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In many psychological research domains stimulus-response profiles are explained by conjecturing
a sequential process in which some variables mediate between stimuli and responses. Charting sequen-
tial processes is often a complex task because (1) many possible mediating variables may exist, and
(2) interindividual differences may occur in the relationship between these mediating variables and the
response. Recently, Ceulemans and Van Mechelen (Psychometrika 73(1):107–124, 2008) addressed these
challenges by developing the CLASSI model. A major drawback of CLASSI is that it requires information
about the same set of stimuli for all participants (i.e., crossed data), whereas recently a number of data
gathering techniques have been proposed in which the set of stimuli differs across participants, yielding
nested data. Therefore we present the CLASSI-N model, which extends the CLASSI model to nested data.
A simulated annealing algorithm is proposed. The results of a simulation study are discussed as well as
an application to data concerning depression.

Key words: sequential processes, CLASSI, individual differences, binary data, clusterwise regression,
clustering.

1. Introduction

Many of the research questions facing psychological science are concerned with understand-
ing how people respond to particular circumstances or stimuli (so-called S-R profiles). Such
questions range from what determines consumer choice behavior in marketing research (Bigné,
Mattila, & Andreu, 2008), what drives stress reactions following important life events in health
psychology (Robinson, Garber, & Hilsman, 1995), examination of responses to certain tasks or
test items in educational or assessment settings (Knuth, Stephens, McNeil, & Alibali, 2006), to
studies of people’s emotional reactions in everyday situations (Mischel & Shoda, 1998). The ba-
sic issue that researchers are trying to address in these domains often involves understanding the
processes that drive such S-R profiles (why do people respond the way they do?), and how these
processes may differ across individuals (e.g., across different types of consumer or demographic
groups, across different types of patient groups, across students with different backgrounds, etc.).

To arrive at such an understanding, researchers often put forward a theoretical model in
which a number of mediating variables (M) intervene between the stimuli and the responses.
Such theories imply that the response comes about through a sequential S-M-R process, with
the stimulus eliciting the mediating variables, which, in turn are associated with a specific re-
sponse. For example, theories of emotion elicitation (Scherer, 1999) explain the experience of an
emotion in a particular situation by postulating that cognitive evaluations of the situation, called
appraisals, act as mediating variables (M) between the situations (S) and emotion (R) such that
(1) people appraise their circumstances on a number of criteria, and (2) specific appraisal out-
comes may elicit the experience of a particular emotion. When someone experiences anger, for
instance, this could be because he or she appraised an event as frustrating and blamed someone
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else for it, and because these appraisals are associated with anger for that individual. As a sec-
ond example, one may consider emotion regulation processes (Gross, 1998) aimed at increasing,
maintaining, or decreasing affective responses (Davidson, Jackson, & Kalin, 2000; Gross, 2001).
As such, emotion regulation implies the following sequential process: (1) a particular emotion
eliciting event (S) activates regulation strategies (M), and (2) such strategies may increase, main-
tain or decrease the initial affective response (R). For instance, when a person becomes angry
in a particular situation, he may try to regulate this feeling by hiding it from the outside world;
however, such inhibition often leads to an even more intense internal feeling of anger. Moreover,
many theories leave room for individual differences in the S-M and M-R links of the sequential
process (see, e.g., Kuppens, Van Mechelen, & Rijmen, 2008 and Van Mechelen & Hennes, 2009
for individual differences in emotion elicitation, and Koole, 2009 for individual differences in
emotion regulation).

Given data on the mediating variables and responses that people report for a number of
stimuli, obtaining a precise picture of the underlying sequential process can be a complex and
tedious task. Often, there are many different variables that possibly mediate between the stim-
uli and the response, and it is not always clear how they interrelate and differentially play a
role in driving the sequential process. To complicate things further, both the S-M and M-R pro-
cesses may be subject to individual differences. To deal with this complex task, it may be con-
venient to have at one’s disposal a data analysis tool that reduces the mediating variables to a
few mediating variable types and, at the same time, captures the individual differences in the
link between stimuli and mediating variables and in the link between mediating variables and the
response.

Recently, Ceulemans & Van Mechelen (2008) addressed these challenges by developing a
data analysis technique called CLASSI. CLASSI reduces the number of stimuli and mediating
variables by inducing a stimulus typology matrix and a mediating variable typology matrix from
the data. Furthermore, CLASSI induces an S-M person typology and an M-R person typology
from the data, with the S-M person types being characterized in terms of if <stimulus type>–
then <mediating variable type> rules and the M-R person types in terms of if <mediating
variable type>–then <response> rules. The S-M and M-R person types and their associated if-
then rules provide a summary description of the individual differences in the S-M and M-R links
of the sequential process under study.

A major drawback of CLASSI, however, is that it requires crossed data in that infor-
mation about the same set of stimuli should be available for all participants. Yet, recently,
a number of data collection methods, like experience sampling (Barrett & Barrett, 2001;
Csikszentmihalyi & Larsen, 1987), were developed that gather data in real-life, in that people
report on their responses to real-life stimuli. The resulting data are no longer crossed but nested
since the set of stimuli differs across persons (i.e., stimuli are nested within persons). There-
fore, in this paper we present a CLASSI method for nested data, called CLASSI-N. Because
the stimuli under study differ across subjects, summarizing individual differences in the S-M
link is not straightforward; therefore, CLASSI-N focusses on individual differences in the M-R
link.

The remainder of the paper will be organized as follows. In Section 2 the CLASSI-N method
is introduced. Section 3 covers the aim of and an algorithm for CLASSI-N analysis. In Section 4
the performance of the algorithm is evaluated by means of a simulation study. In Section 5, the
CLASSI-N method is illustrated by applying it to data about emotion regulation in depression.
In Section 6, we relate the CLASSI-N method to both the original CLASSI method and to other
techniques.
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TABLE 1.
Hypothetical data matrices XM and xR .

Person Situation XM : Mediating variables xR : Response
Threat to Other-blame Injustice Severe neg. Anger

self-esteem consequences

1 Conflict with sister 0 1 1 0 1
Sister moved far 1 0 0 1 1
Child sick 0 0 0 0 0
Child bad grades 1 1 1 1 1
Conflict with boss 1 0 0 1 1

2 Conflict with partner 1 0 0 1 1
Fail first exam 1 0 0 1 1
Fail second exam 1 1 1 1 1
Punished by parents 0 0 0 0 0

3 Bad news about health 0 0 0 0 0
Receiving bills 1 0 0 1 1
Conflict with child 0 1 1 0 0
Argument with partner 0 0 0 0 0

4 Conflict with boss 0 1 1 0 0
Fail job interview 1 0 0 1 1
Missed train 0 0 0 0 0

5 Fell while walking 0 0 0 0 0
Conflict with partner 1 0 0 1 1
Got parking ticket 0 1 1 0 0

2. The CLASSI-N Model

2.1. Data

CLASSI-N requires that for K persons and for Ik (k = 1, . . . ,K) person-specific stimuli,
information is available about the absence or presence of J mediating variables and about the
response under investigation. The data of person k are represented in a binary Ik ×J mediating
variable data matrix XM

k and a binary Ik × 1 response data vector xR
k . Concatenating the data of

all persons yields a binary I × J mediating variable data matrix XM and a binary I × 1 response
data vector xR , with I = ∑K

k=1 Ik . In the remainder of this section, we will use the hypothetical
data matrix XM and data vector xR in Table 1 as a guiding example. Table 1 shows for 19 person-
situation combinations, whether or not the situation activates each of four appraisals in the person
and whether or not the person feels angry in the situation.

