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ARTICLE INFO ABSTRACT

Keywords: Complex problem solving (CPS) is a prominent competence, significantly related to educational achievements.
Complex problem solving Regarding CPS, the domain-general exploration strategy VOTAT (vary-one-thing-at-a-time; Tschirgi, 1980) is
Intelligence

strongly correlated with CPS success. However, the number of additional VOTAT exploration steps remained
unclear. Going beyond previous studies, we combined these approaches and analyzed logfile based process data.
The effectiveness (i.e., using VOTAT) and the efficiency (i.e., non-necessary, additional VOTAT-steps) of the
exploration behavior were investigated across a sequence of CPS items in N = 469 high-school students. Across
the item sequence, the exploration behavior became more effective and efficient. In latent class analyses, four
classes were identified. Students in classes that demonstrated more effective exploration behavior reached higher
intelligence and CPS performance scores than other students. Regarding the remaining classes, the relation
between efficient exploration behavior with intelligence and CPS performance was less consistent. Implications
for fostering students' explorations and CPS success are discussed.

Educational relevance and implications statement: The results of our study emphasize the role of strategic explo-
ration behaviors while exploring complex problem solving (CPS) tasks for successfully solving complex problems.
Based on more or less effective (i.e., using VOTAT) and efficient (i.e., the number of additional, non-necessary
exploration steps) strategy use, we found four different groups (i.e., latent classes) of students: (1) ineffective
explorers, (2) inefficient explorers, (3) emerging explorers, and (4) proficient explorers. Students of the four
classes differed in their mean intelligence and CPS scores. These results form a basis for adaptive interventions
aimed at fostering beneficial exploration strategies to improve problem solving skills as an important educational
goal.

Latent class analysis
Log-file analyses
VOTAT

1. Introduction

Complex problem solving is an intensively studied 21st century skill
(e.g., Greiff et al., 2013; OECD, 2014) that is closely related to and
significantly predicts educational achievements (e.g., Kretzschmar et al.,
20165 Lotz et al., 2016). Notably, more differentiated scientific knowl-
edge regarding beneficial strategic behaviors while solving complex
problems is still needed (e.g., Lotz et al., 2022; Nicolay et al., 2023).
Furthermore, groups of students might differ in their strategic behaviors
while working on single complex problem items and regarding the
strategic behavior across a sequence of complex problems. Elucidating

the mechanism by which effective and efficient strategic behaviors
promote successful solutions of complex problems seems to be a prom-
ising approach and basis for designing future training programs to foster
students' problem solving skills.

According to Buchner's widely accepted definition (in Frensch &
Funke, 1995, p. 14), complex problem solving (CPS') is considered as
the “successful interaction with item environments that are dynamic (i.
e., change as a function of user's intervention and/or as a function of
time) and in which some, if not all, of the environment's regularities can
only be revealed by successful exploration and integration of the in-
formation gained in that process”. Typically, CPS starts with the
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exploration of the unknown problem space followed by attempts to solve
the problem (e.g., Funke, 2001). To successfully explore CPS items with
direct effects linking one input to one output variable, the so-called
VOTAT (vary-one-thing-at-a-time) strategy (Tschirgi, 1980) is an
important and optimal, or in other words effective, strategic exploration
behavior. Related to the number of exploration steps, individuals might
show an effective VOTAT behavior once or more than once for an input
variable in a single item (i.e., efficiency). Such repeated VOTAT be-
haviors do not increase the amount of information about the problem
space, but such double-checking behaviors might be useful by increasing
confidence or consolidating and integrating knowledge about these ef-
fects. However, the effectiveness and the efficiency of strategic behav-
iors, their progression over an item sequence, and the relations of these
strategic behaviors to successful complex problem solving remain to be
clarified. Furthermore, complex problem solving and intelligence are
closely connected (e.g., Kroner et al., 2005; Stadler et al., 2015). To date,
however, knowledge is still limited about the connection between
beneficial strategic behaviors while solving complex problems and in-
telligence (e.g., Lotz et al., 2017; Weise et al., 2022).

Following this, the aims of the present study were fourfold. First, we
explored how many students showed an effective and efficient explo-
ration behavior for five CPS items with only direct effects (i.e., effective
VOTAT, efficient VOTAT). Second, we searched for (latent) classes of
students' strategic exploration behavior observed over the item
sequence. Third, we investigated whether this class membership was
related to the intelligence scores. Fourth, we examined whether the class
membership was related to the CPS performance scores. Thereby, our
analyses went beyond earlier studies by analyzing the effectiveness and
the efficiency of students' exploration behavior. Consequently, we
inspected log-file data that provided information about how effectively
and efficiently the students explored the system. Hence, we investigated
the strategic exploration behavior, CPS performance, and intelligence in
10th and 11th graders to enrich our knowledge about strategic behavior,
its development across an item sequence, and the relationship to CPS
performance and intelligence.

1.1. Complex problem solving and its assessment

Problem solving is described as a non-routine action or sequence of
actions, in which a given state is transformed into a goal state (Mayer &
Wittrock, 2006). Complex problem solving as a subtype is assessed with
complex problems, characterized by five features (Dorner et al., 1983):
complexity (several variables), connectivity (various connections be-
tween the input and output variables), dynamics (problem changes over
time), non-transparency (not all information to solve the problem is
initially available, requiring exploration of the problem), and polytely
(several criteria need to be achieved). These characteristics require an
active search for information and corresponding manipulations to
identify and understand the underlying structure of the problem space.
In contrast to successful problem solving (where “only” cognitive pro-
cessing is sufficient), successful CPS requires active interactions of the
problem solver with the problem. Accordingly, the OECD framework
employed in the PISA 2012 cycle outlined four central processes for CPS:
exploring and understanding, representing and formulating, planning
and executing, as well as monitoring and reflecting (OECD, 2014).

Concerning the assessment of CPS, simulated real world problems
were implemented in corresponding computer models of so called mi-
croworlds dealing with, for example, acting as the mayor of a small town
(Lohhausen: Dorner et al., 1983) or manager of a factory (Tailorshop:
Putz-Osterloh, 1981). Although these aforementioned features resulted
in high face validity (Greiff, Stadler et al., 2015), these historically early
assessments often exhibited significant psychometric deficiencies (e.g.,
limited evidence regarding reliability), as repeatedly mentioned (e.g.,
Greiff, Stadler, et al., 2015; Kroner et al., 2005; Sii3, 1996). Notably,
those single task simulations like Lohhausen (Dorner et al., 1983) are
time consuming and task difficulties do not differ within one assessment.

Learning and Individual Differences 128 (2026) 102893

Furthermore, incorrect or random steps at the beginning of working on
such a CPS program significantly impede overall performance. To
overcome the deficiencies of those single task assessments and to
improve the psychometric characteristics, the minimal complex system
approach with various, rather short, and less complex scenarios was
established, where Finite State Automata (FSA) or Linear Structural
Equations (LSE) were used as frameworks. FSA (e.g., HeiFi; Funke et al.,
1998) consist of a limited number of distinct states that can be trans-
formed into one another, for example, through user interaction; this is
found in everyday life in many technical devices such as ticket machines
and vending machines. In contrast, tasks from the LSE framework (e.g.,
MicroDYN; Greiff et al., 2012) consist of a limited number of input and
output variables, which are connected through linear equations. In both
frameworks, CPS tasks have been constructed covering a variety of
theory-based item difficulties (Stadler et al., 2016). In particular the
MicroDYN approach is frequently used, as also in our study, based on
theoretical and promising psychometric characteristics. These items
cover a wide range of item difficulties (e.g., Greiff et al., 2012; Lotz et al.,
2022). The reliability estimates of the corresponding scales are at least
adequate (e.g., Greiff et al., 2012: .85 < a < .95; Schweizer et al., 2013:
.71 < a < .86). With respect to validity estimates, repeated findings
indicated at least moderate to high correlations with intelligence (see
below) and school grades (e.g., Kretzschmar et al., 2016; Lotz et al.,
2016).

In each MicroDYN item, a cover story like training a handball team or
providing medical aid is implemented, connecting a set of input and
output variables. The relations between the variables can be classified
into two basic types: direct effects and eigendynamic effects. Direct ef-
fects represent a relationship in which an input variable is linked
directly with an output variable (see Fig. 1: e.g., blue chips — Grande).
Eigendynamic effects are characterized by an output variable changing
over time without any intervention of the problem solver indicating
growth processes. Each item consists of two phases, based on theoretical
and empirical considerations (e.g., Funke, 2001; Wiistenberg et al.,
2012): the knowledge acquisition phase and the knowledge application
phase. In the knowledge acquisition phase, test takers are expected to
explore the system and its underlying structure to construct a causal
diagram that represents the correct relations between the input and
output variables (see Fig. 1). To explore the system, test takers manip-
ulate the input variables by using the plus and minus buttons on the left;
after clicking the Apply button, the effects on the output variables are
shown in the diagrams on the right. The input variables remain the same
from round to round unless they are changed by the test taker (or the
Reset button is clicked). Finally, test takers are supposed to identify the
relations between the variables and mark them with arrows in the dia-
gram at the bottom of the user interface. In the subsequent knowledge
application phase, test takers are provided with full information about
the variables and their relations (i.e., diagram with correct arrows).
Then, test takers are expected to use this information to reach the target
values of the output variables within four manipulation steps of the
input variables (see Fig. 2). Empirically, the performances in the
knowledge acquisition phase and the knowledge application phase
correlated substantially, reaching at least medium size (e.g., Greiff et al.,
2012; Wiistenberg et al., 2012).

