for by the phase-specific 

PCA models are plotted against the number of components Qc in Figure 2. In this 

figure, we see an elbow at three, one and two components for phases one to three 

respectively. The phase-specific scree ratios in Table 3 confirm that three, one and 

two components seem optimal. 
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Table 2: Scree ratios for the numbers of phases C given the fixed numbers of 

components Q and averaged over the numbers of components (above), and 

for the fixed numbers of components Q given three phases (below), for the 

physiological time series data. The maximal scree ratio in each column is 

highlighted in boldface. 
 1 comp 2 comp 3 comp 4 comp average 
2 phases 1.47 1.31 2.69 1.52 1.75 
3 phases 2.81 1.47 1.18 2.05 1.88 
4 phases 1.48 1.89 1.85 1.17 1.60 
5 phases 0.98 2.59 1.46 0.94 1.49 
        
 3 phases     
1 components 1.60     
2 components 1.43     
3 components 1.89     

 

 

Table 3: Scree ratios for the numbers of components Qc for phase 1, phase 2 and 

phase 3, for the physiological time series data. The maximal scree ratio in each 

column is highlighted in boldface. 

 Phase 1  Phase 2  Phase 3 
 1 component 1.50  2.64  1.37 

2 components 1.26  1.33  2.07 
3 components 1.91  1.20  1.61 
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Figure 2: Percentage of within-phase variance accounted for by PCA solutions 

within phase 1 (baseline), phase 2 (CO2 inhalation) and phase 3 (recovery) for the 

physiological time series data, with the number of components varying from one to 

four. 

 

When we inspect the estimated phases of the selected model (which 

explains about 84% of the total variance in the data), the first phase includes 127 

time points, i.e., the baseline part of the experiment and the first 12 time points 

after the transition to CO2-enriched air, which suggests that the CO2 inhalation had 

a delayed effect on the level and the covariance of the physiological parameters. 

The second phase of the Switching PCA model contains the remaining time points 

of the CO2 inhalation and also the first eight time points of the recovery part of the 

experiment. The third phase comprises the remaining 76 recovery time points. 
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Thus, it seems warranted to label the three phases ‘baseline’, ‘CO2 inhalation’ and 

‘recovery’, respectively. 

Given the estimated phases, we first examine the differences in the means 
cx  (c = 1, 2, 3) in Table 4. Inspiratory (ViVol) and expiratory volumes (VeVol), 

minute ventilation (Vent) and the peak inspiratory acceleration (PiaAB) are 

obviously increased and respiratory timing parameters are decreased (more rapid 

breathing) in the CO2 inhalation phase compared to the baseline and recovery 

phases. This is exactly what can be expected when considering that inhaling 

CO2-enriched air leads to an increase in arterial CO2 pressure (pCO2), due to the 

excess level of CO2 in the blood (hypercapnic state), and thereby reflexively 

increasing the neuronal respiratory drive (as reflected in PiaAB; Cotton, Sheiban, 

& Engel, 1988; DiFiore et al., 1997) and concomittantly also minute ventilation 

(Pappens et al., 2012; Woods et al., 1986). An increased minute ventilation helps 

the body to get rid off the excess in CO2. This is primarly and mainly accomplished 

throughout an increase in tidal volume; an increase in breathing frequency typically 

occurs when a further increase in volume would become less cost-efficient (Woods 

et al., 1986). Compared to the baseline phase, heart rate is increased and the cardiac 

RR interval is decreased during the CO2 inhalation phase. This can be explained by 

the increased 'work of breathing' (i.e., the respiratory muscles must work harder) 

during the CO2 inhalation phase, as well as by the sympathetic activation 

associated with a hypercapnic state (Pappens et al., 2012). In the recovery phase, 

heart rate was still increased and respiratory timing parameters were still decreased, 

suggesting a slower or incomplete recovery in these parameters. This contrasts with 

the respiratory volumes and minute ventilation, which returned to their more 

natural levels (baseline).  
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Table 4: The overall means m (of the rescaled data) and the phase means cx  (in 

terms of deviations from the overall offsets) of the variables for the Switching 

PCA model with three phases for the physiological time series data. 
  Phase means 