2.2. Model

As stated in the introduction, studying sequential S-M-R processes can be a complex task
because many mediating variables may be involved. Moreover, the if <mediating variable>–
then <response> rules may be subject to individual differences. In this section, we discuss how
CLASSI-N deals with both complicating factors by reducing the mediating variables to a few
mediating variable types and by summarizing the individual differences in the if <mediating
variable>–then <response> rules.

2.2.1. Submodel for the Reconstruction of XM : Reduction of the Mediating Variables To
reduce the mediating variables to a few mediating variable types, CLASSI-N decomposes the
I × J mediating variable data matrix XM into a binary J × Q mediating variable typology
matrix M and a binary I × Q mediator profile matrix S. The mediating variable typology, which
is represented in M, is a partition implying that the different types are mutually exclusive and
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TABLE 2.
(2,2) CLASSI-N decomposition of XM and xR in Table 1.

Mediator profile matrix S Mediating variable typology matrix M
Person Situation Mediating variable Mediating variable Mediating variable

type type
MT1 MT2 MT1 MT2

Person 1 Conflict with sister 0 1 Threat to self-esteem 1 0
Sister moved far 1 0 Other-blame 0 1
Child sick 0 0 Injustice 0 1
Child bad grades 1 1 Severe neg. conseq. 1 0
Conflict with boss 1 0

Person 2 Conflict with partner 1 0 Person typology matrix P
Fail first exam 1 0 Person Person type
Fail second exam 1 1 PT1 PT2
Punished by parents 0 0 1 1 0

2 1 0
Person 3 Bad news about health 0 0 3 0 1

Receiving bill 1 0 4 0 1
Conflict with child 0 1 5 0 1
Argument with partner 0 0

Person 4 Conflict with boss 0 1
Fail job interview 1 0
Missed train 0 0 Linking matrix L

Mediating variable type Person type
Person 5 Fell while walking 0 0 PT1 PT2

Conflict with partner 1 0 MT1 1 1
Got parking ticket 0 1 MT2 1 0

nonempty. Therefore, the rows of M are restricted to sum to 1 and the columns to at least 1, with
each entry indicating whether (1-entry) or not (0-entry) the corresponding mediating variable
belongs to the type in question. For example, from Table 2, which shows a CLASSI-N solution
with two mediating variable types and two person types for the data in Table 1, it can be derived
that the appraisals of ‘threat to self-esteem’ and ‘severe negative consequences’ constitute the
first mediating variable type MT1, which can be labeled ‘harm’, and the appraisals of ‘other-
blame’ and ‘injustice’ constitute the second mediating variable type MT2, which can be labeled
‘external attribution’.

The mediator profile matrix S specifies for each of the person-stimulus combinations which
of the mediating variable types it activates, where a 1-entry (respectively, a 0-entry) indicates
activation (respectively, no activation). For example, from the mediator profile matrix S in Ta-
ble 2, it can be concluded that when Person 1’s child came home with bad grades, this situation
activated the harm appraisals in mediating variable type 1 (MT1) as well as the external attribu-
tion appraisals in mediating variable type 2 (MT2), whereas the situation in which the same child
was sick, activated none of the appraisals. Note that the CLASSI-N method does not take into
account that different persons may encounter very similar stimuli (for instance, both Persons 1
and 4 report on a situation ‘conflict with boss’), in that CLASSI-N allows such similar stimuli to
elicit different mediating variable types in these persons.

Given matrices M and S, the mediating variable data matrix XM can be reconstructed by
means of the following rule: A stimulus ik will activate mediating variable j in person k (i.e.
x̂M
ikj

= 1) if and only if stimulus ik activates the mediating variable type MTq to which mediating
variable j belongs. For example, it can be deduced from Table 2 that Person 4 experienced a
threat to his self-esteem when he failed in a job interview because the mediator profile matrix S
indicates that this situation elicits mediating variable type MT1 in Person 4, to which the appraisal
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of threat to self-esteem belongs. This rule can be formalized as follows:

xM
ikj

≈ x̂M
ikj

=
Q⊕

q=1

sikqmjq, (1)

where mjq indicates the entries of the mediating variable typology matrix M and sikq indicates
the entries of the mediator profile matrix S. Note that ⊕ denotes the Boolean sum (i.e., 1⊕1 = 1).

2.2.2. Submodel for the Reconstruction of xR: Individual Differences in the if <Mediating
Variable Type>–then <Response> Rules To capture individual differences in the if <media-
ting variable type>–then <response> rules, the CLASSI-N method induces a binary K × T

person typology matrix P and a binary Q × T linking matrix L. The person typology matrix P
represents the partition of the K persons into T person types. For example, from Table 2 it can
be derived that Persons 1 and 2 constitute the first person type PT1 and that Persons 3, 4, and 5
constitute the second person type PT2.

The linking matrix L specifies the if <mediating variable type>–then <response> rules for
each person type separately, where a 1-entry indicates that the corresponding mediating variable
type elicits the response under investigation from the person type at hand and a zero-entry indi-
cates that this is not the case. For example, from the linking matrix L in Table 2 it can be derived
that both harm appraisals (MT1) and external attribution appraisals (MT2) are sufficient to elicit
anger from persons belonging to PT1. On L the restriction is imposed that the if <mediating
variable type>–then <response> rules of the person types have to differ, implying that no col-
umn of L may equal another column of L.

Given P and L, the response data vector xR can be reconstructed as follows: A stimulus ik
will activate the response under investigation in person k (i.e., x̂R

ik
= 1) if stimulus ik activates at

least one mediating variable type in person k that elicits the response under investigation from
the person type to which k belongs. For example, from Table 2 it can be read that Person 3
became angry when he received a bill, since this situation activated ‘harm’ appraisals (MT1)
in Person 3, which are sufficient to elicit anger from person type 2 (PT2) to which Person 3
belongs. Similarly, it can be concluded from Table 2 that Person 3 did not feel angry when he
had a conflict with his child, since this situation activated ‘external attribution’ appraisals (MT2)
which are not sufficient to elicit anger from PT2 to which Person 3 belongs. This decomposition
rule can be formalized as follows:

xR
ik

≈ x̂R
ik

=
Q⊕

q=1

T⊕

t=1

sikqpkt lqt , (2)

where sikq indicates the entries of the mediator profile matrix S, pkt indicates the entries of the
person typology matrix P, and lqt indicates the entries of the linking matrix L.