In the knowledge acquisition phase, test takers might strategically
explore a yet unknown complex problem. An effective strategic behavior
to identify direct effects in a MicroDYN item or another CPS item based
on the LSE framework is the so-called VOTAT strategy (vary-one-thing-
at-a-time, Tschirgi, 1980; see also “control of variables strategy”, Chen &
Klahr, 1999), meaning that one input variable is varied and the others
are set to 0. In contrast, eigendynamic effects can be reliably detected
with the strategic behavior NOTAT (vary-no-thing-at-a-time; all input
variables are set to 0; Lotz et al., 2017). Although not yet implemented in
MicroDYN items such as those used in our study, additional effects could
be investigated. For example, interaction effects could be detected suc-
cessfully by applying HOTAT (hold-one-thing-at-a-time; one variable is
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Fig. 1. Screenshot of the MicroDYN item Game during the knowledge acquisition phase.
Note. At the point in time shown in the figure, the test taker has executed two exploration steps: VOTAT was executed once for blue chips (in the first exploration step)
and once for green chips (in the second exploration step). Concerning the diagram in the lower part of the figure, the test taker has drawn two arrows regarding the

information obtained about the system structure from these exploration steps.

kept constant, while the others are varied; Tschirgi, 1980). Similarly,
non-linear relations could be detected by setting one input variable
multiple times to different non-zero values and keeping the remaining
input variables at zero. As only direct effects were implemented in the
items used in our study, we focused mainly on VOTAT (see for further
strategies, e.g., Nicolay et al., 2023; Rollett, 2008).

1.2. The relevance of an effective and efficient exploration behavior

The well-researched strategy VOTAT is described as optimal strategic
exploration behavior to detect direct effects, thereby providing all in-
formation about direct effects (e.g., Csanyi & Molnar, 2025; Lotz et al.,
2022). Accordingly, medium to high correlations were reported between
VOTAT application and CPS performance in the knowledge acquisition/
knowledge application phase (e.g., Kroner et al., 2005: r = .47/.40;
Greiff, Wiistenberg, & Avvisati, 2015: r = .67/.61; Vollmeyer et al.,
1996: r=.76/.32; see also e.g., Greiff et al., 2016; Lotz et al., 2022; Peji¢
& Molcer, 2021; Wiistenberg et al., 2014). Furthermore, test takers using
VOTAT solved complex problems more successfully than test takers
using other strategies, although some of those other strategies also
provided all the necessary information (Molnar & Csapo, 2018). Due to
the outstanding importance of VOTAT, we focused on VOTAT in our
study. In accordance with the typically used dichotomous VOTAT
scoring (Greiff et al., 2012), we labeled the exploration behavior as
effective when VOTAT was applied at least once for each input variable,
and as ineffective when VOTAT was not applied at least once for each
input variable.

Notably, 85.2% of the undergraduate students in the study by Csanyi
and Molnar (2025) applied VOTAT (almost) consistently in all Micro-
DYN items. These so-called proficient explorers showed, however, a
substantial amount of variability in the number of exploration steps (i.e.,
clicks). VOTAT can be applied once or repeatedly (besides applying non-

VOTAT steps). Importantly and due to the underlying system structure
of the CPS program used in our study (i.e., MicroDYN), using VOTAT
once for an input variable provides all information about the direct ef-
fects from this input variable; repeating VOTAT provides no additional
information about the system. Notably, test takers are typically not
instructed about which types of effects can (not) occur, and repeated
VOTAT application might help to clarify this. Furthermore, such repe-
titions might be helpful to consolidate students' knowledge about the
system or indicate cognitive integrations. In sum, it might be useful to
further explore the large group of proficient explorers, possibly con-
sisting of relevant subgroups differing in the number of exploration
steps.

Concerning the number of interactions, students with equal CPS
performance scores showed substantial variations (Stadler et al., 2020).
Furthermore, lower numbers of exploration steps were significantly
related to better CPS performance in the knowledge acquisition and the
knowledge application phase (Greiff et al., 2016). In another study, the
relations differed depending on item complexity: For easier and less
complex items, a lower number of interaction steps was associated with
more successful transitions between exploring, drawing the model, and
controlling the system (and, thus, also higher CPS performance scores),
whereas for more difficult and more complex items, a higher number of
exploration steps was beneficial (Molnar & Greiff, 2023). Additionally,
the effectiveness and the number of exploration steps differed between
the students from two countries. Specifically, Hungarian students
explored more effectively and carried out more interactions than Jor-
danians (Molnar et al., 2022). For students from both nationalities, the
number of clicks correlated positively with CPS performance. For Hun-
garian students, the number of interactions decreased across the item
sequence, even though the complexity and the difficulty of the items
increased. Inspecting a German sample and another problem solving
task (i.e., not MicroDYN, not CPS), Naumann et al. (2014) reported, for
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Fig. 2. Screenshot of the MicroDYN item Game during the knowledge application phase.

Note. The test taker was provided with the correct diagram showing all relations between input and output variables (lower part of the figure). At the point in time
shown in the figure, the test taker has executed one control step (sliders for blue chips and green chips moved to “- -”, slider for red chips moved to “-”; goal states were
reached for Grande and Nobilis) and is about to execute the second control step (i.e., sliders were moved, Apply button not yet pressed).

items requiring higher numbers of interactions, a positive relation be-
tween the number of interactions and performance as well as a quadratic
relation indicating that performance increased with more interactions
up to an optimum and then decreased again. For items requiring lower
numbers of interactions, no significant correlation between the number
of interactions and CPS performance was found. Relying on a person-
centered approach of the exploration behavior, Eichmann, Greiff,
et al. (2020) identified three clusters of students who successfully solved
one MicroDYN item: efficient exploration, double-checking, and mixed
approach. The double-checking students reached the best overall-CPS
performance, whereas students from the remaining clusters did not
differ significantly in their CPS performance. Importantly, these authors
distinguished between goal-directed actions (i.e., every interaction
necessary to solve the task correctly, irrespective of whether the inter-
action was initial or repeated) and non-goal-directed actions (i.e., every
action not necessary to solve the task). Double-checking students
showed a high amount of goal-directed actions that were seemingly
beneficial for successful CPS performance. Inspecting the exploration
behavior in a finite state automata task, Zhang et al. (2024) found seven
clusters of students who solved this task successfully, but who differed,
among other things, in the number of exploration steps and the perfor-
mance score in a set of CPS tasks. Despite the distinction between goal-
directed behavior and non-goal-directed behavior, the authors have
unfortunately not considered in their analyses whether all of the
necessary exploration steps for an effective exploration behavior had
been executed. In conclusion, not only the quantity but also the quality
of the exploration steps was important for CPS performance in the
aforementioned studies.

Correspondingly, investigating the combination of effective explo-
ration behavior (i.e., VOTAT) with the number of exploration steps is
fruitful to further clarify students' interactions with an unknown system.
Csanyi and Molnar (2025) already combined those two approaches in

the aforementioned study, whereby the application of VOTAT was used
to classify the students and the number of interactions was then exam-
ined as dependent variable to characterize the different classes. Their
largest class comprised students who applied VOTAT (almost) consis-
tently and included 85.2% of the participants. In further research, a
closer look at students applying VOTAT consistently might be fruitful;
for example, corresponding subgroups of students might differ in the
number of exploration steps. Based on these considerations, we com-
bined consistent VOTAT application with the number of exploration
steps to form effective and efficient exploration behavior. Specifically,
we labeled applying VOTAT at least once per input variable as effective
exploration behavior, as aforementioned. Furthermore, we defined a
maximum efficient exploration behavior through applying VOTAT
exactly once per input variable and operationalized the degree of effi-
ciency as the number of exploration steps exceeding the minimum
number of necessary VOTAT steps. Therefore, effectiveness constitutes a
prerequisite for efficiency. For example, the exploration behavior of a
student showing VOTAT exactly once for each input variable is defined
as effective and maximum efficient; the exploration behavior of another
student showing VOTAT for all input variables, but with two steps more
than necessary, is also defined as effective, but less efficient (efficiency
score: 2). Whereas effective exploration behavior is closely related to
CPS performance, it is yet unclear whether more or less efficient
exploration behavior is related to better performance. Building on pre-
vious studies (e.g., Csanyi & Molnar, 2025; Molnar et al., 2022), further
research should clarify how the effectiveness and the efficiency of the
exploration behavior develop across an item sequence and how they
relate to CPS performance.