 Overall 
means 

Phase 1: 
Baseline 

Phase 2: 
CO2 inhalation 

Phase 3: 
Recovery 

ViVol 3.17 −0.20 1.82 −0.53 
VeVol 3.13 −0.24 1.82 −0.47 
Vent 2.65 −0.39 1.94 −0.27 

Ti 3.18 0.39 −0.55 −0.40 
Te 3.79 0.17 −0.21 −0.19 
Tt 5.08 0.42 −0.56 −0.44 

PiaAB 1.39 −0.37 2.08 −0.38 
HR 10.77 −0.22 0.04 0.35 
RR 11.71 0.24 −0.01 −0.39 

 

The between-phase and within-phase variances of the different variables in 

Table 5, show that especially the respiratory volume and ventilation measures and 

the peak inspiratory acceleration vary strongly between phases, and consequently 

less within the phases, as can be expected from the above described effects of CO2 

inhalation and the recovery thereof. Moreover, the within-phase variances, 

expressed as proportions of the total variance of one per variable, indicate that all 

measures show the highest variability during the baseline phase and are relatively 

more stable within the CO2 inhalation and recovery phases. This is consistent with 

the presence of an imperative metabolic drive to breathe during the CO2 phase, 

which is gradually decreasing again in the recovery phase, leaving less room for 

behavioral and random influences on breathing that typically add to variability.  
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Table 5: Between- and within-phase variances (proportions of the total 

variance) for the Switching PCA model with three phases for the physiological 

time series data. 

 Between 
phases 

Phase 1: 
Baseline 

Phase 2: 
CO2 inhalation 

Phase 3: 
Recovery 

ViVol .61 .27 .06 .07 
VeVol .60 .23 .09 .08 
Vent .67 .17 .08 .07 

Ti .18 .56 .09 .18 
Te .03 .62 .09 .26 
Tt .20 .50 .06 .24 

PiaAB .77 .11 .05 .07 
HR .07 .46 .20 .28 
RR .08 .47 .20 .25 

 

Next, we inspect the phase loading matrices given in Table 6, which are 

standardized and normalized varimax rotated to improve the interpretability. For 

the baseline phase, the first component can be labeled ‘ventilation by inspiration 

time’, given the highly positive loading of ventilation (Vent) and the highly 

negative ones of inspiration and total time (Ti, Tt). As such, this component 

suggests that increases in ventilation are associated with decreases in the 

inspiration time (and consequently also with decreases in the total time) and vice 

versa, and thus that the ventilation varies mostly because of variations in the speed 

of the inspiration. Similarly, the second component for the baseline phase can be 

called ‘volume and expiration time’, with higher respiratory volume scores (ViVol 

and VeVol) being associated with a longer expiration time (Te) (and consequently 

also with a longer total time Tt). This co-occurrence of a higher respiratory volume 

and a longer expiration time may be explained by the fact that the participant 

sighed a few times during the baseline, as a sigh is characterized by a quick, deep 

inspiration followed by a slower expiration. The third baseline component is a 
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heart rate component, indicating that a higher heart rate (HR) is – logically – 

related to a shorter RR interval.  

 

Table 6: Normalized varimax rotated standardized loadings for the Switching 

PCA model with three phases for the physiological time series data. Loadings 

greater than +/−.40 are highlighted in boldface. 

