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� CPS was measured equivalently in the sample of Jordan and Hungary university students.
� The development of CPS skills was not universal in the two samples.
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� Process indicators in the two samples were non-invariant across the different latent profiles.
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A B S T R A C T

Complex problem solving (CPS) is considered an important educational outcome in the 21st century. Despite its
importance, we have only little only knowledge of its measurability, development, or comparability in some
countries, in particular in those with a short history of computer-based assessment. The results of the current
study provide insights into the validity of CPS measurements and shed light on the different behavioral patterns
and test-taking behavior in two convenience samples with different sample characteristics of Jordanian (N ¼ 431)
and Hungarian (N ¼ 1844) students as they solve complex problems. CPS proved to be measurement-invariant in
Jordan and Hungary among university students. Analyzing log data, we identified differences in students' test-
taking behavior in terms of the effectiveness of their exploration strategy, time-on-task, and number of trials.
Based on the students’ exploration strategy behavior, we identified four latent classes in both samples. The tested
process indicators proved to be non-invariant over the different latent profiles; that is, there are differences in the
role of the number of manipulations executed, time-on-task, and type of strategy used in actual problem-solving
achievement between students that fall within different profiles. This study contributes to our understanding of
how students from different educational contexts behave while solving complex problems.
1. Introduction

As a result of an increasingly interconnected global economy, stu-
dents today will compete with each other not only on national labor
markets but also on international ones. Highly skilled adults are more
likely to be employed and have access to better-paying jobs than poorly
skilled ones. That is, the aim of national education systems should be to
. Moln�ar).
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equip students with internationally competitive knowledge and skills.
Parallel to this issue, there has been a change in what is considered
valuable knowledge. The role of declarative knowledge has decreased,
and the value of the applicability of knowledge and that of new knowl-
edge creation and innovation, that is, the role of thinking skills, have
increased. In the 21st century, problem-solving represents one of the most
cited, highlighted, and important skills on the labor market.
anuary 2022
ticle under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-

mailto:gymolnar@edpsy.u-szeged.hu
http://crossmark.crossref.org/dialog/?doi=10.1016/j.heliyon.2022.e08775&domain=pdf
www.sciencedirect.com/science/journal/24058440
http://www.cell.com/heliyon
https://doi.org/10.1016/j.heliyon.2022.e08775
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
https://doi.org/10.1016/j.heliyon.2022.e08775


G. Moln�ar et al. Heliyon 8 (2022) e08775
Complex problem solving (CPS)1 is among the most extensively
studied areas among the problem-solving skills in educational context
over the past few decades (Csap�o and Moln�ar, 2017; Greiff et al., 2013a,
b; Greiff et al., 2015a,b; D€orner and Funke, 2017). It is a specific form of
problem-solving (Funke, 2014), where the problem-solver needs to
explore, understand, and control problem environments that are un-
known, non-transparent in nature, and consisting of a number of inter-
connected elements (Buchner, 1995; D€orner, 1986; Funke, 2001;
Wüstenberg et al., 2012). CPS tasks focus on domain-general processes
and disregard the role of content knowledge and rote learning (see
Funke, 2001; Funke and Frensch, 2007; Greiff et al., 2012). When solving
complex problems, the problem-solver is more effective when relying on
abstract representation schemata by understanding the structure of the
problems rather than based on specifically relevant school knowledge or
example problems (see Holyoak, 1985; Klahr et al., 2007).

CPS enables us to study, first, how knowledge is gathered in a new
problem situation (i.e., knowledge acquisition) and, second, how this
knowledge is applied to actually solve a problem (i.e., knowledge
application), independently of domain-specific content (Greiff et al.,
2013b; Moln�ar et al., 2013). By its nature, CPS is considered an important
educational outcome in the 21st century. Since it strongly predicts
educational achievement (Greiff et al., 2012; Schweizer et al., 2013), it
has become essential to understand the fine mechanisms of CPS, espe-
cially to understand the reasons students’ behaviors may lag behind in
CPS performance and to be able to design effective educational programs
to improve it.

The enormous development and spread of computer-based assess-
ment and analytical techniques (e.g., developments in structural equa-
tion modelling, in pattern finding techniques, and in process and logfile
analyses) have made it possible to learn a great deal about the processes
and specific features related to CPS in the last few years. In fact, a number
of studies have confirmed the international usability of tests measuring
CPS (Greiff et al., 2015b; Moln�ar and Csap�o, 2018; Mustafic et al., 2019;
OECD, 2014a; Wu and Moln�ar, 2021).

In 2012, CPS was also assessed as a core marker of educational
achievement in one of the most prominent international large-scale as-
sessments, OECD PISA (OECD, 2014a), where 15-year-old students from
40 countries took part in the CPS data collection. Based on the PISA re-
sults (OECD, 2014a), we have some knowledge of how students with
different cultural backgrounds and learning experiences may differ in
their problem-solving performance, but we know little about how un-
derlying processes may differ. Güss et al. (2010) analyzed CPS processes
based on cultural-psychological theories by investigating think-aloud
protocols in five countries (Brazil, Germany, India, the Philippines, and
the United States). Their results showed cross-national differences in all
CPS steps, including knowledge acquisition and knowledge application.