1.3. Development of the exploration behavior across an item sequence

When students are working on more than one CPS item, inspecting
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the development of the exploration behavior over the item sequence
might be fruitful. When problem solvers have figured out VOTAT as an
effective strategy to gain relevant information about the effects of the
item, one can assume that they proceed to explore the next item by
applying VOTAT for each input variable. Therefore, the exploration
behavior of test takers, who realize the underlying system structure of
CPS items, should become more effective across the item sequence.
Regarding efficiency, assumptions about the relations with CPS success
are less clear, because either repeated or no unnecessary exploration
steps might be related to high performance, as mentioned before.
Assumingly, realizing the underlying item structures and the involved
effects should go hand in hand with a better understanding about
necessary and useful exploration steps; this might be related to an in-
crease in efficiency of the exploration behavior across the item sequence.
Correspondingly, better understanding of the system structure might go
hand in hand with better (i.e., effective and possibly more efficient)
exploration behavior, which in turn enhances problem solving perfor-
marnce scores.

Investigating the problem solving behavior across an item sequence
in students from grade three to twelve, Molnar and Csapo (2018) ran
latent class analysis (LCA; see also Greiff et al., 2018). Three classes
comprised students without relevant changes of their exploration
behavior across the item sequence. Specifically, students of class 1 did
not use and students of class 2 rarely used an effective exploration
behavior, whereas students of class 3 consistently used effective explo-
ration strategies. In the other three classes, the exploration behavior
changed across the item sequence. Specifically, students of class 4
partially used effective exploration strategies in the first and easy items,
but did not explore effectively in the later and more complex ones. The
students of class 5 mostly used effective exploration strategies in the first
and easy items, but not in the later and more complex items. The stu-
dents of class 6 did not show an effective exploration behavior in the
beginning, but in the end. In conclusion, these authors found six
meaningful classes characterizing differences in the effectiveness of the
exploration behavior. However, there is a need for further research to
examine (beside the effectiveness) the efficiency of the exploration
behavior.

Using latent transition analysis as another person-centered approach,
Mustafic¢ et al. (2019) inspected the VOTAT behavior of students across a
sequence of six MicroDYN-items and identified four groups: Low-
performing explorers failed to use VOTAT most likely in all items.
Rapid learners did not apply VOTAT in the first three items, but were
more likely to use VOTAT in the last three ones. In contrast, emerging
explorers used VOTAT in the first three items but only partially in the
last items. Proficient performers applied VOTAT consistently in all
items. In conclusion, the students of these four groups showed important
differences in their VOTAT based exploration behavior. Although named
slightly different, four very similar classes resulted from an LCA (Wu &
Molnar, 2022): proficient exploration strategy users, rapid learners, non-
persistent explorers, and non-performing explorers. Concerning the
knowledge acquisition and the knowledge application phase, proficient
exploration strategy users achieved the highest performance scores,
followed by rapid learners, non-persistent explorers, and finally non-
performing explorers. By inspecting the exploration behavior with an
LCA in Hungarian and Jordanian students in the aforementioned study,
Molnar et al. (2022) identified four classes in both nationalities, two
classes were identical in both samples (non-performing explorers,
restarting slow learners). Furthermore, rapid learners and proficient
explorers were found in the Hungarian sample, and non-persistent ex-
plorers and almost proficient explorers in the Jordanian sample. Addi-
tionally, Csanyi and Molnar (2025) found four classes in a Latent Profile
Analysis based on the VOTAT application: proficient explorers, rapid
learners, ineffective learners, and non-performers. Proficient explorers
showed the highest number of interactions and the best CPS perfor-
mance, rapid learners a medium number of interactions and medium
performance, ineffective learners a medium number of interactions and
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low performance, and non-performers took the fewest exploration steps
and reached low CPS scores. In the first six items, the number of in-
teractions decreased for all classes, with non-performers carrying out the
least interactions in contrast to the remaining, rather similar classes. In
the last four, more difficult items, the number of interactions remained
rather similar for non-performers and increased for the other three
classes. Proficient explorers showed a substantial increase, rapid
learners and ineffective learners a smaller increase of the number of
interactions.

In conclusion, the number of classes, their profiles, and the in-
terpretations of the profiles differed in prior studies, calling for further
research. Furthermore, class formation was based on the effectiveness of
the exploration behavior in previous studies. In contrast, efficiency has
not yet been considered as a basis for class formation in person-centered
analyses. Students, who have realized that applying VOTAT once per
input variable is sufficient to obtain all the information about the system
and who have thus understood the basic structure of the tasks, might
show efficiency increases and higher CPS performance scores. In
contrast, double-checking might also be related to better CPS
performance.

1.4. The relevance of intelligence

CPS and intelligence overlap conceptually. For example, Gottfredson
(1997, p. 13) conceptualized problem solving as a constituting part of
intelligence in her well-known definition. In intelligence test items such
as figural matrices, test takers are provided with all information to solve
the item from the start, and the problem does not change over time (e.g.,
Jonassen, 2000). In contrast, complex problems change over time and
the solving process requires the interaction of the test taker with the
problem (e.g., Stadler, Niepel, & Greiff, 2019). Nevertheless, there are
many similarities between intelligence and CPS items concerning the
required solving process such as rule induction and reasoning. Corre-
spondingly, Stadler et al. (2015) reported in a meta-analysis an unad-
justed mean relationship of M(g) = .43 between intelligence and CPS
performance. Moreover, in studies with psychometrically strong CPS
assessments and operationalizations of intelligence in the sense of g (e.
g., Jensen & Weng, 1994), even higher correlation coefficients were
found (e.g., Lotz et al., 2017: r = .69/.76; Kretzschmar et al., 2016: r =
.85; Kroner et al., 2005: r = .75). Additionally, CPS correlated signifi-
cantly with inductive reasoning (r = .44, Molnar et al., 2013).

Regarding the relations between beneficial strategic behaviors while
solving CPS items and intelligence, positive correlations have also been
repeatedly reported (for a review see Lotz et al., 2017:.17 <r < .64). For
example, significant correlations were shown between fluid intelligence
and VOTAT use (r = .64, Wiistenberg et al., 2014) and between a
broader assessment of intelligence in the sense of g and the frequency of
VOTAT applications (.40 < r < .48; Lotz et al., 2017). Furthermore,
more intelligent individuals applied more effective strategic behaviors
(i.e., VOTAT) while exploring an unknown problem space of complex
problems, and those students who had selected and applied more
effective strategic behaviors while exploring the complex problems
solved the problems more successfully afterwards. Correspondingly,
effective strategic behaviors meditated the intelligence-CPS relation
(Lotz et al., 2022). In the aforementioned study by Wu and Molnar
(2022), the inductive reasoning scores of proficient exploration strategy
users were higher than those of rapid learners, followed by non-
persistent explorers and, finally, non-performing explorers. Although
noteworthy results regarding the relations between intelligence (and
inductive reasoning as important intelligence factor closely related to g)
with CPS performance and strategy use had been reported in former
studies, their relations with the effectiveness and especially the effi-
ciency of the strategy use should be further clarified.

To the best of our knowledge, the relation between intelligence and
the number of exploration steps in CPS tasks has, unfortunately, not yet
been researched. Theoretically, repeated VOTAT applications do not
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provide any new information, but may contribute to a better under-
standing of the underlying structure of the item. Possibly, more intelli-
gent explorers might realize earlier and faster than less intelligent
explorers that the underlying structure of MicroDYN items (based on
linear equation systems) remains consistent across an item sequence
although the number of variables and the number of effects may vary.
Correspondingly, more intelligent explorers should not only realize that
VOTAT is an effective strategic exploration behavior, but might also
detect that non-necessary, repeated exploration steps do not provide any
additional information about the system and that a single execution of
VOTAT per input variable is sufficient. Thus, they might gradually
explore more efficiently across the item sequence.

1.5. The present study

As previously mentioned, it is needed to take a closer look at the
effectiveness and especially the efficiency of the exploration behavior,
the development of these two aspects across an item sequence, as well as
their relations with CPS performance and intelligence. Therefore, we
inspected the effectiveness and the efficiency of the exploration
behavior in five low to medium complex (derived from the results of
Molnar & Greiff, 2023) MicroDYN items with direct and without
eigendynamic effects. Subsequently we investigated the development of
the exploration behavior over the item sequence. Furthermore, we
explored qualitatively differing classes of students' exploration behavior
across the item sequence. Based on those results, we analyzed mean
differences between the classes' intelligence and CPS performance.
Specifically, we investigated the following research questions (RQ):

RQ1. How many students showed an effective exploration behavior
and a more or less efficient exploration behavior in each item and
across the item sequence? Across the item sequence, we expected
an increasing number of students who showed an effective
exploration behavior as well as an effective and efficient explo-
ration behavior. Accordingly, we expected a decreasing number
of students showing an ineffective or an effective but less efficient
exploration behavior.