 Phase 1: 
Baseline  Phase 2:  

CO2 inhalation  Phase 3:  
Recovery 

 Vent by 
Ti 

Vol & 
Te HR  Vent by 

Ti+Vol & HR  Vent by 
Tt HR 

ViVol .06 .71 .16  .33  −.31 .11 
VeVol .15 .69 −.02  .47  −.28 .08 
Vent .60 .21 .31  .54  .55 .10 

Ti −.96 −.16 −.01  −.47  −.56 .09 
Te −.01 .92 −.22  .02  −.85 .00 
Tt −.79 .58 −.17  −.41  −.98 .06 

PiaAB .18 .16 .16  .23  .04 −.01 
HR .14 −.05 .98  .96  −.13 .99 
RR −.15 .05 −.98  −.96  .09 −.99 

 

The loadings on the single component of the CO2 inhalation phase indicate 

that a higher ventilation (Vent) is achieved by a higher respiration volume (ViVol 

and VeVol) as wel as by a faster inspiration (lower Ti and thus lower Tt), and is 

associated with an increase in heart rate (higher HR and lower RR).  

The first component of the recovery phase can be read as a ‘ventilation by 

total respiration time’ component, indicating that a decrease in ventilation (which is 

suggested by the phase means) is accomplished by slower breathing (higher Ti, Te 

and Tt). The second component of the recovery phase is a heart rate component, 

which is very similar to the third component of the baseline. 
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The finding that more components are needed to describe cardiorespiratory 

behavior in a resting state (baseline) then in a state where the respiratory system is 

heavily challenged by an imperative metabolic stimulus (i.e., CO2), is interesting. 

A stable CO2 pressure in the arterial blood (i.e., pCO2) is important and can be 

obtained by changing the respiratory timing and volume parameters in accordance 

with the production of CO2. Consequently, a normal breathing pattern is 

characterized by little variability in pCO2, relative to the variability in respiratory 

timing and volume parameters (Bruce & Daubenspeck, 1995). As such, breathing 

can be viewed as an instance of heterostasis (Davis, 1958), in which stability in one 

parameter (pCO2) is supported by variability in one or more other parameters 

(timing and volume components, peak inspiratory acceleration). From a dynamic 

system perspective, a healthy organism in a resting state should be able to flexibly 

generate appropriate responses to constantly changing demands. Such flexibility is 

assured by a variable system in which different components are only loosely 

coupled. However, when confronted with a demand that poses a threat to survival 

(e.g., excess levels of CO2), an organism leaves this flexible state and moves into a 

more specific constellation that aims to compensate for the distortion. Consistent 

with this idea, the above described results indicated that cardiorespiratory 

parameters covaried less and were rather loosely coupled during a baseline resting 

state, supporting the capacity to flexibly respond to changing demands. However, 

when the system was challenged by excessive CO2, all parameters became more 

coupled and behaved in synchrony in function of the imperative goal of increasing 

ventilation to get rid of the excess of CO2. As a consequence, fewer components 

are needed to describe cardiorespiratory behavior in this phase. In the recovery 

phase, cardiac and respiratory components became more loosely coupled again. 

A data set with experimentally induced states makes a good test for the 

Switching PCA model. Indeed, when we expect that the experimental 

manipulations influence the means and/or covariances of the variables to some 
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extent, we can apply Switching PCA to see whether it finds phases that are 

somehow related to the experimental manipulations. From the results above, we 

can conclude that Switching PCA was indeed able to distinguish between three 

phases in the physiological time series data which are clearly related to the 

experimental manipulations.  

 

6. Discussion 

Many behavioral research questions pertain to how the level and/or the covariance 

structure of a set of variables changes across time. Indeed, these phenomena are the 

corner stone of many psychological theories, where they are referred to as response 

patterning and synchronicity or coherence, respectively. Yet, by lack of appropriate 

models and associated algorithms most of the work on response patterning and 

synchronicity remains theoretical. Therefore, the development of methods like 

Switching PCA, which are able to capture both phenomena, is crucial to put such 

theories to the test.  