2.2.3. Graphical Representation A CLASSI-N solution can be given a comprehen-
sive graphical representation. For example, Figure 1 shows a graphical representation of the
CLASSI-N solution in Table 2. This figure can be obtained by first displaying the mediating
variable types by means of boxes in the middle of the figure. Next, person-stimulus combina-
tions that activate the same mediating variable types are grouped together in boxes on the left side
of the figure and arrows are drawn between the person-stimulus combination boxes and the medi-
ating variable type boxes to indicate which mediating variable types are activated by each of the
person-stimulus combinations. For instance, from Figure 1 it can be read that the situations ‘fail
first exam’ (Person 2) and ‘fail job interview’ (Person 4) both activate ‘harm’ appraisals but not
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FIGURE 1.
Graphical representation of the (Q,T ) = (2,2) CLASSI-N decomposition of XM and xR in Table 2.

‘external attribution’ appraisals. Next, in the lower right corner of the graphical representation,
the person types are represented by a stack of boxes. Finally, the if <mediating variable type>–
then <response> rules are indicated by interconnecting the mediating variable type boxes with
the response under investigation, using different line styles for each person type. For instance,
from Figure 1 it can be derived that for Person 1, who belongs to PT 1, both mediating variable
types are sufficient to elicit anger.

2.2.4. Uniqueness With respect to the uniqueness of a CLASSI-N decomposition of a re-
constructed data matrix X̂M and reconstructed vector x̂R , the following uniqueness theorem can
be proved (see Appendix): If a (Q,T ) CLASSI-N decomposition of an I × J binary recon-
structed data matrix X̂M and a I × 1 binary reconstructed data vector x̂R exists, such that for
all persons k (k = 1, . . . ,K) and all mediating variable types MTq (q = 1, . . . ,Q) at least one
stimulus ik exists that activates this mediating variable type only (i.e., sikq ′ = 1 iff q = q ′), this
decomposition is unique upon a permutation of the mediating variable types and the person types.

More specifically, this theorem implies that when for a particular person information is miss-
ing on the separate effect of one or more mediating variables types—i.e., a mediating variable
type never occurs or always occurs in combination with other mediating variable types—this per-
son can sometimes be assigned to multiple person types without altering the reconstructed data.
For example, if two person types only differ with respect to the effect of a particular mediating
variable type, a person for whom this latter type never occurs may be assigned to either of these
person types without changing x̂R . Moreover, in case a mediating variable type never occurs or
is always activated together with other mediating variable types for all persons that belong to a
particular person type, it is also possible that two or more different linking matrices L lead to
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the same reconstructed data vector x̂R , implying that the linking matrix is not unique. However,
we never encountered a non-unique linking matrix in practice, neither in the simulation study
nor in the analysis of several real data sets. We conclude that in case CLASSI-N solutions are
non-unique, this almost always pertains to specific parts of the person typology matrix P without
affecting S, M and L. Therefore, it may be more fair to refer to this phenomenon as partial non-
uniqueness. In the application in Section 5, this partial non-uniqueness will be further illustrated,
showing that it is not problematic.

3. Data Analysis

3.1. Aim

Given a binary I × J mediating variable matrix XM and a binary I × 1 response vector xR

and given complexity (Q,T ), the aim of a CLASSI-N analysis is to look for the reconstructed
binary I × J mediating variable matrix X̂M and the reconstructed binary I × 1 response vector
x̂R that have a minimal value on the following least squares loss function:

L =
K∑

k=1

Ik∑

ik=1

J∑

j=1

(
x̂M
ikj

− xM
ikj

)2 +
K∑

k=1

Ik∑

ik=1

(
x̂R
ik

− xR
ik

)2 (3)

and that can be represented by a CLASSI-N solution of the specified complexity. However, the
complexity (Q,T ) of the CLASSI-N solution that best describes a given data set without being
overly complex is often unknown. As a way out, one will usually fit CLASSI-N solutions of
different complexities to these data. Note that solutions with T > 2Q can be discarded, because in
such solutions some columns of L will be identical, implying that a solution with one less person
type exists that fits the data equally well. Having obtained CLASSI-N solutions of different
complexities, a final solution may be selected on the basis of formal model selection heuristics
(which weigh the fit of the different solutions against the complexity), the interpretability of the
solutions, and their stability.

3.2. Algorithm

In this subsection, we propose a simulated annealing (SA) algorithm for fitting a (Q,T )

CLASSI-N solution to a given data matrix XM and data vector xR and thus for estimat-
ing a mediator profile matrix S, a mediating variable typology matrix M, a person typol-
ogy matrix P, and a linking matrix L of the prespecified complexity. Simulated anneal-
ing (for a general introduction, see Aarts, Korst, & Michiels, 2005) is a local search tech-
nique that is often used for complex combinatorial optimization problems (Brusco, 2001;
Trejos & Castillo, 2000; Wilderjans, Ceulemans, & Van Mechelen, 2008). Making use of the
pseudo code in Algorithm 1 and the associated notation in Table 3, we first recapitulate the
general principle of the SA algorithm and subsequently discuss the specific implementation for
fitting CLASSI-N solutions.

Given an initial solution to the problem at hand, the current solution Scurrent with an as-
sociated loss function value Lcurrent, SA generates a sequence of trial solutions Strial with as-
sociated loss function values Ltrial. These trial solutions are constructed by changing one or a
few randomly selected parameter values of Scurrent. If the trial solution fits the data better than
the current solution (Ltrial < Lcurrent), Strial is always accepted and Scurrent is replaced by Strial.
However, since only accepting better fitting solutions would make the algorithm susceptible to
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Algorithm 1 The SA algorithm for CLASSI-N analysis.
α = 0.90;
Lbest := IJ + I ;
initialize Tcurrent;
initialize Scurrent and associated Lcurrent;
repeat

igen := 0;
iacc := 0;
while (igen < (IQ + JQ + KT + QT )) and (iacc < 0.1 ∗ (IQ + JQ + KT + QT )) do

igen := igen + 1;
generate Strial by changing random parameter value;
if M was changed then

update S;
end if
update Ltrial;
draw h from U(0,1)

if (Ltrial < Lcurrent) or (h < exp(
Lcurrent−Ltrial

Tcurrent
)) then

if Ltrial < Lbest then
Sbest := Strial;
Lbest := Ltrial

end if
Scurrent := Strial;
Lcurrent := Ltrial;
iacc := iacc + 1

end if
end while
Tcurrent := α ∗ Tcurrent;

until (Tcurrent ≤ 0.000001) or (iacc = 0);
return Sbest;

local minima, sometimes also worse fitting trial solutions (Ltrial ≥ Lcurrent) are accepted. More
specifically, these worse fitting trial solutions are accepted with probability:

pacc = exp

(
Lcurrent − Ltrial

Tcurrent

)

, (4)

where Tcurrent indicates the temperature of the algorithmic process (the term temperature stems
from the algorithm’s analogy to metallurgical cooling processes), with Tcurrent > 0. Tcurrent is
initially set high, leading to the acceptance of many worse fitting trial solutions. During the
algorithm, each time a prespecified cooling criterion is met, Tcurrent is decreased. This cooling
is usually done by multiplying Tcurrent by a cooling factor α (0 < α < 1). The lower Tcurrent

becomes, the lower the probability that a worse fitting trial solution will be accepted. In the
end, pacc approaches 0. As a consequence, no more worse trial solutions are accepted. Thus, the
algorithm converges on a specific solution and the best obtained solution is returned.