RQ2. Can different (latent) classes of students, based on the develop-
ment of their exploration behavior, be found? In the aforemen-
tioned studies inspecting effectiveness (e.g., Csanyi & Molnar,
2025; Molnar et al., 2022; Molnar & Csapd, 2018; Mustafic et al.,
2019; Wu & Molnar, 2022), a number of latent classes was
detected. Specifically, we inspected the development of effective
and efficient exploration behavior across the item sequence
forming the basis for class formation. Although we ran an
explorative analysis, we also expected a number of (qualitatively)
different classes of students. We expected one class of students
who showed consistently an ineffective exploration behavior;
such a class was also found in the aforementioned studies. We
expected another class of students whose exploration behavior
was consistently effective and became more efficient across the
item sequence; a class of students exhibiting consistently VOTAT
use was found in the aforementioned studies as well. In addition,
we expected at least one further class with rather moderate, but
increasingly effective and efficient exploration behavior (in
accordance with the aforementioned former studies reporting
effectiveness improvements across the item sequence). Thus, we
expected at least three different classes.

RQ3. Do the students of the different classes from RQ2 differ in their
mean intelligence? Relying on former studies consistently
reporting at least small to moderate positive correlations between
intelligence and VOTAT use (e.g., Lotz et al., 2017; Wu & Molnar,
2022; Wiistenberg et al., 2014), we expected higher mean intel-
ligence scores for classes comprising students with an effective
and more efficient exploration behavior than for classes
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comprising students with an ineffective or an effective but less
efficient exploration behavior.

RQ4. Do the students of the different classes from RQ2 differ in their
mean CPS performance scores? Based on consistently high posi-
tive correlations between VOTAT use and CPS performance re-
ported in former studies (e.g., Greiff et al., 2016; Lotz et al., 2022;
Peji¢ & Molcer, 2021; Wiistenberg et al., 2014) regarding effec-
tiveness, and inconclusive evidence regarding the number of
steps (e.g., Csanyi & Molnar, 2025; Eichmann, Greiff, et al., 2020;
Greiff et al., 2016; Molnar & Greiff, 2023; Zhang et al., 2024)
regarding efficiency, we expected higher CPS achievement scores
for classes comprising students with an effective and more effi-
cient exploration behavior than for classes comprising students
with an ineffective or an effective but less efficient exploration
behavior.

2. Methods
2.1. Sample and procedure

The sample consisted of N = 495 German high-school students (n =
264 females, n = 228 males, n = 3 without gender specification; age M =
16.40, SD = 0.94 years).2 The students attended two academic-tracked
school types from either 10th grade (Gymnasium, graduation after
12th grade; 15 classes out of 6 schools) or 11th grade (Gesamtschule,
graduation after 13th grade; 11 classes out of 5 schools). Ethical
approval was provided by the corresponding governing board. Students'
and their parents' informed consent was obtained prior to testing. The
participation rate was 87%; the parents of 11% of the students did not
allow their children to participate; 2% of the students were absent due to
reasons unrelated to the study (e.g., illness). Students were not graded or
rewarded for their participation. Data collection was administered by
trained experimenters within regular school lessons lasting 45 min each.
During one lesson students worked on the intelligence test, during
another lesson on the CPS items.

2.2. Variables

Complex problem solving was assessed with the entirely computer-
based micro-world program MicroDYN (Greiff et al., 2012), consisting
of nine independent items. Cover stories like training a handball team or
providing medical aid were implemented for each item. At the begin-
ning, the students were instructed by the program on how to explore and
control the interface of the program and what they were expected to do
in the sequential items. Each item consisted of two phases: In the
knowledge acquisition phase of each item, the students explored an
unknown system with a set of related input and output variables and
drew their conclusions in a model (180 s.). The variables were labeled
without semantic meaning or with fictitious meaning to minimize the
influence of prior knowledge. For example, in the item Game, the three
input variables were blue chips, green chips, and red chips, and the three
output variables were Royal, Grande, and Nobilis; see Fig. 1). At the start
of the knowledge application phase of each item, the correct model was
presented to the students. Subsequently, they had to control the system
by reaching given target values of the output variables within four steps
(90 s.). In this study, we focused on the first five items without eigen-
dynamic effects. Details about these items regarding their topic, input
and output variables, and effects are presented in Table 1. These items
had two or three input variables and one, two, or three output variables.

2 Pplease note that earlier studies (Lotz et al., 2016; Lotz et al., 2017; Lotz
et al., 2022; Weise et al., 2020; Weise et al., 2022), that investigated different
research questions, have been conducted with parts of these data. Please note
also the unfortunately transposed numbers regarding the numbers of schools
and classes of the two school types in these former publications.
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Table 1
Details about the implemented MicroDYN items.

Name Topic Input variables  Effects

Green syru;
Sweetness

Blue syrup

Output variables

(1) Lemonade  Effects of two types of syrup
on the sweetness of a drink

(2) Drawing Effects of two powders on the  Topax ————— Brightness
properties of a color
Floba ——> Fluidness
(3) Cat Effects of two feed types on Brekon Movement
the behavior of a cat :
Mikas Purring
(4) Moped Effects of three types of fuel ~ Carenol
on the driving performance of Velocity
a moped Noresal
Exhaust gases
Farunin
(5) Game

Effects of three types of game Blue chips Royal
chips on the game ><
Green chips Grande

Red chips ————————>Nobilis

Note. All effects had a path coefficient equal to each other.

Intelligence was assessed with the Berlin Intelligence Structure test —
Form 4 (BIS; Jager et al., 1997). Based on the results from earlier studies
(Brunner & SiiB, 2005; Valerius & Sparfeldt, 2014), we selected the
following subtests, covering a wide range of the BIS' content-operation-
combinations: Figural analogies, Crossing out letters, Charkow, City
map, Number sequences, X greater, Estimation, Story, Fact-opinion, and
Verbal analogies.

2.3. CPS scoring

2.3.1. Effectiveness and efficiency of the exploration behavior

Concerning these five structurally similar items with only direct ef-
fects, the strategic behavior VOTAT is the most effective and efficient
way for exploring the effects. The log-file data of the knowledge
acquisition phase was used to analyze for every single exploration step
whether VOTAT was used or not. If VOTAT was shown at least once for
each input variable, the corresponding strategic behavior was classified
as “effective”. Based on the number of input variables, we determined
the number of necessary exploration steps (i.e., one VOTAT step for each
input variable) and the number of non-necessary exploration steps (i.e.,
the difference between the number of actually performed steps and the
number of necessary steps) indicating the efficiency of the exploration
behavior.

For each CPS item, we adopted the following coding scheme: If
students did not apply VOTAT for every input variable of an item, the
behavior was considered non-effective and coded with 8. If students
showed VOTAT for every input variable, their exploration behavior was
coded according to the efficiency, which is the number of non-necessary
steps: For zero steps more than the number of necessary steps also
referred to as maximum efficient behavior, the exploration behavior was
coded with 0; for one step more than the number of necessary steps, the
exploration behavior was coded with 1; for two steps more than the
number of necessary steps, the exploration behavior was coded with 2;
...; for six steps more than the number of necessary steps, the exploration
behavior was coded with 6; and for seven or more steps more than the
number of necessary steps, the exploration behavior was coded with 7. If
students did not explore the respective CPS item, exploration behavior
was coded as missing. By applying this coding scheme, we considered
differences in the number of input variables between the five CPS items.
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2.3.2. CPS performance

For both CPS phases, a dichotomous scoring was applied to obtain
performance scores in accordance with prior studies (e.g., Greiff et al.,
2012; Kroner et al., 2005; Wiistenberg et al., 2012). Concerning the
knowledge acquisition phase, credit was given, if the drawn model was
completely correct (coded as 1; otherwise 0). Concerning the knowledge
application phase, credit was given if the target values of all variables
were reached within four steps (coded as 1; otherwise 0). Based on the
performance scores for each item, mean performance scores of the five
items were calculated separately for both phases.

2.4. Analysis

Analyses were conducted with the statistical packages IBM SPSS
Statistics 26 and Mplus 7.11 (Muthén & Muthén, 1998-2015). Con-
cerning RQ1, the exploratory analysis of students' effective and efficient
exploration behavior was conducted with SPSS. As described before, we
coded the effectiveness and the efficiency of students' exploration be-
haviors separately for the five CPS items. Subsequently, we inspected the
frequencies of students for each numerical code.