Despite the relatively great attention paid to CPS (see Schoppek et al.,
2018), we have little knowledge of its measurability, development, and
comparability issues in countries in the Arab region, especially in Jor-
danian communities, where computer-based assessment has less of a
history and students don't have as much access to computers and asso-
ciated learning experiences as in some other countries. Beyond the lower
prevalence of computer-based tests, spatial biases of the Arabic language
– which runs from right to left and not from left to right like European
languages – can influence human behavior and can cause biases at both
low-level perceptuo-motor skills and high-level conceptual representa-
tions (Rom�an et al., 2015). Language has the potential to influence
cognitive processes as it may direct attention to conceptual representa-
tions and distinctions that are encoded in a given language over others
1 As concerns terminology, please note that there are different labels for the
subject under investigation in the literature (e.g., complex problem-solving,
dynamic problem-solving, creative problem-solving, and interactive problem-
solving, see Csap�o and Funke, 2017). In the present paper, we use the most
widely used modifier, complex.
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(Gleitman and Papafragou, 2012; Landau et al., 2010); it is a type of tool
that influences human representational resources (Ünal and Papafragou,
2018). Thus, language-related factors can cause invariance in measuring
rroblem solving. In addition, cultural mindset can also influence
problem-solving (Arieli and Sagiv, 2018). Members of individualist cul-
tures (like the Hungarian culture; see Holicza, 2016) perform better on
rule-based problems, whereas members of collectivist cultures (such as
the Jordanian culture; Ourfali, 2015) solve context-based problems more
easily (Arieli and Sagiv, 2018). For members of individualist cultures, the
task is more important than personal relationships (Al Suwaidi, 2008),
while in-group goals take priority over personal goals in collectivist
cultures (Schwartz and Bilsky, 1990), where group performance is more
important than individual task performance (Hofstede and Hofstede,
2005) and consultative decision-making is preferred over autonomous
decisions (Al Suwaidi, 2008). However, please note that both individu-
alist and collectivist countries vary along a continuum of individualism
and collectivism (Al Suwaidi, 2008). Further, the problems that are used
here are likely to be more focused much on the task and on individual
performance. Countries also differ to the extent in which they teach, for
instance, problem solving at school, which in turn might lead to distinct
differences between countries. All these cultural, national, linguistic, and
educational factors may have a powerful effect on students’ skills,
resulting in potential differences in performance among students. As an
example of the continuum noted above, compare teaching methods and
educational success based on international large-scale assessments of two
largely collectivist countries: China and Jordan.

To sum up, we accept Triandis (1994) argument about culture and the
role of cultural differences in human behavior: “culture is to be seen as a
web of significances that direct, guide and shape human action” (Tri-
andis, 1994). Indeed, it is a complex phenomenon. Along these lines, it is
important to study CPS processes in countries that fall within different
cultures as outlined above – a topic that has so far been neglected in
current research.

In the present paper, we address this shortcoming and analyze
behavioral and overall performance data in CPS across two different
countries that fall within different cultures: the Jordanian and Hungarian
cultures. Specifically, after adapting the CPS problems to both languages,
we analyze the measurement invariance of one of the most commonly-
used CPS measures (i.e., MicroDYN) across Jordanian and Hungarian
students in Research Question 1. Subsequently, we investigate the nature
of the developmental differences in three steps. First, we focus on the
concrete answer data of the students, using the traditional method for
scoring the problems (Research Question 2). Second, we go deeper to
reconstruct what high- and low-achieving students did during the
problem-solving process, that is, how motivated they were, e.g., how
much time they spent on the problems and howmuch effort they showed
during the test administration (number of clicks) (Research Question 3).
Third, using logfiles and a behavior pattern-finding algorithm, we iden-
tify different problem-solving profiles in both countries and compare
students’ behavioral features based on their class profiles and final scores
(Research Question 4).

2. The present study

CPS has been extensively assessed in international large-scale as-
sessments (see PISA, 2012). However, as an international option, not all
countries that participated in the 2012 PISA cycle also participated in the
assessment of problem-solving, and only a few countries from the Middle
East did so. For instance, Jordan did not. Thus, the present study is likely
to be the first to report on CPS among Jordanian students. Of note,
despite the widespread use of CPS in international samples, less attention
has been paid to its measurement invariance across different nations and
cultures. In PISA, according to the general procedures, “items were
singled out whenever they showed differential item functioning in the
Field Trial” (OECD, 2014b, p. 98). According to the PISA technical report,
no measurement invariance was tested in the structural equation
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modeling framework. Wüstenberg et al. (2014) investigated and showed
measurement invariance of CPS between Hungarian and German
8th–11th-grade students. Wu and Moln�ar (2021) analyzed measurement
invariance of CPS among Hungarian and Chinese 12-year-old students.
Their results indicated that the measurement of CPS across these two
cultures was not measurement-invariant. This indicated that cultural and
educational differences can indeed influence the measurement of CPS.
That is, before looking at mean differences, for instance, in Hungarian
and Jordanian students, it is important to examine measurement equiv-
alence across cultures. Thus, the first research question in this study asks
whether we can measure CPS equally in both samples.

Research Question 1 (RQ1): Do Jordanian and Hungarian students in the
samples interpret CPS problems the same way? Thus, is CPS measurement-
invariant across our samples of Jordanian and Hungarian university students?

Several studies have shown that students with different educational
and cultural backgrounds perform differently in CPS environments
(Greiff et al., 2015b; OECD, 2014a; Wu and Moln�ar, 2021; Wüstenberg
et al., 2014). However, this picture is incomplete and limited to certain
geographical areas and countries as of now. There is little research about
levels of CPS achievement, even within a traditional
performance-oriented approach, among students from the Middle East.
Further, based on the international research results on developmental
changes in students' exploration strategies and test-taking behavior in a
CPS environment, which will be the focus of the third research question,
most of the information is based on international comparison studies,
where, beyond students from different European or Asian countries,
students from Hungary form the bases of comparison (see Csap�o and
Moln�ar, 2017; Greiff et al., 2013b, 2018; Moln�ar and Csap�o, 2017; Wu
and Moln�ar, 2021; Wüstenberg et al., 2014). That is, research results
based on data from Hungarian students (as a common aspect of earlier
analyses) could act as a benchmark in comparison studies involving
students’ developmental differences (from a more traditional
performance-oriented approach, RQ2) and behavioral differences (from
a more innovative behavioral pattern-oriented approach, RQ3) in a CPS
environment at an international level. Built on the knowledge acquired
from answering RQ1, that is, assuming that CPS can be measured
equivalently in the two samples, the following research question has been
formed on the second issue from a more traditional perspective:

Research Question 2 (RQ2): Can developmental differences be identified in
CPS skills in our samples of between Jordanian and Hungarian university
students? If so, what is the nature of these developmental differences?

Having established that we can measure CPS equivalently across the
two samples (in RQ1) and that students in our two subsamples from
Hungary and Jordan may differ both in their CPS test scores (RQ2), we
want to better understand these differences by actually looking at un-
derlying behaviors. To this end, technology-based assessment offers an
opportunity to collect contextual information gathered beyond the final
response data and analyze different behavioral indicators, such as strat-
egy effectiveness, number of trials, and time-on-task. Logfile analysis has
the potential to look at developmental differences from different per-
spectives (Nicolay et al., 2021) and to provide more sophisticated feed-
back instead of using single indicators, such as an overall test score.