To estimate CLASSI-N solutions, the SA algorithm is implemented as follows: First, Scurrent

is initialized randomly. More specifically, the mediating variable and person typology matrices
(M and P) are generated by drawing type memberships from a multinomial distribution with
the probabilities of each type set to 1 divided by the number of types, subject to the restriction
that each type contains at least one element. The entries of the linking matrix L are independent
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TABLE 3.
Notation for the SA algorithm for CLASSI-N analysis.

Label Indicates

Scurrent, Strial, Sbest The current solution, the trial solution, and the best encountered
CLASSI-N solution

Lcurrent, Ltrial, Lbest The loss function value of the current, trial, and best encountered
CLASSI-N solution

Tcurrent The current temperature

α The cooling factor by which Tcurrent is multiplied to reduce the tem-
perature, 0 < α < 1

igen The number of trial solutions that have already been generated at the
current temperature

iacc The number of trial solutions that have already been accepted at the
current temperature

realizations of a Bernouilli variable with parameter value 0.5, subject to the restriction that no col-
umn of L equals another column. Next, the mediator profile matrix S is estimated conditionally
upon the current M, P, and L matrices by means of greedy Boolean regression (Leenen & Van
Mechelen, 2001). Note that due to a separability property of the loss function value (Chaturvedi
& Carroll, 1994), the mediator profile of each person-stimulus combination can be estimated
separately.

Second, trial solutions are generated by altering the type membership of one randomly cho-
sen mediating variable in M or person in P or the value of one randomly chosen entry of the
linking matrix L, with all mediating variable and person type memberships and all entries of the
linking matrix L having an equal chance of being altered. When altering the type membership
of a mediating variable or person, the restriction is imposed that all types must contain at least
one element. When altering the if <mediating variable>–then <response> rules, it is required
that no column of L equals another column. Because of the relatively large size of the mediator
profile matrix S, estimating its entries by randomly altering one entry at a time would make esti-
mating CLASSI-N solutions very intensive if not infeasible. Therefore, we opted to update S by
means of greedy Boolean regression each time the mediating variable matrix M is altered. Note
that updating S each time P, M, or L are altered, would also be too computationally intensive
since the number of persons and thus P will often be large.

Third, the initial Tcurrent was chosen so as to result in an average acceptance probability of
0.80 (Aarts et al., 2005). Fourth, on the basis of some pilot studies, the cooling factor α was
set to 0.90 (typical values of α lie between 0.8 and 0.99, Aarts et al., 2005; Trejos & Castillo,
2000). Fifth, Tcurrent is cooled down when either IQ+JQ+KT +QT trial solutions have been
generated or 0.1 ∗ (IQ + JQ + KT + QT ) trial solutions have been accepted (see e.g. Brusco,
2001; Kirkpatrick, Gelatt, & Vecchi, 1983), which implies that the number of trial solutions
depends on the size of the data set and the complexity (Q,T ) of the obtained CLASSI-N solution.
Moreover, at lower temperatures, when the SA algorithm is generally exploring more interesting
subsets of solutions (Kirkpatrick et al., 1983), more trial solutions are generated and evaluated.
Sixth, the algorithm stops when Tcurrent ≤ 0.000001 or when no Strial has been accepted at a
specific value of Tcurrent (Kirkpatrick et al., 1983; Trejos & Castillo, 2000).

Finally, in order to avoid local minima, we opt to run the CLASSI-N algorithm 25 times,
where each run starts from a different random initialization of Scurrent. From the 25 resulting
CLASSI-N solutions, only the solution with the lowest loss function value is retained. On the
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obtained solution a postprocessing procedure can be applied to identify the persons for whom
not enough information is available to uniquely assign them to a person type. Specifically, the
postprocessing procedure indicates to which person types these persons can be assigned without
altering the reconstructed data vector x̂R . Moreover, this procedure also flags all entries of the
linking matrix L that can be changed in value without affecting x̂R .

4. Simulation Study

In this section, we will discuss the results of a simulation study that was conducted in order
to evaluate the performance of the CLASSI-N algorithm. Specifically, to evaluate how well the
algorithm succeeds in minimizing the loss function (goodness-of-fit), it was examined how often
the CLASSI-N algorithm returned a local minimum. Furthermore, it was assessed how well the
algorithm succeeds in recovering the underlying truth (goodness-of-recovery) both on the level
of the entries of the reconstructed data sets and on the level of the underlying typology, mediator
profile and linking matrices.

First, the design and procedure of the simulation study will be described. Next, the results
concerning local minima will be discussed, followed by the goodness-of-recovery results.

4.1. Design and Procedure

The evaluation of the algorithm involves three different pairs of an I × J binary matrix and
a I × 1 binary vector: true matrices and vectors, data matrices and vectors, and reconstructed
data matrices and vectors. The true matrices TM and true vectors tR , which can be perfectly
represented by a (Q,T ) CLASSI-N solution, were generated as follows: The typology matrices
M and P were obtained by randomly assigning each element to a type where all types had equal
probability of being assigned to, subject to the restriction that all types must contain at least one
element. The entries of the linking matrix L and the mediator profile matrix S were independent
realizations of a Bernouilli variable with a probability parameter of 0.5, subject to the restriction
that L contains no identical columns. Subsequently, combining the P, M, S and L matrices by
means of the CLASSI-N reconstruction rules (Equations (1) and (2)) yielded true matrices TM

and true vectors tR . Next, data matrices XM and data vectors xR were obtained by altering the
value of ε × 100 randomly chosen entries of TM and tR , where ε indicates the error level (see
below). Finally, reconstructed data matrices and vectors X̂M and x̂R were acquired by analyzing
the data matrices XM and vectors xR with the CLASSI-N algorithm in complexity (Q,T ).

The simulation study had a trifactorial design. More specifically, the following three factors
were manipulated.