To address RQ2, we conducted an exploratory Latent Class Analysis
(LCA) in Mplus. LCA is a latent variable modeling approach, in which a
discrete latent variable (i.e., latent class variable) is assumed to clarify
the relations between observed variables (Geiser, 2012). Therefore, the
probability of a particular item response is assumed to depend on the
probability of being a member of a particular class (i.e., class pro-
portions) and the probability of giving a particular item response by
members of this particular class (i.e., conditional response probabili-
ties). Students who share a similar pattern of responses in a set of
observed variables are grouped in the same latent class; each latent class
is characterized through its proportion of students and a pattern of
conditional response probabilities for the observed variables. Concern-
ing RQ2, we estimated models with one to six latent classes using robust
maximum likelihood estimation (MLR). The observed variables were the
categorically ordered indicators of exploration efficiency (0 to 7:
consistent VOTAT use, number of non-necessary exploration steps; 8: no
consistent VOTAT application) in the five CPS items. For this analysis
and all following analyses, only students who worked on all five items
were included, which resulted in n = 469 students with no missing data.
The optimal number of classes was determined on the basis of the
following analysis strategy (Collins & Lanza, 2010; Geiser, 2012): To
determine absolute fit, we inspected the Pearson y? statistic, the
Likelihood-Ratio y2 statistic, and y2/df. In large samples, a y2/df ratio <
2 is usually considered an indicator of adequate absolute fit. To deter-
mine relative fit, we inspected the Akaike Information Criterion (AIC),
the Bayesian Information Criterion (BIC), and the sample-size adjusted
BIC (adjBIC). Lower values of the respective relative fit indices indicate a
better model fit. Simulation studies showed that BIC and adjusted BIC
are more informative indices than AIC when determining the number of
classes (Nylund et al., 2007). Furthermore, we inspected the average
latent class attribution probabilities of the LCA models with different
numbers of latent classes. The average assignment probabilities indicate
the certainty of students being assigned to classes and should exceed
0.80 for all classes (Rost, 2006). In accordance with prior studies (e.g.,
Greiff et al., 2018), we additionally inspected the parametric boot-
strapped likelihood ratio test (BLRT), which compares a model with k
classes and a model with k — 1 classes. The null hypothesis specifies that
an additional class does not improve absolute model fit; therefore, a
statistically significant p-value indicates that the model with k classes
provides a better fit to the data than the model with k — 1 classes.
Although the BLRT is somehow similar to the Lo-Mendell-Rubin (LMR)
test that Mplus calculates by default, the BLRT is superior to the LMR test
in determining the number of classes for LCA models (e.g., Nylund et al.,
2007); accordingly, we chose this test.

Regarding RQ3 related to potential intelligence differences between
the students of the different classes from RQ2, analyses were performed
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in Mplus. We modeled the intelligence g-factor in accordance with the
common higher order structure: The manifest scores of the ten BIS in-
telligence subtests loaded onto the corresponding content-specific first-
order factors of verbal (Vps), numerical (Npjs), and figural (Fpis) intel-
ligence, which, in turn, loaded on the second-order g-factor (ggis). The
nonstandardized loadings of the first indicator of a corresponding latent
factor were fixed to 1. Beside the three content facets referring to verbal,
numerical, and figural intelligence, we also considered the operation
facets of the BIS-model (Jager et al., 1997). Specifically, we estimated
residual correlations among those manifest subtest indicators that
belonged to the same operation-facet of the BIS-model. To account for
students' clustering within classes, we used the “type = complex” option
in Mplus which adjusts for potential effects of clustering on standard
errors and y2-statistics. To compare the students of the latent classes
regarding their intelligence, we inspected linear regression models using
a maximum likelihood estimation with robust standard errors (referred
to as MLR in Mplus). Class membership served as predictor, the latent g-
factor as criterion. To compare the students of the different latent clas-
ses, we conducted pairwise Scheffé comparisons and inspected regres-
sion coefficients, standard errors, p-values, and R?values for the
outcome variables. The significance level was set to p < .05; in order to
control for the accumulation of alpha errors, we adjusted according to
the Bonferroni-Holm procedure (Holm, 1979).

Regarding RQ4 related to potential differences in CPS performance
between the students of the different classes from RQ2, we ran analyses
in the same way as in RQ3 (i.e., linear regression analyses with MLR
estimator). We modeled CPS performance scores of the knowledge
acquisition phase and the knowledge application phase as latent factors.
Specifically, the manifest scores of the five MicroDYN items of the
respective CPS phase loaded on the corresponding factor and the non-
standardized loadings of the first indicator of a corresponding latent
factor were fixed to 1.

3. Results

Means and standard deviations of the five CPS items, the perfor-
mance scores for the knowledge acquisition and the knowledge appli-
cation phase, and of the BIS subtests (supplemented by ICCs and design
effects) are shown in Table 2.

3.1. Exploratory analysis of student's exploration behavior

The numbers and proportions of students who showed more or less
effective and efficient exploration behavior addressed in RQ1 are
depicted in Table 3. In item one, 39.8% of the students did not explore
effectively (i.e., not consistently using VOTAT for each input variable).®
In contrast, about 60% explored effectively. These effective explorers
differed in efficiency, reaching from students who explored effectively,
but in a very inefficient way (31.5%, coded as 7) to students who
explored effectively and maximally efficiently (1%, coded as 0).
Considering in contrast the last item (item 5), the proportion of

3 The group coded as “8” comprised students not consistently using VOTAT
for each input variable. For items 1 to 3 with two input variables, about 55% to
60% of these students applied VOTAT for one input variable, the remaining
students did not use VOTAT at all. For items 4 and 5 with three input variables,
55% to 60% of these students did not use VOTAT at all, about 35% applied
VOTAT for one input variable, and the remaining students (10% to 15%)
applied VOTAT for two input variables. To inspect whether inconsistent VOTAT
application differed from the complete absence of VOTAT use, we ran post-hoc
MANOVAS with VOTAT use as independent variable and CPS performance as
dependent variable. Although the findings were not totally consistent across the
five items and the two CPS phases regarding statistical significance, statistically
significant results indicated that students with more consistent VOTAT use
achieved higher CPS scores, also confirming the overall importance of
(consistent) VOTAT use for successful problem solving.
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Table 2

Means (M), standard deviations (SD), intra-class correlations (ICC), and design
effects for the five MicroDYN items, the sum scores of the two CPS phases, and
for the 10 intelligence subtests.

Name (and abbreviation, if present) of M SD ICC  Design
MicroDYN items and BIS subtests effect
Knowledge acquisition
Lemonade 0.74 0.44 .00 1.00
Drawing 0.65 0.48 .08 2.38
Cat 0.70 0.46 .05 1.89
Moped 0.72 0.45 .06 2.07
Game 0.70 0.46 .09 2.55
Sum score 0.70 0.33 .08 2.33
Knowledge application
Lemonade 0.89 0.31 .00 1.00
Drawing 0.70 0.46 .10 2.72
Cat 0.75 0.43 .12 2.96
Moped 0.33 0.47 .12 2.96
Game 0.31 0.46 .07 2.14
Sum score 0.59 0.29 .11 2.93
Intelligence subtests
Charkow (CH) 2.32 1.54 .07 2.21
City map (OG) 14.81 4.39 .04 1.68
Crossing out letters (BD) 56.60 1295 .10 2.69
Estimation (SC) 3.56 1.76 .09 2.50
Fact-opinion (TM) 9.93 2.55 .06 2.07
Figural analogies (AN) 3.36 1.58 .06 1.94
Number sequences (ZN) 4.23 227 .13 3.20
Story (ST) 8.77 3.43 .06 2.04
Verbal analogies (WA) 2.37 1.52 .08 2.35
X greater (XG) 19.47 853 .15 3.59
Note. N = 469.

ineffective exploration behavior was lower (29.7%, coded as 8) and the
proportion of effective exploration behavior was higher. Concerning
efficiency, the proportion of students showing a highly efficient explo-
ration behavior was higher and the proportion of students showing less
efficient exploration behavior was lower (Table 3). Regarding the
interjacent items 2, 3, and 4, the overall pattern showed an increase in
the effectiveness and the efficiency of the exploration behavior.

3.2. Latent class analysis

Regarding RQ2 related to the number of latent classes, the indicators
of model fit for models with one to six classes are presented in Table 4.
Concerning the optimal number of classes, relative fit indices indicated
that either the three- or the four-class solution were most appropriate.
The three-class solution was supported by the BIC, whereas the four-
class solution was supported by the AIC. Notably, the adjusted BIC
was comparably low for both solutions. The BLRT showed a significantly
better fit for the four-class solution compared with the three-class so-
lution (Ay? = 121.60; df = 41; p < .001). A closer inspection of students'
latent class profiles revealed that both solutions showed similar profile
patterns for two classes of the three-class solution; however, the
remaining third group of the three-class solution which was comprised
of the students who explored most efficiently was split up in the four-
class solution meaningfully into two groups. Taking the relative fit
indices, the results of the BLRT, and the interpretation of the different
solutions into account, the four-class solution appeared to be most
appropriate. Therefore, we selected the four-class solution as the basis
for all further analyses.