In addition, according to earlier research results (see Greiff et al.,
2018; Moln�ar and Csap�o, 2018), final scores may conceal true develop-
mental and behavioral differences as regards CPS. For example, students
with average achievement can engage in different behavior patterns. For
instance, (a) they can be average achievers on all of the problems; (b)
they can be high achievers on the easiest problems but low achievers on
the hardest ones; and (c) they can be grouped as rapid learners, that is,
learners with low achievement at the beginning of the test but, as a result
of a rapid learning effect, high achievers on the most difficult problems at
the end. The interactivity of the CPS problems offers opportunities to
analyze, describe, and cluster the behavior of the students during the test
and thus to understand the patterns that lead to final CPS performance
scores.
3

Moln�ar and Csap�o (2018) investigated the relation between (1)
theoretical strategy effectiveness, which was linked to the amount of
information extracted from the problem environment and empirical
effectiveness, and (2) ultimate CPS achievement in 3rd–12th-grade stu-
dents. Results showed that the use of a theoretically effective strategy
does not necessary result in high performance.

Goldhammer et al. (2014) studied the link between number of in-
teractions and problem-solving achievement in technology-rich envi-
ronments, which “assumes two concepts, accessing information and
making use of it, that seem similar to knowledge acquisition and appli-
cation” (Goldhammer et al., 2014, p. 7). Results showed that
low-achieving students typically engage in fewer interactions with
problems that require controlled processing. Other studies have
confirmed the positive correlation between CPS achievement with
number of clicks and amount of exploration (see Eichmann et al., 2020).

Research findings referring to time-on-task as regards CPS are more
heterogeneous. According to Greiff et al. (2016), spending too much time
on CPS problems was associatedwith poor performance. Authors claimed
that there was an optimal time frame for working on CPS tasks. In
contrast, Alzoubi et al. (2013) argued that spending more time on CPS
problems resulted in significantly higher achievement; that is, more time
allows for longer planning and better planned solutions. This finding was,
by and large, confirmed by Eichmann et al. (2019). They argued that,
especially at the beginning of the CPS process, more planning has a
positive impact on final achievement. According to Goldhammer et al.
(2014), time-on-task correlated positively with item difficulty and more
time was helpful for compensating for the lack of problem-solving ability.

That is, to understand the reasons behind overall achievement dif-
ferences in CPS between groups (here two convenience samples of
Hungarian and Jordanian students; see RQ2), we analyze students’ test-
taking behavior in solving CPS problems with the aim of answering the
following research questions:

Research Question 3 (RQ3): What kind of test-taking behavior do Jordanian
and Hungarian university students in our samples exhibit when solving complex
problems? Are there differences between them in the theoretical effectiveness of
their strategy use, their time-on-task, and the number of trials they use?

In RQ2 and RQ3, we explored quantitative differences between the
two samples in general; that is, we looked for differences in the Hun-
garian and Jordanian students’ test-taking behavior: final score (empir-
ical effectiveness), amount of information extracted (theoretical
effectiveness), number of trials, and time-on-task. In RQ4, we expand on
this perspective by highlighting different types of problem-solvers with a
person-centered approach. We thus explore whether there are also
qualitatively different problem-solvers in the two samples under exami-
nation. That is, we want to investigate whether there are different pro-
files and whether there are other CPS-related differences. We will thus
focus on the exploration of student-level problem-solving behaviors and
investigate whether there are different types of problem-solvers and how
these compare in the two samples (T�oth et al., 2017).

As input variables for this person-centered approach, the vary-one-
thing-at-a-time (VOTAT) strategy was chosen because it has received
the most attention in CPS research as a process indicator and has been
shown to be one of the most relevant indicators of high CPS achievement.
Its effectiveness in connection with high CPS achievement has frequently
been discussed (e.g., Eichmann et al., 2020; Greiff et al., 2018; Greiff
et al., 2015b; Moln�ar and Csap�o, 2018; Mustafic et al., 2019; Stadler
et al., 2020; Wu and Moln�ar, 2021). According to the definition of the
VOTAT strategy, students systematically vary only one input variable
while keeping the others unchanged. This is akin to the principle of
isolated variation. We used the extent to which this special strategy was
employed in the exploration phase and conducted a latent class analysis
in a person-centered approach to see whether there are qualitative dif-
ferences in the classes across the two samples.

There are a few studies that have examined different classes of Hun-
garian students, but only one so far has compared different countries. Greiff
et al. (2018) analyzed 6th–8th-grade Hungarian students' exploration
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strategy class profiles in CPS environments. Moln�ar and Csap�o (2018)
examined 3rd–12th-grade (aged 9–18) Hungarian students' problem-solving
behavior to distinguish qualitatively different exploration strategies. At the
university level, Moln�ar (2021) identified four latent class profiles in
Hungarian students: (1) proficient explorers; (2) almost high performers on
the easiest problems but low performers on the complex ones with a slow
learning effect; (3) rapid learners; and (4) low to intermediate performers
on the easiest problems but non-performers on the complex ones with a
slow learning effect. With regard to groups from different countries, Wu
and Moln�ar (2021) compared Hungarian and Chinese 6th-graders’ (twel-
ve-year-old students) exploration profiles in a CPS environment. They
identified three qualitatively different class profiles with remarkable dif-
ferences in both the Chinese and Hungarian samples: for example, the class
of “low performers” was not found in the Chinese sample, and the pro-
portion of proficient explorers was significantly higher in the Chinese
sample than in the Hungarian one.

To sum up, students' behavior on the CPS tasks separately not only
predicts their problem-level achievement but might also be an indicator
of their general test-taking behavior and a predictor of their overall CPS
performance. Therefore, as a validation strategy for the qualitatively
different classes identified, we investigate the relation between students’
class membership on the basis of the VOTAT strategy in connection with
their behavior and their overall CPS performance. We will thus answer
the following research question:

Research Question 4 (RQ4): Based on the exploration strategy (i.e.,
VOTAT), which profiles can be extracted from the Jordanian and Hungarian
student samples? Are there differences in the types of profiles that emerge from
the two samples?