(a) The Size, (I ,J ); i.e. the number of person-stimulus combinations I = ∑K
k=1 Ik was var-

ied at three levels: K = 25 and Ik ∼ bin(100,0.50), K = 50 and Ik ∼ bin(150,0.50),
and K = 100 and Ik ∼ bin(200,0.50), while the number of mediating variables J was
varied at two levels: J = 12 and J = 24. Thus, fully crossing the three levels for I and
the two levels for J , this factor consisted of six different levels.

(b) The True complexity, (Q,T ), of the CLASSI-N solution for TM and tR was varied at
nine levels: (2,2), (2,3), (2,4), (3,2), (3,3), (3,4), (4,2), (4,3), (4,4).

(c) The Error level, ε, which is the proportion of entries xM
ikj

(resp. xR
ik

) differing from tMikj

(resp. tRik
), varied at three levels: 0.00, 0.10, 0.20.

Five data sets were generated for each combination of Size, Complexity and Error level, yielding
6 (Size) × 9 (Complexity) × 3 (Error level) × 5 (replicates) = 810 simulated data sets. To
decrease the probability of ending up in a local minimum, we ran the CLASSI-N algorithm 25
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times in the true complexity where each run started from a different random initialization of the
current solution. From the 25 resulting CLASSI-N solutions, the solution with the lowest loss
function value (Equation (3)) was retained. The average CPU time per run of the algorithm was
approximately 308.71 seconds. However, for the smallest data sets CPU time per run was only
a few seconds while for the largest, most complex datasets CPU times for one run could exceed
one hour. In total, the CPU time for the whole simulation study amounted to approximately
6.24 × 106 seconds.

4.2. Local Minima

In this subsection, we examine whether or not the CLASSI-N algorithm tends to end in
a local minimum. This question is not a simple one to answer since in all cases in which the
simulated data matrices XM and vectors xR are obtained by perturbing TM and tR with nonzero
random error, the global minimum for the CLASSI-N analysis of XM and xR is unknown. As a
way out, we compare the loss function value L (Equation (3)) of the obtained CLASSI-N solution
to the badness-of-data (BOD) value

BOD =
K∑

k=1

IK∑

ik=1

J∑

j=1

(
xM
ikj

− tMikj
)2 +

K∑

k=1

IK∑

ik=1

(
xR
ik

− tRik

)2
. (5)

This BOD-value can be considered an upper bound for the loss function value L of the global
minimum of the CLASSI-N analysis with complexity (Q,T ). Therefore, if L > BOD, we are
certain the algorithm yielded a local minimum. However, L ≤ BOD does not imply that the
algorithm found the global minimum, since there may exist other X̂M and X̂R pairs that are
closer to XM and xR than the obtained solution.

Comparing the loss function value L of the best obtained CLASSI-N solution across 25 runs
of the algorithm with the BOD value, revealed that L exceeded the BOD value for 63 of the 810
data sets (8%), that L was equal to the BOD value in 278 of the 810 data sets (34%), and that
L was smaller than the BOD value for the other 469 data sets (58%). Although the CLASSI-N
algorithm ended for sure in a local minimum for 8% of the data sets, the obtained solutions for
these 63 data sets still fitted the data reasonably well:

L − BOD

IJ + I
(6)

equaled on average 0.002, implying that the obtained solutions yielded only 0.2% more er-
roneously reconstructed data entries than the true solutions. These results suggest that the
CLASSI-N algorithm succeeds rather well in minimizing the loss function.

To investigate further the issue of local minima, we examined how many of the 25 runs
per simulated data set ended in a solution with a loss function value equal to the loss function
value of the best obtained solution for that data set. On average, this was the case for 8.00 of the
25 runs (SD = 10.22), with the average standard error of the mean (SEM) per cell of the design
amounting to 1.08. An analysis of variance with Size, Complexity, and Error level as independent
variables and the number of runs as dependent variable yielded an intraclass correlation ρ̂I (Hag-
gard, 1958; Kirk, 1995) of 0.74 for the main effect of Error level. Specifically, the more error the
data contained, the lower the number of runs that ended in a solution with a loss function value
equal to that of the retained solution. Note that in this and the following analyses of variance
only effects accounting for at least 10% of the variance of the dependent variable are considered
(i.e., ρ̂I ≥ 0.10). We conclude that 25 runs is usually sufficient to obtain a good solution when
not much error is present in the data. However, when one expects the amount of error in the data
to be large, one could consider increasing the number of runs.
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TABLE 4.
Mean Badness-of-Recovery values at different levels of Size × Error.

Size Error level
0.00 0.10 0.20 Overall

K = 25, J = 12, E(Ik) = 50 0.0000 0.0242 0.0846 0.0363
K = 50, J = 12, E(Ik) = 75 0.0000 0.0251 0.0849 0.0367
K = 100, J = 12, E(Ik) = 100 0.0001 0.0249 0.0877 0.0376
K = 25, J = 24, E(Ik) = 50 0.0001 0.0046 0.0309 0.0119
K = 50, J = 24, E(Ik) = 75 0.0001 0.0043 0.0314 0.0120
K = 100, J = 24, E(Ik) = 100 0.0005 0.0052 0.0316 0.0124

Overall 0.0002 0.0147 0.0585 0.0245

4.3. Goodness-of-Recovery

The goodness-of-recovery of the 810 obtained CLASSI-N solutions will be evaluated both
on the level of the entries of the true matrices TM and vectors tR as well as on the level of the
underlying typologies, mediator profiles and linking matrices.

4.3.1. Recovery of TM and tR To evaluate the recovery of the entries of the true matrices
and true vectors, we computed a badness-of-recovery (BOR) value based on the proportion of
discrepancies between the reconstructed data matrices and vectors, X̂M and X̂R , and the corre-
sponding true matrices and vectors, TM and tR :

BOR =
∑K

k=1
∑IK

ik=1

∑J
j=1(x̂

M
ikj

− tMikj
)2 + ∑K

k=1
∑IK

ik=1(x̂
R
ik

− tRik
)2

IJ + I
. (7)

First of all, the BOR values were quite stable within the cells of the design, as on average, the
standard error per cell amounted to 0.00. For 264 of the 810 data sets, the BOR value exactly
equaled 0, indicating that the true matrices were reconstructed perfectly. For these data sets,
we checked whether the obtained solution was unique. Note that the other data sets cannot be
used for studying uniqueness, because differences in model parameters can either be due to non-
uniqueness, or to the fact that the reconstructed matrices differ from the true matrices. For only
one of these 264 data sets could one person be switched from one person type to another without
altering the reconstructed data vector xR . This was due to the fact that for the person in question
one of the mediating variable types always occurred together with a second mediating variable
type, implying that the effect of the first mediating variable type could not be evaluated properly.
The mean BOR value of the other 546 data sets equaled 0.04 (SD = 0.03), which means that the
reconstructed data matrices yielded by the algorithm differed on average 4% from the underlying
true matrices. Taking into account that given the goodness-of-fit results, at most 278 data sets
could be reconstructed perfectly, these results imply that the CLASSI-N algorithm succeeds quite
well in recovering the underlying truth.