The profiles of the four-class solution are visualized in Fig. 3 dis-
playing the conditional probabilities of students' exploration behavior in
the five CPS items. As expected, the four classes differed in regards to the
effectiveness and efficiency of their exploration behavior. Students of
the first class (29.4%) showed for items 1/2/3/4/5 a high probability of
not applying VOTAT consistently (coded as 8) of 0.76,/0.93/0.92/0.96/
0.89. Correspondingly, the probabilities for more or less efficient
VOTAT behavior (coded as 0 to 7) were very low and mostly between
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Table 3
Distribution of the exploration behaviors for the five MicroDYN items.
Item Consistent VOTAT use, efficiency coded according to the number of non-necessary exploration steps while applying Non-consistent VOTAT use, coded as  Missing
VOTAT for each input variable
0 1 2 3 4 5 6 7+ 8
Item 1 5 6 18 12 29 23 23 156 197 4
(1.0%) (1.2%) (3.6%) (2.4%) (5.9%) (4.6%) (4.6%) (31.5%) (39.8%) (0.8%)
Item 2 25 23 32 34 34 21 23 84 193 3
(5.0%) (4.6%) (6.5%) (6.9%) (6.9%) (4.2%) (4.6%) (17.0%) (39.0%) (0.6%)
Item 3 12 22 46 39 33 20 25 106 166 7
(2.4%) (4.4%) (9.3%) (7.9%) (6.7%) (4.0%) (5.0%) (21.4%) (40.2%) (1.4%)
Item 4 72 42 21 39 31 21 18 49 176 12
(14.5%) (8.5%) (4.2%) (7.9%) (6.3%) (4.2%) (3.6%) (9.9%) (35.6%) (2.4%)
Item 5 110 37 33 43 22 21 13 43 147 15
(22.2%) (7.5%) (6.7%) (8.7%) (4.4%) (4.2%) (2.6%) (8.7%) (29.7%) (3.0%)
Note. N = 495.
Table 4
Absolute fit indices, relative fit indices, and attribution probabilities of the LCA for solutions with one to six classes.
Number of classes 1 2 3 4 5 6
Absolute fit
Likelihood ratio XZ (df) 1677.64 1493.95 1392.26 1279.88 1379.0 1420.45
(58,856) (58,854) (58,843) (58,801) (58,779) (58,747)
Pearson Xz (df) 8072.30 7962.59 6447.79 5721.53 6262.16 6295.91
(58,856) (58,854) (58,843) (58,801) (58,779) (58,747)
¥2/df < 2 for both y? Yes Yes Yes Yes Yes Yes
Boundary estimates 0 24 48 64 80 122
Relative Fit
AIC 8532.25 7834.25 7499.20 7459.68 7426.14 7424.53
BIC 8698.27 8170.45 8005.57 8136.22 8272.86 8441.43
aBIC 8571.32 7913.38 7618.37 7618.90 7625.41 7663.85
Attribution probabilities
Mean p n.a. .965 .954 .947 1941 .937
p <0.80 n.a. 0 0 0 0 0
Bootstrapped likelihood ratio test
2* LD (difference in number of parameters) n.a. 779.99 417.06 121.60 115.54 83.604
(33) (41) (41) (41) (41)
p n.a. <.001 <.001 <.001 <.001 .008
Entropy n.a. 0.880 0.893 0.910 0.907 0.919

0.00 and 0.05. Therefore, the first class was labeled ineffective explorers
(1). Concerning the second class (29.7%), the main characteristic of
students' behavior was a consistent VOTAT, but inefficient exploration
behavior (i.e., seven or more additional steps; coded as 7). Importantly,
the probability of the maximum efficient exploration behavior (no
additional step; coded as 0) remained close to zero. Hence, we labeled
the second class as inefficient explorers (2). The students of the third and
fourth class showed high probabilities of the most efficient VOTAT-
related exploration behavior (i.e., zero additional steps) at the end of
the item set. In the first two items, the students of class three explored
ineffectively, whereas students of class four explored effectively. Spe-
cifically, students of the third class (11.5%) showed a rather high
probability not to use VOTAT consistently (i.e., coded as 8) for the first
and second item (0.78 and 0.76), that decreased for the third item (0.37)
and was very low for the last two items (items 4/5: 0.05/0.00). Simul-
taneously, the probability for the maximum efficient exploration
behavior increased over the set of items (items 1/2/3/4/5: 0.00/0.03/
0.05/0.23/0.54). In turn, the third class was labeled emerging explorers
(3). The students of the fourth class (31.1%) explored in an effective
way, whereby the less efficient behavior (coded 1 to 7) decreased and
the most efficient behavior (coded 0) increased over the set of items
(items 1/2/3/4/5: 0.04/0.16/0.07/0.40/0.50). Accordingly, we labeled
the fourth class as proficient explorers (4). Descriptively, the efficiency
increased substantially from item three to item four in students of these
two classes.

In summary, the profiles of the four latent classes (ineffective, inef-
ficient, emerging, and proficient explorers) exhibited distinct patterns of
exploration behaviors. The main characteristics differentiating the four

groups of students were (i) whether students applied VOTAT consis-
tently (distinguishing class one from two and respectively three from
four) and (ii) whether students' exploration efficiency increased over the
course of CPS items (distinguishing class two from classes three and
four).

3.3. Class membership and intelligence

Concerning RQ3, we expected that students in classes with an
effective and more efficient exploration behavior would achieve higher
intelligence scores than participants in classes with an ineffective or an
effective, but less efficient exploration behavior. In accordance with our
expectations, the results of the Scheffé tests revealed that students of
classes with a mostly effective exploration behavior (classes 2, 3, and 4)
achieved significantly higher intelligence scores than students of the
class with an ineffective exploration behavior (class 1; all p < .001, see
Table 5). Contrary to our expectations the inefficient explorers reached
significantly higher intelligence scores than the emerging explorers
(class 3; p < .001) and the proficient explorers (class 4; p < .004).
Furthermore, the proficient explorers (4) did not differ significantly
regarding the intelligence score from the emerging explorers (class 3; p
= .254).

3.4. Class membership and CPS performance
Concerning RQ4, we expected that students in classes with an

effective and more efficient exploration behavior achieved higher CPS
performance scores than students in classes with an ineffective or an
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Fig. 3. Profiles of the four classes of the LCA.
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Note. Displayed are the conditional probabilities for the nine ordered categories (from “0” to “6”, “7”, and “8”) across the five CPS items.

Table 5
Results of the linear regression models.
Comparisons Knowledge acquisition (mean score item 1-5) Knowledge application (mean score item 1-5) Intelligence
Est. SE p Est. SE p Est. SE p
1vs. 2 0.78 0.03 <.001* 0.50 0.05 <.001* 0.44 0.05 <.001*
1vs. 3 0.67 0.04 <.001* 0.41 0.05 <.001* 0.28 0.06 <.001*
1vs. 4 0.73 0.05 <.001* 0.49 0.05 <.001* 0.27. 0.06 <.001*
2vs. 3 -0.29 0.06 <.001* —0.24 0.05 <.001* -0.27 0.05 <.001*
2vs. 4 0.01 0.08 91 —0.02 0.05 .67 -0.16 0.06 .004*
3vs. 4 0.29 0.07 <.001* 0.20 0.06 <.001* 0.08 0.07 .254
Note. N = 469.

" Statistically significant according to the Bonferroni-Holm procedure (p < .05).

effective, but less efficient exploration behavior. The interpretation of
the results of the Scheffé tests were the same for both phases (Table 5). In
accordance with our expectations, students of classes with a mostly
effective exploration behavior (classes 2, 3, and 4) performed statisti-
cally significantly better than students of the class with an ineffective
exploration behavior (class 1; all p < .001). Only partially in line with
our expectations, inefficient explorers (2) reached significantly higher
CPS performance scores than emerging explorers (class 3; p < .001).
Furthermore, inefficient explorers did not differ significantly regarding
their CPS performance from proficient explorers (class 4; p = .91).
Consistent with our hypothesis, proficient explorers (4) achieved
significantly higher CPS score in both CPS phases than emerging ex-
plorers (class 3; p < .001).

4. Discussion
Based on its importance for successful complex problem solving, we

aimed to further clarify the role of beneficial strategy use while
exploring CPS scenarios. Specifically, we investigated effective and

10

efficient VOTAT applications across a sequence of five items. Concerning
our main results, the exploration behavior became more effective and
more efficient across the item sequence. Furthermore, we identified four
meaningfully distinct classes of students: (1) ineffective, (2) inefficient,
(3) emerging, and (4) proficient explorers. Ineffective explorers showed
lower intelligence test and CPS performance scores than students from
the other classes. Inefficient explorers achieved higher intelligence test
scores than students from the two remaining classes (3, 4), who did not
differ among each other. Regarding CPS performance, emerging ex-
plorers reached lower scores than inefficient explorers and proficient
explorers, who did not differ.

4.1. Descriptive analysis of the exploration behavior

Regarding the exploration behavior in single items addressed in our
first research question, important differences appeared: in item one,
about 40% of the students did not explore effectively; this proportion
decreased to about 30% in item five. In contrast, the proportion of
students exploring maximally efficient increased from 1% in item one to



J. Ruby et al.

22% in item five. Thus, the exploration behavior changed across the
item sequence as hypothesized. This increase of a consistent VOTAT use
corresponds well with previous results (e.g., Vollmeyer et al., 1996).
Going beyond prior studies, we did not only inspect the effectiveness of
the exploration behavior and the number of exploration steps, but also
its efficiency. Notably, previous studies demonstrated the importance of
the quality of exploration steps, whereas findings regarding the number
of exploration steps remained inconclusive. Correspondingly, we intro-
duced the idea of the efficiency of the exploration behavior to gain
deeper insights of CPS. These descriptive results already revealed that
the efficiency of the exploration behavior changed across items, indi-
cating increasingly efficient explorations. This trend serves as important
starting point for our subsequent research questions. In RQ2, we had
hypothesized one class consisting of students with an increasingly effi-
cient exploration behavior. To conclude, this result pattern indicates
that some sort of learning had occurred across the item sequence, with
increasingly effective and efficient exploration behavior.