Please note that unlike large-scale assessments that often use repre-
sentative samples, the samples in this study are not representative and
also not directly comparable (see participant description). To this end,
this study (and the four research questions therein) does not allow to
compare Jordanian and Hungarian students on a general level and
interpretation is restricted to the two samples on the background of their
different characteristics (see below for a description of these differences).
However, given the scarcity of data in this area, we believe that this study
has knowledge to add to the current state of the literature.
3. Methods

3.1. Participants

The participants in the Jordanian sample were studying in different
years at two large Jordanian universities. One of the universities has 15
schools (students from five of the schools took part in the assessment:
Table 1. Comparison of the Jordanian and Hungarian samples along the same variab

Demographic data Jordan

Mean SD

Age 20.6 3.1

Gender (1: male; 2: female) 1.53 .50

Year of Matura examination 2015 5

Average result of Matura examination – compulsory parts* 85.81 9.0

Study goal** 1.67 1.1

Parental education*** 4.26 2.4

Number of books**** 2.94 1.9

ICT infrastructure***** 3.16 1.3

Note. *The compulsory subjects are different in the two countries. In Jordan, they are
Hungarian, Mathematics, History, and a foreign language.
**Study goal is measured on a 3-point scale: 1: BA; 2: MA; 3: PhD – the level of educ
***Parental education was measured on a 7-point scale: 1: below primary…7: unive
****Number of books: 7-point scale: 1: less than 1 bookshelf…7: more than 1000 bo
*****ICT infrastructure at home: 1: none at all….5: a great deal.
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Arts, Economics and Administrative Sciences, Shari'a and Islamic Studies,
Education, and Information Technology and Computer Science). The
other one has 13 schools (students from four of the schools participated
in the study: the School of Information Technology, School of Arts and
Humanities, School of Science, and School of Educational Sciences). After
cleaning the data, that is, deleting all the students (less than 5%) from the
sample who had completed less than half of the test, the sample consisted
of 431 students (mean age¼ 20.6; SD¼ 3.11), with 53.4% of them being
female. Students' participation was voluntary; as an incentive, they
earned credit for successful completion of the test.

Participants in the Hungarian sample were commencing their studies
at one of the largest and highest-ranked Hungarian universities. The
university has twelve schools (e.g., Humanities and Social Sciences,
Science, Medicine, Law, and Economics), all of which were involved in
the assessment. A total of 1844 students, that is, 44.8% of the target
population, participated in the study (mean age ¼ 19.9; SD ¼ 1.82), with
59.8% of them being female. After data cleaning, that is, deleting all the
students from the sample who had completed less than half of the test,
1828 students remained in the sample (less than 1% omitted). Students’
participation was voluntary; as an incentive, they earned one credit for
successful completion of the tests.

Some important differences were noted in the background data for
the two samples. In Hungary, only first-semester students took part in the
assessment, whereas there were also students in higher semesters in
Jordan. Nonetheless, there was no significant difference in the mean age
of the participating students. In Jordan, in terms of proportions, 6%more
male students were part of the study than in Hungary. The study goal of
the students did not differ in both samples. Parents’ educational level,
number of books, and available ICT infrastructure at home proved to be
higher in the Hungarian than in the Jordanian sample (see Table 1).
These differences need to be taken into account when interpreting the
results because the two samples differ on important background vari-
ables. These differences could be due to different learning experiences as
well as due to differences in sample composition. This needs to be kept in
mind when interpreting the findings of this study.
3.2. Instrument

A complex problem-solving test based on the MicroDYN approach
was administered in both samples. The tests consisted of the same
complex problems (ten problems) with increasing item complexity
(number of input and output variables and number of relations) and
fictitious cover stories. At the beginning of the test, participants were
provided with the same instructions on engaging with the user interface,
including the same warm-up task. MicroDYN is designed to allow
les.

Hungary t test/Welch test

Mean SD

1 ¼ 19.99 1.82 n.s.

< 1.59 .49 t ¼ -2.5 p < .05

< 2019 1.7 t ¼ -þ6.9 p < .01

4 76.22 15.03 not comparable

7 ¼ 1.66 1.03 n.s.

7 < 5.44 1.26 t ¼ -8.5 p < .01

8 < 4.41 1.68 t ¼ -12.8 p < .01

< 4.19 0.967 t ¼ 17.11 p < .001

Arabic, English, History of Jordan, and Islamic Education. In Hungary, they are

ation he or she ultimately wishes to complete.
rsity degree equivalent to MA or MSc.
oks.
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students to acquire the general exploring skill through problem-solving
with a limited number of variables and relations, while in most cases
nothing changes in the problem scenario if the participant has not
changed any variables. Thus, the test is designed so that students can
learn during the test-taking process as previous problems and previous
problem-solving processes can influence subsequent problem-solving in
the MicroDYN task. Because of these special features of MicroDYN
problems and tests, the learning process can be explored and quantified,
thus providing the possibility to measure the learning potential of the
students occurring in the problems and during the test-taking procedure.

From the perspective of the traditional psychometric approach, each
problem consisted of two phases: knowledge acquisition (first phase) and
knowledge application (second phase), which were scored separately.
Consequently, each problem consisted of two scoreable items.

In the first phase of the problem-solving process, the free exploration
phase, the relations between the input and output variables needed to be
explored by interacting with the problem environment. During this
interaction process, students were expected to manipulate the values of
the input variables (Greiff and Funke, 2010) as many times as they liked
within 180 s and to identify the resultant changes in the output variables
(direct effects) to acquire new knowledge (Fischer et al., 2012). The test
contained tasks where output variables could have changed not only as
an effect of manipulation of the input variables but also spontaneously,
with internal dynamics (eigendynamic; Greiff et al., 2013b). Independent
of the type of effects and relations, it was possible to detect the structure
of the problems with an adequate problem-solving strategy (Greiff et al.,
2012) and with an adequate, systematic manipulation strategy. To do
this, test-takers were expected to click on a button with aþ or – sign or by
using a slider linked to the respective input variable (See Figure 1) and
press the Application button, which made it possible to test the effect of
the set values of the input variables on the output variables, which was
defined as a trial. The effect in terms of the changes in the values of the
output variables was presented on a graph next to each output variable,
similarly to the history of the earlier settings of the input variables within
the same scenario, which was also presented on a graph next to each
input variable. According to the user interface settings, within the same
phase of each problem, the input values remained at the same level until
the Reset button was pressed or they were changed manually. The Reset
button set the system back to its original status, that is, the values of the
input and output variables were reset to zero, and the history of the
earlier settings and effects disappeared from the graphs. In the present
paper, we have labeled and analyzed these strategies using the log data
collected during the exploration phase of the problem-solving process.
During this 180 s in the first phase of the problem-solving process, they
were expected to draw the relations they noticed in the form of arrows
between the variables presented on the concept map under the Micro-
DYN scenario on screen. This first phase of the problem-solving process,
Figure 1. Screenshot of the MicroDYN task “Game Night.” See the original version of
“- -” (value ¼ -2) to “þþ“ (value ¼ þ2). They are presented on the left side of the prob
Arabic one. The model is shown at the bottom of the figure. (The English-language
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including the free exploration and the model building process, is often
called the knowledge acquisition phase (see Greiff et al., 2013b).