An analysis of variance with BOR as the dependent variable and Size, Complexity, and Error
level as independent variables yielded an intraclass correlation of 0.61 for the main effect of Error
level: The more error, the worse the recovery (see Table 4). Also, an interaction effect between
Size and Error level was found (ρ̂I = 0.16), indicating that the effect of Error level becomes less
pronounced when the number of mediating variables increases.

4.3.2. Recovery of Typologies, Mediator Profiles and Linking Matrices To evaluate the re-
covery of the underlying true typology matrices and true mediator profile matrices, the corrected
Rand index (Hubert & Arabie, 1985) was used. This index equals 1 if the mediator profiles and
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TABLE 5.
Mean corrected Rand Index for the mediator profile matrices S at different levels of Complexity × Error.

Error level
Complexity 0.00 0.10 0.20 Overall

Mediator profile (2,2) 1.000 0.974 0.813 0.929
matrices S (2,3) 1.000 0.961 0.815 0.925

(2,4) 1.000 0.975 0.824 0.933
(3,2) 1.000 0.873 0.634 0.836
(3,3) 1.000 0.891 0.621 0.838
(3,4) 0.994 0.862 0.622 0.826
(4,2) 1.000 0.749 0.447 0.732
(4,3) 1.000 0.757 0.436 0.731
(4,4) 0.998 0.762 0.433 0.731

Overall 0.999 0.867 0.627 0.831

typology matrices are recovered perfectly and 0 when the true and reconstructed typologies and
mediator profiles do not correspond more than expected by chance. Because the corrected Rand
index can only be used for comparing partitions, the mediator profile matrices were reformu-
lated into partition matrices that assign the person-stimulus combinations to 2Q partition classes,
where each partition class contains all the person-stimulus combinations that activate a particular
subset of mediating variable types.

For the mediating variable typologies, the corrected Rand indices always equaled 1. This
implies that for all data sets the mediating variable typology matrix M was reconstructed per-
fectly.

With a mean corrected Rand index of 0.83 (SD = 0.21, average SEM = 0.01), the mediator
profile matrix S was in general reconstructed reasonably well, implying a moderate to good re-
covery of the ‘true’ mediator profiles (Steinley, 2004). An analysis of variance with the corrected
Rand index for the mediator profile matrix S as dependent variable and Size, Complexity, and
Error level as independent variables yielded a main effect of Error level (ρ̂I = 0.59), indicating
that higher Error levels lead to lower Rand indices (see Table 5). Additionally, an interaction ef-
fect of Complexity and Error level was found (ρ̂I = 0.12), implying that the effect of Error level
becomes more pronounced when the number of mediating variable types increases.

With respect to the recovery of the person typology matrix P, the mean corrected Rand index
equaled 0.95 (SD = 0.13, average SEM = 0.03), indicating a very high correspondence between
the true and reconstructed person type matrices. An analysis of variance revealed a main effect
of Error level (ρ̂I = 0.21): The more error, the lower the corrected Rand index. Specifically, the
mean corrected Rand indices for 0%, 10%, and 20% error amounted to 1.00, 0.98, and 0.87,
respectively.

To evaluate the recovery of the linking matrix L, we computed the proportion of discrepan-
cies between the true and reconstructed linking matrices:

Q∑

q=1

T∑

t=1

(lTqt − lRqt )
2

QT
. (8)

As the person types and mediating variable types of CLASSI-N solution can be permuted without
altering the loss function value (3), we permuted the types so as to minimize (8). For only 38 out
of the 810 CLASSI-N data sets, the obtained proportion of discrepancies exceeded 0, indicating
that the linking matrix was recovered very well. An analysis of variance with (8) as dependent
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variable and Size, Rank, and Error as independent variables, revealed that none of the effects
explained more than 10% of the variance (ρ̂I < 0.10).

5. Illustrative Application

In this section, we illustrate the CLASSI-N method by applying it to data from a study
on emotion regulation. Emotion regulation refers to any process or strategy that is aimed at in-
creasing, maintaining, or decreasing affective responses (Davidson et al., 2000; Gross, 2001).
As such, emotion regulation can be considered a sequential S-M-R process in that a particu-
lar emotion eliciting event (S) is said to elicit one or several regulative processes (M) which in
turn can change or maintain the initial emotional response (R). These two links of this emo-
tion regulation process are subject to individual differences. First, people may differ in the ex-
tent that they use particular emotion regulation strategies (Gross, 2008; Gross & John, 2003).
Different emotion regulation strategies have different ease of use and some may be more pre-
ferred than others by certain individuals (Koole, 2009). Second, individuals also may differ
in their ability to use particular regulation strategies effectively (Hemenover, Augustine, Shul-
man, Tran, & Barlett, 2008). Different emotion regulation strategies involve different mecha-
nisms that may be facilitated or counteracted by specific individual characteristics (Koole, 2009;
O’Brien & DeLongis, 1996). Certain emotion regulation strategies may thus be more fitting and
suitable for some persons and less for others, resulting in better or, respectively, worse outcomes
(Hemenover et al., 2008).

In this application, the focus is on individual differences in the emotion of depression. With
respect to depression, emotion regulation research has mainly focused on the role of turning
one’s attention to one’s problems and thoughts, usually referred to as rumination, as this emotion
regulation strategy seems to play a crucial role in the development and maintenance of depressed
mood (Nolen-Hoeksema, Wisco, & Lyubomirsky, 2008). This emotion strategy is often con-
trasted with turning one’s attention away from one’s feelings and thoughts (avoidance), which is
thought to have differential effects, at least depending on the individual (Koole, 2009).

The data were collected as follows: 31 persons carried a palmtop computer for seven days.
During each day, this palmtop computer beeped at 10 randomly selected moments, prompting
the participants to answer several questions about their cognitions and actions during the period
since the previous beep and about their feelings at that moment. Specifically, the participants
rated by means of a six-level Likert-type scale (ranging from 0 = not at all to 5 = very much
so) to what extent they felt depressed at the moment of the beep and to what extent, since the
previous beep, they had engaged in each of the following activities: constantly thinking about
their feelings, reflecting on their feelings, talking about their feelings, avoid thinking about their
feelings, changing their way of thinking about the cause of their feelings (= reappraising), avoid
expressing their feelings, focusing on their feelings, and distracting from their feelings by means
of activities. These variables were dichotomized by recoding 0 and 1 to zero and 2 to 5 to one.
Moreover, the participants also indicated with a yes/no score whether they had met and talked
with other people, did something that they wanted to do, and did something that they had to do.
As such, this study resulted in a data matrix consisting of 1538 observation periods × 12 me-
diating variables and an associated depression data vector xR with the 1538 observation periods
(31 persons × 10 observations per day × 7 days—missing observations) being nested in the
participants. Note that in this application observation periods are considered stimuli as in each
observation period an event may have occurred that induced feelings of depression.