In the future, the Switching PCA model could be further improved by 

taking into account or even modeling serial dependencies among subsequent time 

points. On the one hand, whenever the data can be assumed to consist of smooth 

curves perturbed by measurement error, smoothness restrictions (e.g., Timmerman 

& Kiers, 2002) could be imposed on the component scores of each Switching PCA 

phase to obtain better interpretable within-phase models. On the other hand, one 

could explicitly model autocorrelations and cross-lagged covariances, since they 

are often theoretically interesting. For instance, in emotion theory, autocorrelations 

are used to measure emotional inertia or the tendency for affective states to be 

resistant to change (Koval & Kuppens, 2012), and cross-lagged covariances to 

measure augmentation or blunting of a certain emotion by another emotion at a 

previous time point (Pe & Kuppens, 2012). Building on the seminal ideas in 
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dynamic factor analysis (Molenaar, 1985), this could be modeled by means of 

lagged loading matrices (e.g., Timmerman, 2001), capturing the time-lagged 

effects of the underlying dimensions on the observed variable scores, or by 

allowing autoregressive effects among the scores on a component as well as cross-

lagged covariances between components. 

Secondly, the use of the AIC-based objective function (see Appendix) 

implies, amongst others, the assumption that error variances are identical across 

phases and variables. For empirical data this assumption will often not hold, 

however. The simulation studies of the current paper give some information on the 

effect of violations of this assumption, since random fluctuations in error variances 

occurred between the variables and phases but hardly influenced the Switching 

PCA performance. In future research, it would be useful to manipulate such 

differences more systematically and thoroughly examine the robustness of 

Switching PCA to differences in residual variance as well as to other violations of 

model assumptions. 

Thirdly, the Switching PCA model presented in this paper results in a crisp 

or hard partition into phases that does not take classification uncertainty into 

account. Yet, for some data sets, the separation between the phases may be less 

distinct and/or the transition from one phase to the next can be quite blurry. Thus, 

in future research, it may be worthwhile to develop a hidden markov chain variant 

of Switching PCA, yielding a probabilistic segmentation of the time series where 

the posterior probabilities of belonging to a certain phase indicate the degree of 

classification uncertainty for each time point. 

Finally, Switching PCA could be extended to incorporate the data of 

multiple subjects at once. Specifically, when time series data are available on the 

same set of variables for a number of subjects, it is possible that the same structural 

phases underlie the data of all the subjects. For instance, when some individuals are 
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exposed to the experimental manipulation of a certain emotion eliciting stimulus, it 

is reasonable to assume that the covariational changes in their physiological data 

may be similar. To gain insight into these structural changes, the same number of 

phases could be imposed on all subjects. Stated differently, the data of multiple 

subjects could be modeled by developing a switching variant of simultaneous 

component analysis (SCA; Kiers, 1990; Kiers & ten Berge, 1994; Timmerman & 

Kiers, 2003). 
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Appendix: Derivation of an AIC-based objective function for Switching PCA 

We start from the AIC (Akaike, 1974) to derive an objective function for Switching 

PCA that penalizes the complexity of the within-phase models. The AIC is given 

by: 

 2loglik( | ) 2 ,AIC fp= − +X M  (12) 

where loglik(X|M) denotes the log-likelihood of data X given model M and fp is 

the number of free parameters to be estimated. Assuming the residuals enj  to be 

independent and identically distributed as enj  ~ N(0,σ²), the log-likelihood of a 

Switching PCA model reads as follows: 
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    = − = − −       
 

X M  (13) 

Using 2ˆ SSE
N J

σ =  as a post-hoc estimator of the error variance σ² (Wilderjans, 

Ceulemans, Van Mechelen, & van den Berg, 2011), the log-likelihood boils down 

to: 

 ( ) ( ) ( )loglik( | ) 1 log 2 log log ,
2

N J N J SSEπ= −  + − +  X M  (14) 

where the first three terms are invariant across solutions and thus can be discarded 

when minimizing the objective function.  