In the second part of each of the problems, in what is called the
knowledge application phase (Greiff et al., 2013b), students were ex-
pected to reach the given target values of the output variables within a
given time frame (90 s), at most in four clicks of the Application button.
In this phase the right concept map was presented to the students on
screen to make the different parts of the problem-solving process as in-
dependent as possible. Finally, students were able to navigate between
the different phases within the sameMicroDYN scenario and between the
different MicroDYN scenarios using the Next button (there was no Back
button available on the test).

The language of the problems differed in the two samples. In
Hungary, the language of the instructions was Hungarian, whose writing
proceeds from left to right, while in Jordan it was Arabic, whose writing
goes from right to left. Figure 1 shows a sample item from the Hungarian
and Arabic versions of the complex problem-solving test. The translation
was conducted in the following way. The German and Hungarian ver-
sions of the instructions were independently translated into English. The
two English versions were compared and discussed. The final English
version was translated into Arabic by two independent translators. The
two Arabic versions were then compared and discussed. Sentences which
were subject to different interpretations were further discussed among
the researchers and translators.

The CPS approach and the CPS tasks have been employed extensively
at both the national and international levels (see Csap�o and Funke, 2017;
Eichmann et al., 2020; Greiff et al., 2013b; Greiff et al., 2015b; Mustafic
et al., 2019; Nicolay et al., 2021; OECD, 2014a). The psychometric
indices of the test proved to be good, independent of the cultures and
nations (see Wüstenberg et al., 2014; Wu and Moln�ar, 2021).
3.3. Procedures

3.3.1. Data collection in Jordan
Because of the COVID-19 situation, the Jordanian assessment could not

be administered in a monitored environment in the university buildings.
Students received the password and link to the complex problem-solving
test and were asked to complete the test at home. Consistent with Schult
et al. (2017) results (even though collected in German samples that might
not be directly comparable to Jordan), individual online testing of complex
problem-solving might have (to a small extent) favored the Jordanian
sample over the Hungarian one. Like the Hungarian version, the Jordanian
testing time was limited. The tests and questionnaire were administered
using the eDia online platform (Csap�o and Moln�ar, 2019). After entering
the eDia system, students had 60 min to solve the problems and complete
the related questionnaire. They received immediate feedback on their
average achievement after test completion.
the task in Greiff et al., (2013b). The controllers of the input variables range from
lem environment in the Hungarian-language version and on the right side in the
version is presented in Figure 2).
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3.3.2. Data collection in Hungary
The Hungarian assessment was carried out in a large computer room

at the university learning and information center using several security
protocols due to COVID-19 (e.g., every other computer was switched off,
use of face masks and hand sanitizer was compulsory, and all the key-
boards andmice were disinfected during the breaks). The assessment was
carried out in the first four weeks of the semester, when the university
was engaged in hybrid education. The tests and questionnaire were
administered using the eDia online platform as was the case in the Jor-
danian data collection. The testing time was limited; students had 60 min
to complete the test and the related questionnaire. They received im-
mediate feedback on their average achievement after test completion and
detailed feedback with normative comparative data on their performance
a week later.

To sum up, there are similarities and differences between the two data
collections. The later one may cause some limitations in the research
result as the samples cannot be directly compared as outlined above. The
Hungarian sample is likely to be more positively selected than the Jor-
danian one, and we would therefore already expect that the Hungarian
students outperformed their Jordanian peers on the basis of the sample
characteristics. Similarities are the following: introduction, problems,
test, test platform, immediate feedback, credit for completion, university
students, age, same period of the year, and large universities. Differences
are language, gender distribution, and supervision or no supervision
during data collection.

3.3.3. Scoring
Achievement was scored the same way in both samples. Performance

on each problem in both the first and second phases of the problem-
solving process (i.e., the knowledge acquisition and knowledge applica-
tion phases) was scored dichotomously, that is, as either right or wrong.
For the knowledge acquisition phase, a set of fully correct arrows on the
concept map, that is, the completely matching problem structure, was
assigned a score of 1; otherwise, the response was incorrect, and students
received 0 points. For the knowledge application phase, the answers were
marked as correct (“1”) if students managed to reach the given target
values of the output variables in no more than four clicks of the Appli-
cation button and within the given time frame; otherwise, the answer
was marked as incorrect (“0”). That is, each student received two scores
on each of the ten MicroDYN tasks, one for knowledge acquisition and
one for knowledge application.

3.3.4. Labeling and scoring the log data
We scored the manipulation behavior of the students in the first phase

of the problem-solving process (i.e., the knowledge acquisition phase)
based on the collected logfiles. In order to map and describe the students’
manipulation strategy, we used a labeling procedure developed by
Moln�ar and Csap�o (2018), which is applicable to problems based on
minimal complex systems, such as MicroDYN problems. The unit of this
labeling process was a setting of the input variables (a trial), which was
executed by clicking on the Application button. For example, Figure 2
demonstrates four trials. In the first trial, the value of a variable called
blue gambling chips was set to 1, and the two remaining variables were
kept at a neutral level, zero. In the second trial, the first input variable
was reset to zero, and the second (green gambling chips) was set to one.
The third one was kept at zero. In the third trial, the effect of the third
input variable was tested by setting the values of the third variable to one
and keeping the first two in their earlier status (zero and one). In the last
trial, once again, only the value of a single variable (the first one) was
changed, and the other two retained their earlier status (one), resulting in
a trial where all of the values for the input variable were set to one.