In order to obtain a summary description of the individual differences in the associations
between the regulatory actions and cognitions and the feelings of depression, CLASSI-N models
of complexity (1,1) to (6,6) were fitted to the mediating variable data matrix XM and response
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FIGURE 2.
Loss function values for the depression data as a function of the number of mediating variable types Q and the number
of person types T .

data vector xR using 25 randomly started runs. To establish the number of mediating variable
types Q, the loss function values (3) of the obtained solutions were compared by drawing a
separate scree line for each value of T . As can be seen in Figure 2, the scree lines show no obvious
elbow except for Q = 2. Since the solutions with 2 mediating variable types only separated the
action related variables from the cognitive variables, they were not very informative. Therefore,
we decided to retain four mediating variable types as the resulting mediating variable types were
well interpretable.

To subsequently decide on the number of person types T , only the loss function value for
the response vector X̂R :

LR =
K∑

k=1

Ik∑

ik=1

(
x̂R
ik

− xR
ik

)2
, (9)

was taken into account since the number of person types has no influence on the reconstruction
of the mediating variable data matrix XM . In Figure 3, which shows a scree plot for the number
of person types, it can be seen that the decrease in LR levels off at T = 2 and T = 3.

Because a CLASSI-N solution with three person types allows for a more detailed investiga-
tion of the interindividual differences in the link between the regulation strategies and the feeling
of depression than the solution with two person types, we selected the (4,3) CLASSI-N solution
for further investigation. This solution is graphically represented in Figure 4.

With respect to the reduction of the regulatory cognitions and actions, it can be read from
Figure 4 that ‘thinking and reflecting on feelings’ and ‘reappraising and focusing on feelings and
problems’ are combined together into one mediating variable type (MT1), which we will label
‘rumination’. ‘Talking about feelings’ forms a type on its own (MT2). The third mediating vari-
able type (MT3) consists of all cognitions and actions that pertain to avoiding the problem and
the related feelings (avoid thinking about feelings, avoid expressing feelings, distract from prob-
lem) and thus will be labeled ‘avoidance’. Note that this partitioning of the mediating variables
into a rumination type and an avoidance type links up with the ‘rumination’ versus ‘avoidance’
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FIGURE 3.
Number of person types T by response loss function values for the depression data, given Q = 4.

division found in the literature (Koole, 2009; Nolen-Hoeksema et al., 2008). Whereas these first
three mediating variable types contain emotion related cognitions and actions, the fourth medi-
ating variable type (MT4) consists of actions that have no direct relation to the problem (talk
to people, I did something I wanted to do, and I did something I had to do). We will label this
mediating variable type ‘activity not related to the problem’.

Figure 4 shows how many of the 1538 observations periods activated each of the 15 possible
combinations of the four mediating variable types. Note that the 97 observations that activated
none of the mediating variable types are not included in the figure. In general, one can conclude
that some combinations occurred very frequently, while others were rarely observed. Only dis-
cussing the combinations that were elicited for more than 10% of the observations, we first note
that for 363 observations (24%) only activities not related to the problem (MT4) were reported.
This suggests that these observations took place in emotionally neutral periods. Second, in 216
observations (14%) rumination (MT1), avoidance (MT3) as well as activities not related to the
problem were reported (MT4). Finally, in 227 observations (15%) all the cognitions and actions
under study occurred. It is important to note that except for activities not related to the problem,
the mediating variable types occurred only seldom without one or more of the other mediating
variables types. These results imply that it is very likely that the obtained CLASSI-N solution
will only be partially unique, as for some persons not enough information will be available about
the sufficiency of the cognitions and actions for feeling depressed to discard some of the person
types.

With respect to individual differences in the if <regulatory action>–then depression rules,
the retained CLASSI-N solution distinguishes between three person types. For the ten persons
belonging to the first person type (PT1) both rumination and avoidance are sufficient to report
a feeling of depression later on. Secondly, the ten persons belonging to the second person type
only feel depressed if they ruminated on the event. Finally, for the ten persons belonging to the
third person type, none of the obtained types of regulatory strategy is related to depression. Note
that the latter ten persons report depression at a limited number of beeps only. As expected, the
retained CLASSI-N solution is only partially unique, since one person can be switched from PT1
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FIGURE 4.
Graphical representation of the (4,3) CLASSI-N decomposition of the depression data. Note that one person can be
switched from person type 1 to person type 2 without altering the fit of the CLASSI-N solution.

to PT2 without altering the loss function value. This can be explained by noting that this person
never tried to avoid the problem without ruminating also. Therefore we cannot evaluate what
happens if the person only avoids the problem, and thus we cannot distinguish between the first
and second person type.

In conclusion, these results confirm that individual differences exist in the way regulatory
cognitions and actions are linked to depression (Koole, 2009). Whereas some people are not eas-
ily depressed or are very effective in addressing their feelings (PT3), others are less effective in
that they feel depressed when they ruminate about the problem as well as when they are avoiding
it (PT1). The second group (PT2) takes an intermediate position in that for them avoiding the
problem is not related to depression afterwards. These results are in line with previous findings
that rumination generally leads to depression (Nolen-Hoeksema et al., 2008), whereas the ef-
fectiveness of avoidant strategies differs across persons (Koole, 2009). We externally validated
the interpretation of these person types by performing an analysis of variance with person type
as independent variable and the scores on a depression scale, the CES-D scale (Radloff, 2006;
Shafer, 2006), as dependent variable. Note that the person that could not be uniquely assigned
to one person type was omitted from this analysis. The results of this ANOVA indicate that the
three groups differ significantly (F(2,27) = 5.17, p < 0.05). As expected, a Tukey test revealed
that PT1 is significantly more depressed than PT3 with PT2 taking an intermediate position.

6. Conclusion and Discussion

Sequential processes are manifold in psychological theories—see for instance the ABC-
model in rational-emotive therapy (Dryden & David, 2008); the Cognitive Affective Personality
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System theory (Mischel & Shoda, 1998); appraisal theory (Roseman & Smith, 2001), etc. There-
fore, the development of data analysis tools that allow to obtain a concise picture of such sequen-
tial processes and individual differences therein, is an important topic of research. In this paper,
we proposed the CLASSI-N method, which extends the CLASSI technique to nested data, that
is, data where the stimuli under study may differ across persons. Like CLASSI, CLASSI-N aims
at charting sequential processes and individual differences therein, by reducing the mediating
variables to a few mediating variable types and summarizing the individual differences in the if
<mediating variable>–then <response> rules by inducing a person typology from the data. As
many recently developed data gathering techniques result in nested data, the range of problems
to which the CLASSI framework can be applied has strongly increased through the development
of CLASSI-N.