4.2. Latent class analysis of exploration behaviors

Building on these descriptive results, four classes of students were
identified in a latent class analysis differing in effective and efficient
strategy use. Comparing our findings with earlier person-centered re-
sults (e.g., Csanyi & Molnar, 2025; Molndr et al., 2022; Molnar & Csapo,
2018; Mustafic et al., 2019; Wu & Molnar, 2022), remarkable similar-
ities appeared. As in the previous studies, we identified a class of stu-
dents not (or only rarely) exploring effectively (i.e., ineffective
explorers). Likewise, we found a class of students not exploring effec-
tively in the first, but in the last items (i.e., emerging explorers).
Furthermore, students showing consistently an effective exploration
behavior constituted one class in earlier studies (e.g., Csanyi & Molnar,
2025; Molnar & Csapo, 2018; Mustafic et al., 2019) and two classes in
our study (inefficient explorers, proficient explorers). Presumably, we
found two classes, because we did not investigate only the effectiveness,
but also the efficiency of the exploration behavior. Whereas the students
of both classes explored effectively, proficient explorers became more
efficient across the item sequence and inefficient explorers remained
rather inefficient.

Referring to the increasingly effective and efficient exploration
behavior described in RQ1, the results of the LCA revealed a more fine-
grained pattern. While the ineffective explorers and the inefficient ex-
plorers showed a widely consistent exploration behavior across the item
sequence, particularly the emerging explorers and the proficient ex-
plorers contributed to the descriptive changes in exploration behavior
identified in RQ1. Concerning the increased effectiveness, mainly the
emerging explorers showed corresponding changes as reflected by the
numbers of students. Specifically, the number of students exploring
ineffectively decreased by 50 students from item 1 to item 5, while the
class of emerging explorers comprises 54 students. Regarding the effi-
ciency increase, both the emerging and the proficient explorers shifted
towards a more efficient exploration behavior.

In contrast to earlier studies, we did not find a class of students
exploring effectively only in the first, but not in the last items. In pre-
vious studies, it was suggested that these participants failed to transfer
their successful exploration behavior from simpler to more complex and
later placed items (e.g., Molnar & Csapo, 2018). We might not have
identified such a class because item difficulties increased only moder-
ately. Notably, we focused exclusively on items without eigendynamic
effects, which had often been used in later items with higher item dif-
ficulty in former studies (e.g., Stadler et al., 2016). Therefore, we suggest
to examine the efficiency of exploration behaviors in tasks involving
eigendynamic effects in future studies to reveal further insights into the
exploration behavior.
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4.3. Class membership and intelligence

As expected, students of the class consistently exploring ineffectively
(class 1) reached lower mean intelligence test scores than students of the
remaining classes, who mostly explored effectively. This finding corre-
sponds with previous studies that showed positive correlations between
VOTAT application and intelligence (e.g., Kroner et al., 2005; Lotz et al.,
2017; Wiistenberg et al., 2014; see also for the relations with inductive-
reasoning: Wu & Molnar, 2022). Furthermore, VOTAT strategy appli-
cation mediated the intelligence/CPS performance relation (e.g., Lotz
et al., 2022). Comparing the intelligence scores of our three remaining
classes, inefficient explorers (2) reached higher intelligence test scores
than emerging explorers (3) and proficient explorers (4), who did not
differ among each other. This partially unexpected result pattern should
be clarified in further research. Possibly, inefficient explorers (2) tended
to check their hypotheses repeatedly (characterizing less efficient
exploration behavior) to become more confident about their conclu-
sions. Furthermore, the more intelligent students (class 2) might have
repeated certain exploration steps in order to inspect whether the path
coefficients differed. Less intelligent students (classes 3, 4) may not have
considered possibly differing path coefficients. Although not explicitly
mentioned in the instructions, these paths coefficients were always
equal to each other in our study as also in many prior studies (e.g., Greiff
et al., 2013; Krieger et al., 2021). Moreover, more intelligent students
might have employed additional strategies beyond VOTAT to ensure
that no other than direct effects occurred. Additionally, repeated actions
might indicate knowledge consolidation processes and the deeper inte-
gration of the information, making this information possibly more
available and applicable in the knowledge application phase (see e.g.,
Wirth, 2004). In reference to cognitive and meta-cognitive learning
strategies (Weinstein & Mayer, 1986), one can characterize VOTAT as
cognitive exploration strategy and the systematic, effective, and efficient
application and orchestration of corresponding exploration strategies as
meta-cognitive. Future studies further elaborating meta-cognitive or
motivational explanations for our partially unexpected results and
integrating corresponding assessments in future studies possibly even
with, for example, experimentally manipulated corresponding in-
structions might further clarify these aspects.

4.4. Class membership and CPS performance

Regarding CPS performance, students of the class consistently
exploring ineffectively (class 1) achieved lower mean scores in both CPS
phases than students of the remaining classes (classes 2, 3, 4), who
applied VOTAT more consistently and explored more effectively. This
result is in line with our expectations and previous results showing
positive correlations between VOTAT strategy application and CPS
performance (e.g., Greiff et al., 2016; Kroner et al., 2005; Molnar &
Csapd, 2018; Peji¢ & Molcer, 2021; Vollmeyer et al., 1996; Wiistenberg
et al., 2014). Comparing our three remaining classes, emerging ex-
plorers (3) reached lower CPS scores for both phases than inefficient
explorers (2) and proficient explorers (4). This result pattern further
underlines the importance of an effective exploration behavior (i.e.,
using VOTAT at least once for each input variable). In contrast to inef-
ficient explorers (2) and proficient explorers (4), emerging explorers (3)
did not explore effectively in the first two items (and partially in the
third item). Thus, the mean effectiveness across the item set was lower in
emerging explorers (3) than in the other two classes, resulting in lower
CPS performance scores. However, and in contrast to our expectations,
the inefficient explorers (2) and the proficient explorers (4) did not differ
concerning CPS performance scores. The reasoning underlying our ex-
pectations was that using items with rather low complexity in our study
might result in the consequence that more efficient exploration behavior
is beneficial for CPS performance (following Molnar & Greiff, 2023).
However, students of more efficient exploring classes did not achieve
superior CPS scores. Comparably unequivocal were the previously
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reported relations between the number of exploration steps and CPS
performance as mentioned in the introduction, where higher CPS per-
formance scores sometimes went hand in hand with higher (e.g., Csanyi
& Molnar, 2025; Eichmann, Goldhammer, et al., 2020) and sometimes
with lower (e.g., Greiff et al., 2016; He & von Davier, 2015; Stadler,
Fischer, & Greiff, 2019) numbers of exploration steps. Notably, repeated
actions in the sense of double-checking behaviors (Eichmann, Greiff,
et al.,, 2020) might be useful. Those authors focused on goal-directed
exploration behaviors (i.e., every action that is necessary to solve the
task successfully) and not specifically on the number of necessary and
unnecessary VOTAT actions as analyzed in our study. Therefore, the
theoretical status of the number of exploration steps and the efficiency of
the exploration behavior for successful CPS performance as well as their
relations call for further research.

Interestingly, inefficient explorers (2) and proficient explorers (4)
differed in the efficiency of the exploration behavior, but not in their
CPS performance in both phases. Furthermore, the students of both
classes applied VOTAT consistently. Thereby, they explored effectively,
and the complete information about the underlying relations (i.e., direct
effects) was provided by the system. Possibly, the students of both
classes differed in their repeated actions (in the sense of less efficient
explorations) because they differed also in the amount of information
required to come to confident judgements about direct effects. Corre-
spondingly, the interindividual difference variable confidence judge-
ment (e.g., Rudolph et al., 2017) might explain these class differences in
the efficiency of the exploration behavior. Specifically, students with
lower confidence judgements might require more evidence and, corre-
spondingly, double-checking to come to conclusions about the effects.
To further elucidate these ideas in future studies, one should assess
confidence judgements and characteristics of the problem solving style
(see e.g., Gao et al., 2022).

Interestingly, our findings offer an empirical basis for adaptive and
individualized approaches to foster students' explorations: To ineffective
explorers, one should teach the VOTAT strategy and its application to
enhance more effective exploration behavior and, ultimately, more
successful complex problem solving. For inefficient or less efficient ex-
plorers, however, instructions might be useful to highlight that applying
unnecessary exploration steps does not provide any further information,
which is particularly important for situations with limited exploration
time. This should be examined in future studies.