The sum of these trials within the same problem environment (i.e.,
within each MicroDYN problem) describes students’ manipulation
behavior in its entirety. In the present paper, we analyzed and scored the
log data from two different perspectives: (1) theoretical effectiveness or
strategic effectiveness: if the manipulations of the problem-solver
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provided all the relevant information on the relations that can be iden-
tified, the manipulation was called a theoretically effective strategy and
was assigned a code of 1 (that is, the information generated across trials
within the knowledge acquisition phase of one problem was complete in
the sense that all the relevant information was generated); otherwise, the
manipulation was ineffective and students received 0 points. (2) As
regards the type of manipulation strategy, we used an extra three-
category scoring procedure based on the level of optimal exploration
strategy use for each of the CPS tasks (i.e., use of the VOTAT strategy).
According to Fischer et al. (2012), the VOTAT strategy is one of the most
effective strategies for identifying causal relations between variables. In
applying the VOTAT strategy, the problem-solver systematically varies
only one input variable, while the others remain unchanged. One of the
most obvious and systematic VOTAT strategies is when only one input
variable is different from the neutral level in all the trials and all the other
input variables are systematically maintained at the neutral level (the
isolated variation strategy; Müller et al., 2013). The following three
categories have been defined: (a) no isolated variation at all: when no
isolated variation was employed for the input variables – scoring
0 points; (b) partially isolated variation: when isolated variation was
employed for some but not all of the input variables – scoring 1 point; and
(c) fully isolated variation: when isolated variation was employed for all
of the input variables – scoring 2 points.

In the example presented in Figure 2, the manipulation strategy was
theoretically successful in that students generated all the information on
the relations of the input and output. In the first two trials, the effect of
the first and second input variables was tested separately, keeping the
values of all the remaining input variables at zero. In the third trial, the
test-taker was expected to keep the result of the second trial in mind – the
second input variable has an effect on the first output variable – because
the value of the second input variable was not set to zero but kept at the
earlier level; however, the value of the third input variable was changed.
That is, the resulting change in the output variables was not only caused
by the third input variable but also by the effect of the second input
variable. If the students took care of this, during the third trial they were
able to learn about the effect of the third input variable on the output
variables. As the problem did not involve internal dynamics, it was
appropriate to test the manipulation strategy described here to ascertain
the effect of the input variables on the output variables separately; that is,
students generate all the relevant information needed to solve the
problem properly. As regards the type of exploration strategy used and
presented in Figure 2, all of the manipulations are part of the VOTAT
strategy; however, only the first two trials are part of the isolated vari-
ation strategy, while the third and the fourth trials are partially isolated
variations.

Beyond scoring performance in the two phases and the two strategy
scores (i.e., strategic effectiveness and level of isolated variation), addi-
tional log data were analyzed, including time-on-task and number of
trials. That is, CPS knowledge acquisition (traditional scoring), CPS
knowledge application (traditional scoring), effective strategy use (log-
file-based), isolated variation strategy use (logfile-based), time-on-task
(logfile-based), and number of trials (logfile-based), i.e., six variables
in total, were used for each CPS problem in the analyses. Given that ten
problems were presented, each student was scored on 60 variables
overall.

3.3.5. Analyses
Multi-group confirmatory factor analysis was used to test measure-

ment invariance between the two samples (RQ1).Weighted least squares,
mean- and variance-adjusted (WLSMV) estimation, and THETA param-
eterization were employed in the analyses (Muth�en and Muth�en, 2012).
χ2 values, an absolute fit index (the root mean square error of approxi-
mation, RMSEA), and two incremental fit indices (the Tucker–Lewis
Index, TLI, and the comparative fit index, CFI) were computed to eval-
uate model fit. According to Byrne and Stewart (2006), a series of hier-
archical models with increasing restrictions on model parameters were



Figure 2. Demonstrating the meaning of a trial within the “Game Night” problem (English-language version of the task presented in Figure 1). The instruction for the
task: Your friends invite you to a game night. They show you an interesting game you do not know the rules to. Find out how the blue, green, and red gambling chips
affect the number of cards, the number of pawns, and your score.
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estimated. According to them, measurement invariance is met if model
restrictions do not generate a substantially worse model fit in comparison
to the unrestricted model or with a stricter traditional approach and the
special χ2 difference test does not indicate significant differences in
model fit. In this paper, because of the large difference in sample size (see
Chen, 2007; Kaplan and George, 1995; Yoon and Lai, 2018), we evalu-
ated measurement invariance from a practical perspective (see Chen,
2007; Cheung and Rensvold, 2002; Meade et al., 2008; Putnick and
Bornstein, 2016; Rutkowski and Svetina, 2014). We used the following
criteria based on Chen (2007) and Cheung and Rensvold (2002): mea-
surement invariance obtains if the difference forΔCFI is smaller than -.01
and that for ΔRMSEA is smaller than .01.

To find developmental differences between our two samples of Jor-
danian and Hungarian students (RQ2, assuming that measurement
invariance holds; cf. RQ1), we used standard statistical procedures, such
as the independent t-test and effect size (Cohen's d), to compare tradi-
tional mean CPS performance scores between the two groups of students.
Measurement invariance obtained between the groups; that is, latent
mean differences could be interpreted as true differences in the measured
construct and were not due to psychometric issues (while keeping in
mind that there are limitations in the comparability of the two samples).
A latent mean comparison was conducted by constraining thresholds and
factor loadings so that they were equal in both groups. The factor in-
tercepts for the Hungarian sample were set to zero so it could serve as a
reference group during the analyses, and the latent means of the Jorda-
nian sample were freely estimated (Ingles et al., 2011).

In the analyses for RQ1 and RQ2, we only used data collected on the
overall CPS performance scores in knowledge acquisition and knowledge
application. After examining these overall CPS performance differences
in both samples, in RQ3 we looked more deeply into the behavior pat-
terns and continued the comparative analyses at the logfile level,
focusing not only on students’ final scores but also on their test-taking
behavior. That is, in answering RQ3, we involved process data in the
analyses to find what was happening “behind the scenes,” that is, which
behavioral procedures could have led to the overall CPS performance
differences between the Jordanian and Hungarian students. More spe-
cifically, standard statistical procedures (similar to RQ2) were used to
find the mean differences in theoretical strategy effectiveness, time-on-
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task, and number of trials between the Hungarian and Jordanian
students.

In RQ4, we employed a person-centered approach in terms of a latent
profile analysis (Collins and Lanza, 2009; Tein et al., 2013). We searched
for patterns on how the VOTAT strategy, more particularly, fully isolated
or partially isolated variation, developed across tasks among the Hun-
garian and Jordanian students in our samples, especially learning pat-
terns across one testing session composed of different tasks. The Akaike
information criterion (AIC), Bayesian information criterion (BIC),
adjusted Bayesian information criterion (aBIC), entropy, and the
Lo–Mendell–Rubin adjusted likelihood ratio were used to approximate
and determine an adequate number of classes in the LCA models. In
addition, the average latent class probabilities (ALCP) indicated the most
likely latent class membership for every student. Once the most likely
class membership for a student was decided, we looked at mean differ-
ences in theoretical strategy effectiveness (as regards the amount of
extracted information), in CPS knowledge acquisition (traditional
scoring), in CPS knowledge application (traditional scoring), in
time-on-task, and in number of trials between students in different latent
classes in both the Hungarian and Jordanian samples. Standard statistical
procedures such as ANOVA were used for these comparisons.