The number of free parameters fp is given by: 

 ( ) ( ) ( )2

1 1
1 1 ( ) ,

C C
c c c c c

c c
fp C fp C J N Q JQ Q

= =

= − + = − + + + −∑ ∑  (15) 

where (C − 1) reflects the number of phase separations and fpc is the number of 

free parameters within each phase c, with the first three terms of fpc indicating the 

number of phase-specific variable means, component scores24, and loadings 

(Ceulemans & Kiers, 2006). The fourth term of fpc corrects for the rotational 

freedom. When estimating a model given specific values of C and Qc, all terms of 

fp are invariant except for the number of component scores, and can therefore be 

discarded. Thus, the following AIC-based objective function L is obtained: 

 ( )
1

log 2 .
C

c c

c
L NJ SSE N Q

=

= + ∑  (16)

                                                           
24 The number of free parameters includes the number of component scores because 
component analysis always provides estimates of the component scores, as opposed to 
factor analysis, wherein factor scores are usually not explicitely estimated. 



 

 

 



 

General discussion 
 

In this dissertation, new methods were presented for modeling between-

block and within-block differences in underlying covariance structure. In the latter 

case, also differences in means are taken into account. We have demonstrated that 

these methods technically complement methods that existed thus far. More 

importantly, our new methods are useful for answering topical substantive 

questions concerning measurement invariance, response pattering, and 

synchronization. Such research questions could, up to now, only be answered in a 

suboptimal way. Indeed, the added, empirical value of our new methods was 

illustrated by several applications throughout this dissertation. For instance, one 

can think of the interesting findings that the widespread drive for thinness 

hypothesis mainly holds for severe eating disorder patients (Chapter 1), that 

differences between countries in mean value levels seem to align with differences 

in the correlation structure (Chapter 5), and that some parameters of the 

cardiorespiratory system take on extreme values (response patterning) and 

synchronize when challenged by a high level of CO2 (Chapter 6). Even though we 

focused primarily on data and research questions from the behavioral sciences, 

similar questions arise in other fields of research as well (e.g., He, Merz, & Alden, 

2008; Lindquist, Waugh, & Wager, 2007; Qureshi & Compeau, 2009). We see two 

points of discussion, which may be tackled in future research, as elaborated below. 

 

Capturing between-block differences in within-block differences  

A first point of discussion is that we focused on either between-block or within-

block differences in this dissertation. When multivariate time series data are 

available for multiple subjects, it may be interesting to take it one step further and 

investigate between-block differences with regard to the within-block changes in 
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means and covariances. Even when different people can be assumed to go through 

the same phases (because clear-cut experimental manipulations are used), 

interesting research questions pertain to individual differences in the nature and 

timing of the response patterning and synchronization. In emotion research, 

studying such qualitative and quantitative differences is crucial for understanding 

(mal)adaptive emotional responding. For instance, many hypotheses on emotion 

regulation problems in mood disorders pertain to the timing, magnitude, and 

appropriateness of the emotional response across different channels (e.g., Waugh et 

al., 2012). Thus, models that parsimoniously grasp such individual differences 

would be very useful. 

When a number of subjects undergo the same experimental manipulations, 

the exact timing of the changes in means and covariances (e.g., the delay between 

the experimental manipulation and the onset of the response patterning and/or 

synchronization) are likely to differ across the individuals. To capture such 

differences, it seems indicated to specify a Switching SCA model, which constrains 

the phase-specific parameters (i.e., the means and component loadings) to be the 

same across persons, but allows the starting point of the different phases to vary 

across persons. 

Nevertheless, it is sometimes not realistic to expect that all subjects react to 

a certain emotion-eliciting stimulus in the same way and experience the same 

emotions. In that case, the generic idea underlying Clusterwise SCA may be useful 

to summarize qualitative differences in response patterning and synchronization. 

Specifically, in future research, a Clusterwise Switching SCA model may be 

developed, which assigns the subjects to mutually exclusive clusters according to 

their response patterns and synchronization processes, and specifies a separate 

Switching SCA model for each cluster. The phase-specific means of these models 

yield insight into between-subject differences in response patterns, whereas the 

phase-specific loadings shed light onto synchronization differences. 
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Extending the new methods stochastically 

A second important point of discussion is our choice to develop the new methods 

within a deterministic framework. Indeed, the Clusterwise SCA and Switching 

PCA methods make use of deterministic clustering strategies and component 

analysis, rather than mixture models and common factor analysis. Even though 

arguments can be raised for our choice – fewer distributional assumptions need to 

be made, no convergence problems in case of a small sample size – these 

arguments are mostly technical in nature. Therefore, one may wonder whether 

stochastic counterparts can be developed and what could be gained when doing so. 