4.5. Limitations, strengths, and outlook

As every study, our study has some limitations. First and concerning
the operationalization, we defined effective exploration behavior as
using VOTAT at least once for each input variable, which is character-
izing a very structured, systematic, and expedient exploration behavior,
providing all information about the underlying relations between the
input and output variables of the item. Nevertheless, not using VOTAT
consistently for each input variable, but using other strategic behaviors
might sometimes be intertwined with successful problem solving as well
(e.g., Rollett, 2008). However, numerous authors pointed to the
importance of VOTAT as indicated by, for example, substantial relations
between VOTAT use and intelligence (e.g., Lotz et al., 2017; Wiistenberg
et al.,, 2014) as well as VOTAT use and CPS performance (e.g., Greiff
etal., 2016; Kroner et al., 2005; Lotz et al., 2022; Molnar & Csap6, 2018;
Nicolay et al., 2023; Peji¢c & Molcer, 2021; Vollmeyer et al., 1996;
Wiistenberg et al., 2014). Furthermore, and regarding the VOTAT
application across the item sequence, we widened the scope to effec-
tiveness and efficiency, thereby replicating earlier VOTAT related re-
sults to a large extent (e.g., Molnar & Csapo, 2018). Second, we did not
further differentiate the group of students who did not use VOTAT
consistently in the analyses; this group (coded as “8” in Table 3)
included students who did not use VOTAT at all and students who used
VOTAT only partially (i.e., for some, but not all input variables). As
noted in the footnote in the results section, we examined this group in
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more detail in a post-hoc analysis pointing to the relevance of partial
VOTAT use for CPS performance scores (although the pattern of results
was not completely consistent regarding statistical significance).
Correspondingly, it might be fruitful in future research to subdivide this
group into certain subgroups. Third, we did not further inspect the un-
necessary exploration steps beyond their number. More in-depth ana-
lyses could investigate the patterns of repeated actions (e.g., distribution
of double-checking behavior across input variables) and their relations
to, for example, reaching the target values of the related output vari-
ables. Thereby, the processes of knowledge consolidation and integra-
tion should be further clarified. Fourth, we identified four classes based
on students' exploration behavior across a sequence of CPS items and
showed significant mean differences between the classes in their intel-
ligence test scores and CPS achievement scores. Although the authors of
some earlier studies have considered intelligence as a predictor of the
exploration behavior, and exploration behavior as a predictor of CPS
outcomes (Lotz et al., 2022; Nicolay et al., 2023), we focused on the
class-based classification of students' exploration behavior and the cor-
responding mean differences among the classes in a cross-sectional
design. Fifth, concerning the generalizability of our results, using
more items or items from other CPS scenarios (e.g., MultiFlux; Kroner
et al., 2005) in other samples (e.g., age group, country) represents an
important endeavor for future research. Sixth, an open question is
related to the relevance of our results concerning transfer to other facets
of problem solving. The MicroDYN items used in our study are in line
with the definition of CPS mentioned in the introduction. However, it
may be worthwhile to additionally investigate the relevance of our re-
sults regarding the effectiveness and efficiency of beneficial strategic
behaviors for other forms of problem solving (e.g., creative problem
solving, collaborative problem solving) and other assessment tools (e.g.,
stealth assessment; see e.g., Shute et al., 2016). Considering various
forms of problem solving and assessment tools simultaneously in one
study might allow to come to a more comprehensive evaluation of
problem solving skills. Furthermore, such results may provide a solid
basis for adaptive training programs. Seventh, the order of the CPS items
in our study was fixed. Therefore, one cannot distinguish effects
resulting from the structure of the specific item, the position of the
specific item in the item sequence, nor item sequence effects regarding
the exploration behavior. Possibly, students might have learned how to
explore effectively and efficiently in specific preceding items. Corre-
spondingly, permuting the items might provide useful insights.

Despite these limitations, our study has some important strengths.
First, we combined log-file based exploration behaviors (i.e., process
data) across a sequence of CPS items with CPS achievement scores,
thereby further elucidating the relations between process and product
data. Second, our person-centered approach identifying four classes of
students with qualitatively differing exploration behaviors across the
item sequence provided first insights into the corresponding short time
developments of the exploration behavior. Third, we investigated
VOTAT as a well-researched and domain general exploration strategy in
CPS and widened the research focus to its effectiveness and efficiency.
Concerning effectiveness, we replicated former results pointing to the
extraordinary relevance of VOTAT for successful problem solving.
Furthermore, and extending previous studies on the exploration
behavior, we combined both, qualitative (i.e., VOTAT, effectiveness)
and quantitative (i.e., number of unnecessary VOTAT steps, efficiency)
aspects of the exploration behavior. In contrast to former studies relying
on effective VOTAT use as basis for class formation, we combined
effective and efficient VOTAT applications, providing novel insights into
beneficial exploration behavior and successful problem solving as well
as the changes of the exploration behavior across the item sequence in
different classes. Importantly, these results might serve as foundation for
the aforementioned adaptive and individualized approaches to foster
beneficial explorations and successful problem solving. Further in-
vestigations of the efficiency should further clarify the role of the
number of repeated exploration steps. Fourth, to the best of our
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knowledge our study is the first to examine the relationship between
intelligence and the efficiency of the exploration behavior. Fifth and in
contrast to many earlier studies which assessed intelligence with only
one subtest or very few subtests, we operationalized intelligence broader
with ten differing subtests in the sense of a “good g” (Jensen & Weng,
1994).

Concerning educational practice, fostering effective exploration
behavior (i.e., consistent VOTAT use) should be regarded as a central
instructional goal when students are confronted with new systems,
tasks, and problems. Regarding scientific phenomena, the instruction of
the control of variables strategy is established, for example through
carefully designed experiments in physics education (Schwichow et al.,
2015; see also Schwichow et al., 2016). When designing a specific cur-
riculum, teachers or instructors should consider the more general and
content overarching strategy development besides teaching certain
topics. Accordingly, the educational standards for science education in,
for example, Germany define students' competencies for knowledge
acquisition through experimentation (including the control of variables
strategy) as a central goal of physics instruction (KMK, 2005). The
importance of an efficient exploration behavior has not yet been
conclusively established despite its relevance in designing experiments
when, for instance, dealing with expensive consumables. Regarding the
relationship between class membership, students' intelligence, effective
and efficient exploration behavior, and successful problem solving as
well as their relations with successful learner-tailored instruction,
further research is needed concerning corresponding aptitude-treatment
interactions (Cronbach & Snow, 1977), especially regarding the ques-
tion whether higher intelligence interacts as enhancer or compensator
with educational instructions (see also Kiihl et al., 2022).

Taking the design and the results of our study into account, several
directions for future research are recommended. First, participants
should be explicitly instructed to explore efficiently (at least in one
condition) to further clarify the relevance of the efficiency of the
exploration behavior. Second, providing more details about possibly
occurring effects in the MicroDYN introduction (such as potential effect
with non-linear relations that are easily identified through double-
checking) and prior to item engagement may promote the application
of corresponding strategies. Third, an experimental design with inter-
vention groups, in which targeted exploration strategies are instructed
(e.g., effective exploration vs. effective and efficient exploration) should
be contrasted with a control group characterized by not specifically
influenced exploration behavior. Fourth, including personality traits (e.
g., conscientiousness) and problem solving styles (e.g., acting, reflect-
ing, shirking; Gao et al., 2022) should provide further insights about
their interplay with exploration effectiveness and efficiency, possibly
suggesting even more details about tailored support—within and,
hopefully even, beyond CPS contexts. Fifth, an experimental design with
different orders of the items could help to detect effects of the item
structure or item order. Sixth, future studies might benefit from sub-
dividing the group we coded as “8” in our study and examining how
students who apply VOTAT only partially (i.e., not for all input vari-
ables) fit into the existing findings. In this context, it might also be
worthwhile to consider an alternative operationalization of effective-
ness—one that recognizes not only VOTAT but also other theoretically
effective combinations of steps as effective. This approach could further
be used to compare different operationalizations in terms of their impact
on the results.

4.6. Conclusions

By analyzing the log-file data of the exploration behavior, we iden-
tified four distinct classes of students differing in their VOTAT behavior
across the sequence of five items. Specifically, the students of these
classes differed in whether they used VOTAT, how consistent and effi-
cient they used VOTAT, and how their exploration behavior changed
across the item sequence. The person-centered approach is well suited to
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examine the development of the exploration behavior over an item
sequence and to detect and classify patterns of strategic behaviors. The
four classes of students differed in their mean intelligence test scores as
well as their CPS performance scores in both phases. The fundamental
distinction of students applying VOTAT (mostly) consistently or not, and
corresponding intelligence test and CPS performance differences un-
derline the exceptional relevance of effective exploration behavior. The
efficiency of the VOTAT behavior across the item sequence was, how-
ever, less consistently related to the intelligence test scores and CPS
performance scores. In conclusion, the insights gained in our study
widened our understanding of the exploration behavior forming a basis
for adaptive interventions aimed at fostering beneficial strategies to
ultimately become better problem solvers and successful students in an
increasingly complex world.
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