4. Results

4.1. Reliabilities

The reliability of the CPS problems as a measure of knowledge
acquisition and knowledge application, the traditional CPS indicators for
phases 1 and 2, was good in both samples (Jordanian sample: α_ph1 ¼
.842, α_ph2 ¼ .719; Hungarian sample: α_ph1 ¼ .858, α_ph2 ¼ .750; see
Table 2). After we labeled the students’ behavior in the exploration phase
of the problem-solving process at the beginning of the problem-solving
process and used the new dichotomous variables as indicators to
describe the effectiveness of strategy for each task and person, the overall
reliability of the test scores improved in both cases (α ¼ .921 and 944,
respectively; see Table 2). The reliability of the test improved further by
using the categorically scored variables to describe the level of isolated
variation strategy use (α ¼ .950 and 946, respectively; see Table 2). That



Table 2. Reliabilities of the CPS test in the Jordanian and Hungarian-language
contexts with and without the use of log data.

Type of data Jordanian Hungarian

Reliabilities of the test with traditional scoring (knowledge
acquisition phase)

.842 .858

Reliabilities of the test with traditional scoring (knowledge
application phase)

.719 .750

Reliabilities of the test with traditional scoring
(phases 1 and 2)

.872 .882

Reliabilities of the test (knowledge acquisition phase)
consisting of the new dichotomously scored variables in terms
of the effectiveness of strategy usage at the beginning of the
problem-solving process (ten items)

.921 .944

Reliabilities of the test (knowledge acquisition phase)
consisting of the new categorically scored variables describing
the level of isolated variation strategy usage (ten items)

.950 .946

Table 4. Cross-sample achievement differences in CPS: Problem complexity and
problem phase-level differences.

Complexity of
problem (Number of
input and output
variables and number
of connections)

Jordanian Hungarian t p d

Mean SD Mean SD

Knowledge acquisition

2-2 (2) 0.59 0.492 0.77 0.422 7.48 <.001 -0.39

3-3 (3 or 4) 0.46 0.493 0.76 0.424 12.96 <.001 -0.66

3-3 (2 þ 1 or 3 þ 1) 0.13 0.319 0.28 0.447 6.72 <.001 -0.40

Sum 0.36 0.422 0.57 0.44 13.21 <.001 -0.49

Knowledge application

2-2 (2) 0.56 0.498 0.72 0.450 6.62 <.001 -0,33

3-3 (3 or 4) 0.05 0.233 0.37 0.472 13.14 <.001 -0,82

3-3 (2 þ 1 or 3 þ 1) 0.02 0.126 0.17 0.348 7.93 <.001 -0,51

Sum 0.15 0.258 0.35 0.416 16.88 <.001 -0.58

Note. The ‘þ’ sign by the number of connections denotes the presence of internal
dynamics (associated with a higher level of complexity) in the problem
environment.
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is, the data proved to be reliable at both the test and phase levels. Please
note that at this point the different scores do not measure the same
phenomenon. In fact, at a conceptual level, all five scores measure
something different, which is the reason we do not compare them
directly.
4.2. Results for research question 1 (RQ1): Do Jordanian and Hungarian
students in the samples interpret CPS problems the same way? Thus, is CPS
measurement invariant across our samples of Jordanian and Hungarian
university students?

To tackle RQ1, we investigated measurement invariance across the
Jordanian and Hungarian samples. The baseline model with the two
latent CPS factors (knowledge acquisition and knowledge application)
fitted the data well in both samples (Jordan: χ2¼ 369.02, df¼ 186, CFI¼
.975, TLI ¼ .972, RMSEA ¼ .044; Hungary: χ2 ¼ 865.53, df ¼ 186, CFI ¼
.980, TLI ¼ .978, RMSEA ¼ .045). As can be seen in the results below,
CPS can be measured invariantly across Jordan and Hungary in our
sample (see Table 3). Because of the large differences in sample size, we
evaluated measurement invariance by looking at CFI and RMSEA dif-
ferences (instead of the stricter χ2 differences). We accepted less than .01
forΔCFI and nomore than .01 forΔRMSEA, that is, a less than .01 drop in
fit indices between the nested models that meet stricter and more strin-
gent conditions of equivalence. In other words, students with identical
scores on the latent level can be expected to have the same chance of
scoring on the observed measure regardless of the sample (i.e., Hun-
garian or Jordan) to which they belong (Millsap, 2012); that is, the
measure is not biased against either of the groups.
4.3. Results for research question 2 (RQ2): Can we find developmental
differences in CPS skills in our samples of Jordanian and Hungarian
university students? If so, what is the nature of these developmental
differences?

Table 4 summarizes the mean and standard deviation of the CPS
performance scores in both phases for problems with different levels of
complexity (Greiff et al., 2013b) and for the respective sum scores. The
Table 3. Goodness of fit indices for testing invariance of CPS across the two
samples.

Model χ2 df CFI TLI RMSEA ΔCFI ΔRMSEA

Configural
invariance

944.33 334 .979 .982 .040 - -

Strong factorial
invariance

1062.87 350 .978 .977 .042 .001 .002

Strict factorial
invariance

1205.66 370 .975 .974 .045 .003 .003
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level of complexity was defined by the number of input and output
variables and the number and type of connections (Moln�ar and Csap�o,
2017). We distinguished three levels of complexity: (1) less complex task
(2 input variables, 2 output variables, and 2 connections), (2) more
complex task with only direct effects (3 input variables, 3 output vari-
ables, and 3 or 4 connections), and (3) more complex tasks with internal
dynamics (3 input variables, 3 output variables, and 2 or 3 direct effects
beyond the internal dynamics). The students in the Hungarian sample
achieved significantly higher scores at all complexity levels and in both of
the CPS phases (the knowledge acquisition and knowledge application
phases). Please note that this might be due to different selections in our
samples (cf. limitations).