The answer to the first question is trivial: yes, stochastic variants are possible. For 

Clusterwise SCA, this would imply a mixture model in which the data blocks are 

clustered based on their underlying factor structure. For Switching PCA, this would 

boil down to the development of a hidden markov chain variant of Switching PCA, 

where each latent state is characterized by state-specific means and factors and 

people may switch back and forth between these states. Below, we will focus on 

the second question and consider the potential advantages of extending 

Clusterwise SCA and Switching PCA into a stochastic framework, concentrating 

on substantive rather than technical benefits. 

First, the stochastic framework yields interesting new options for 

evaluating the obtained models (e.g., Vermunt & Magidson, 2005), i.e., inferential 

tools for examining parameter uncertainty (e.g., confidence intervals, estimates of 

classification uncertainty), for conducting hypothesis tests (e.g., testing whether the 

cluster- or phase-specific factor models really differ from one another), and for 

performing model selection (i.e., by means of the AIC and BIC criteria and 

extensions thereof). Substantive researchers typically rely on such tools when 

drawing conclusions. 
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Second, stochastic methods leave room for partial cluster or phase 

memberships (e.g., grade-of-membership model by Erosheva, 2006), implying that 

blocks (resp. time points) can have characteristics of more than one cluster (resp. 

phase). Such partial memberships are often more sensible than the hard clustering 

applied by Clusterwise SCA. For example, in case of multigroup cross-cultural 

data on values, one may expect the correlation structure of the values within a 

country to be affected by its closeness to a few prototypes (e.g., collectivistic, 

individualistic). Likewise, for the within-block case, it would be desirable to allow 

for partial phase memberships, especially around the phase transitions, as they are 

often not sudden and abrupt, but gradual. As an example, one can think of the 

gradual treatment effect of antidepressants and/or cognitive therapy on patients 

with major depressive disorder (DeRubeis et al., 2005). 

Third, many types of variables can be incorporated straightforwardly in a 

mixture or hidden markov model by using a generalized linear modeling approach, 

allowing for variables that are not normally distributed (e.g., Vermunt & 

Magidson, 2005). This is beneficial because many data sets include variables that 

are binary, categorical, and/or ordinal. As an example for the between-block case, 

cross-cultural data on values and norms may contain a nominal variable coding the 

religion of each inhabitant and ordinal data pertaining to their socioeconomic 

status. For a within-block example, think back to the cardiorespiratory application 

in Chapter 6, for which including a categorical variable that encodes the subjects’ 

sitting posture could have granted more insight into changes in means levels and 

covariation, since respiratory speed and volume may be strongly affected by a 

change in the sitting posture (Lin, Parthasarathy, Taylor, Pucci, Hendrix, & 

Makhsous, 2006). Also, when measuring physiological parameters during a 

number of experimentally induced emotional states (e.g., Christie & Friedman, 

2004), including categorical self-reports on the type and intensity of experienced 

emotions throughout the experiment can be interesting, given the debate in 
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affective science about whether changes in the physiological subsystem precede or 

follow from the experience of an emotion, and whether different emotions are 

characterized by distinct physiological signatures. 

Fourth, time series data typically involve serial dependencies, which we 

did not explicitly model in our deterministic methods. Given that common factor 

analysis assumes independence of subsequent factor scores, these dependencies 

have to be specified and taken into account by including auto- and cross-lagged 

regressive effects among the factors (Molenaar, 1985). Explicitly modeling such 

dependencies may also be substantively interesting. For instance, experience 

sampling studies on emotions have revealed that depressed subjects stay longer in 

the same affective state than non-depressed subjects (so-called emotional inertia, 

measured through autocorrelations; Koval & Kuppens, 2012). 
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