In this section, we first compare CLASSI-N to the original CLASSI model. Next the
CLASSI-N model is related to several other existing methods.

6.1. Relation to the CLASSI Method

The key difference between CLASSI and CLASSI-N is that CLASSI requires three-way
three-mode data and CLASSI-N nested two-way data. In other words, whereas CLASSI assumes
that people’s responses to the same set of stimuli have been studied, CLASSI-N allows the set of
stimuli to differ across persons. As such, CLASSI-N can handle CLASSI data sets, but not the
other way around; therefore, one could say that CLASSI-N subsumes CLASSI as a special case.

It is important to note, however, that because crossed data yield person-specific information
for the same set of stimuli, such data allow the study of additional aspects of sequential processes
and individual differences therein. Specifically, one may investigate whether some of the stim-
uli are functionally equivalent in that they activate the same mediating variables and responses
across persons. Moreover, it can be examined whether the relationship between the stimuli and
the mediating variables is subject to individual differences. To this end, apart from inducing a
mediating variable typology and a M-R person typology that summarizes individual differences
in the relationship between the mediating variables and the response, CLASSI also includes a
stimulus typology matrix S� (which reduces the stimuli to P stimulus types), an S-M person
typology matrix PS-M, and an associated linking array LS-M that holds the if <stimulus type>–
then <mediating variable type> rules of the R S-M person types. Specifically, in the CLASSI
model the xM

ijk entries of the mediating variable data array, which indicate whether or not stimulus
i elicits mediating variable j in person k, are reconstructed by means of the following rule:

xM
ijk ≈ x̂M

ijk =
P⊕

p=1

Q⊕

q=1

R⊕

r=1

s�
ipmjqpS-M

kr lS-M
pqr . (10)

This rule reveals that CLASSI is a special case of CLASSI-N in that the restriction is imposed
that the mediator profile matrix S can be further decomposed as follows:

sikq =
P⊕

p=1

R⊕

r=1

s�
ippS-M

kr lS-M
pqr . (11)

Finally, another less important difference between CLASSI and CLASSI-N is that CLASSI-N
can handle only one response variable, whereas in CLASSI multiple responses can be studied
simultaneously.
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6.2. Relations to Other Methods

The CLASSI-N method can be related to several other existing methods. We will focus first
on the CLASSI-N submodels for reconstructing XM and xR . Subsequently, we will consider the
global CLASSI-N model.

The CLASSI-N submodel for reconstructing the mediating variable data matrix XM (recon-
struction rule 1), boils down to a special case of a K-means clustering model (Hartigan, 1975),
in which the variables (rather than the objects) are clustered and in which the centroids are bi-
nary instead of real-valued (Li, 2005). The CLASSI-N submodel for the reconstruction of the
response data vector xR (reconstruction rule 2), can be considered a Boolean clusterwise regres-
sion model (DeSarbo, Oliver, & Rangaswamy, 1989). In clusterwise regression, one examines
the relationship between a set of predictor variables and a criterion where it is assumed that the
relationship can differ across observations. Clusterwise regression deals with these differences
in the relationship between predictors and criterion by assigning the observations to a few clus-
ters and by specifying a separate regression model for each cluster. Analogously, the CLASSI-N
method reduces the persons under study and thus the stimuli that are nested in each person, into
a few types, which are characterized by a different Boolean regression model.

The global CLASSI-N model is related to the covariates regression approach (de Jong &
Kiers, 1992). This approach aims to regress a set of criterion variables on several predictor vari-
ables, where the dimensionality of the predictor variables is reduced by means of a principal
component analysis. In a similar vein, the global CLASSI-N model relates the responses to the
different mediating variables, which are reduced to a few mutual exclusive types, by means of
a Boolean regression. Thus, the CLASSI-N method differs from covariates regression in that
Boolean algebra is used instead of linear algebra, and in that the reduction of the mediating
variables is not dimensional but categorical.

Summarizing, the CLASSI-N method combines the key idea behind clusterwise regression—
namely observations are clustered and for each cluster of observations a different regres-
sion model is estimated—with the key principle of the covariates regression approach—
simultaneously reducing the number of predictor variables and relating these predictors to a
criterion.
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Appendix

THEOREM 1. If a (Q,T ) CLASSI-N decomposition of an I × J binary reconstructed data
matrix X̂M and an I × 1 binary reconstructed data vector x̂R exists such that for all persons
k (k = 1, . . . ,K) and for all mediating variable types q (q = 1, . . . ,Q), at least one stimulus
ik exists that activates this mediating variable type only, this decomposition is unique upon a
permutation of the mediating variable and person types.

Proof: In this proof we will assume, without loss of generality, that the first Q rows of M
refer to one element of each of the Q mediating variable types. In particular, for 1 ≤ j ≤ Q,
mjq = 1 iff q = j . This implies that the Q × Q submatrix M� constituted by the first Q rows
of M, is an identity matrix. Similarly, we assume that, for each person k (k = 1, . . . ,K), the qth
(q = 1, . . . ,Q) row of Sk refers to a stimulus which activates the qth mediating variable type
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only, Sk being the submatrix of S that holds the mediator profiles of person k. Specifically, for
1 ≤ ik ≤ Q, sikq = 1 iff q = ik . In that case the Q × Q submatrix S∗

k , based on the first Q rows
of Sk , is an identity matrix.

To prove the uniqueness of S, we consider only the first Q mediating variables. According
to Equation (1), the corresponding columns of X̂M , collected in the I × Q matrix X̂�M , equal:

X̂�M = S ⊗ M′� = S (A.1)

where ⊗ denotes the Boolean matrix product. Therefore, no entry of S can be modified without
modifying X̂�M and, thus, S is unique.

With respect to M, for all persons k (k = 1, . . . ,K) the first Q rows of X̂M
k , constituting the

matrix X̂∗M
k , equal

X̂∗M
k = S∗

k ⊗ M′ = M′. (A.2)

Hence, no entry of M can be changed without changing X̂∗M
k and, thus, M is unique.

To prove the uniqueness of L and P, for all persons k (k = 1, . . . ,K), we find that the
subvector x̂∗R

k , which contains the first Q elements of x̂R
k , equals

x̂∗R
k = S∗

k ⊗ Lk∈t = Lk∈t , (A.3)

with Lk∈t denoting the column of L that pertains to the person type PT t to which person k

belongs. This implies that no entry of L can be changed without changing x̂∗R and, thus L is
unique. Finally, if P is non-unique, a person k exists that can be switched from one person type
PT t1 to another person type PT t2 , implying that

x̂∗R
k = Lk∈t1 = Lk∈t2 . (A.4)

This result violates the CLASSI-N restriction that no column of the linking matrix L equals
another column. �
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