The differences between the two samples grew as the complexity of
the items increased within both groups of problems with only a direct
effect or with internal dynamics. This phenomenon was found in both
CPS phases, the knowledge acquisition and knowledge application pha-
ses (all of the t-values are significant at p < .001, see Table 4).

As measurement invariance was sufficiently met between the Jorda-
nian and Hungarian students in RQ1, latent mean differences were not
due to psychometric issues but could be interpreted as true differences in
the measured construct between the two samples (of note, not between
the populations; the interpretation is sample-based). As regards latent
mean differences across the samples, the results showed that the Hun-
garian students performed significantly better in knowledge acquisition
(M_HU ¼ 0; M_J ¼ �.79, p < .001) and knowledge application (M_HU ¼ 0;
M_J ¼ �1.01, p < .001) than their Jordanian peers, confirming research
results obtained at a manifest level.
4.4. Results for research question 3 (RQ3): What kind of test-taking
behaviors do Jordanian and Hungarian university students in our samples
exhibit in solving complex problems? Are there differences between them in
the theoretical effectiveness of their strategy use, their time-on-task, and the
number of trials they use?

To answer RQ3, we looked at three different behavioral indicators
that students exhibited in working on the CPS environments: theoretical
strategy effectiveness, time-on-task, and number of trials.

4.4.1. Theoretical strategy effectiveness based on the amount of extracted
information

In the Jordanian sample, 44% of the students used a theoretically
effective strategy; that is, they were able to extract all the information
from the problem environment necessary to solve the problem properly,



Table 5. Percentage of theoretically effective and non-effective strategy use and traditional CPS scoring.

Complexity of problem
(Number of input and output
variables and connections)

Frequency (%)

Theoretically effective strategy use Theoretically non-effective strategy use

Low achievement
(%; in proportion to
whole sample)

High achievement
(%; in proportion to
whole sample)

Independent of final
score, in proportion to
whole sample

Low achievement
(%; in proportion to
whole sample)

High achievement
(%; in proportion to
whole sample)

Independent of final
score, in proportion to
whole sample

Jordanian sample

2-2 (2) 30.2 (13.5) 69.8 (31.4) 44.9 38.5 (21.2) 61.4 (33.8) 55.1

3-3 (3 or 4) 40.3 (18.3) 59.6 (27.1) 45.5 61.8 (33.6) 38.1 (20.8) 54.5

3-3 (2 þ 1 or 3 þ 1) 83.3 (34.7) 16.6 (6.9) 41.6 87.8 (51.1) 12.1 (7.1) 58.3

Test 55.5 (23.9) 44.4 (19.9) 43.9 67.5 (38.1) 32.4 (17.9) 56.1

Hungarian sample

2-2 (2) 21.8 (20.8) 78.2 (74.4) 95.25 75.6 (4.9) 24.4 (1.3) 6.2

3-3 (3 or 4) 18.1 (16.7) 81.9 (75.9) 92.6 94.4 (6.9) 8.5 (0.7) 7.4

3-3 (2 þ 1 or 3 þ 1) 69.4 (63.7) 30.6 (28.1) 91.8 76.7 (6.6) 1.1 (0.1) 8.4

Test 39.4 (36.4) 60.6 (56.4) 92.8 81.9 (6.3) 11 (0.8).4 7.6

Note. Students' achievement was considered high if they managed to achieve a score of 1 based on the traditional scoring method.
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while this rate was 93% in the Hungarian sample. As the CPS perfor-
mance differences based on the traditional scoring were not consistent
with these results (see Table 4), to be able to understand the behavioral
differences between the students from the two samples more deeply, we
went further and compared the rate of theoretically effective strategy use
and final problem-solving achievement.

In the Hungarian university sample, the percentage of theoretically
effective strategy use and high CPS performance based on the traditional
scoring changed from 28% to 76%, depending on the complexity of the
CPS tasks (see Table 5). On average, 56.4% of the students used a
theoretically effective strategy, were able to interpret the extracted in-
formation, and succeeded in drawing the right concept map; that is, they
solved the first part of the problem properly. 36.4% of the students used a
theoretically effective strategy but were unable to solve the first part of
the problem correctly based on the extracted information. This rate was
significantly higher on problems with only direct effects (on average,
75% of the students were successful). The students achieved significantly
lower and were less successful on problems with internal dynamics. In
the case of the most complex problems and problems with internal dy-
namics independent of their complexity, the rate of students who applied
a theoretically non-effective strategy and still solved the problems
correctly (by guessing) was low (0.8% of the sample). This confirms
earlier research results that have found that tasks with internal dynamics
are generally considered more difficult to complete than those without
them. Those tasks require additional exploration, where everything is
maintained in a neutral (zero) position, that is, a higher number of var-
iable manipulations, which can significantly contribute to an increased
chance of performance success (Beckmann et al., 2017; Lotz et al., 2017).

This pattern was somewhat different in the Jordanian sample (see
Table 5). Only half of the students (44%) used a theoretically effective
exploration strategy on the CPS problems compared to the Hungarian
sample (93%). The percentage of theoretically effective strategy use and
high CPS performance changed from 7% to 31%, depending on the
complexity of the CPS tasks. On average, 20% of the students used a
theoretically effective strategy, were able to interpret the extracted in-
formation, and managed to draw the right concept map. Almost one
fourth of the students used a theoretically effective strategy but were
unable to interpret the extracted information and solve the first part of
the problem correctly. Like the Hungarian sample, this rate was signifi-
cantly higher on problems with only direct effects (on average, 29% of
the students were successful). The guessing factor, that is, ad hoc opti-
mization, when students used a theoretically non-effective strategy and
still solved the problem correctly, was significantly higher in the Jorda-
nian sample than in the Hungarian one. On the test level – independent of
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the complexity and structure of the problem – it was less than 1% for the
Hungarian students and nearly 18% in the Jordanian sample.

4.4.2. Time-on-task
There were large differences found in students’ test-taking behavior

as regards time-on-task (see Table 6). On average, the Jordanian students
spent 36 s exploring the problem, while the Hungarian students spent
more time on exploration (56 s). On the one hand, the differences become
smaller parallel to the increasing complexity of the tasks; on the other
hand, they become large again when problems with internal dynamics
appeared on the test. This phenomenon was caused mainly by the Hun-
garian students, who spent ever less time on problem exploration.

The Jordanian students’ test-taking behavior was more stable over
time and across different levels of problem complexity. However, there
was a backward but weaker tendency identified compared to the Hun-
garian sample. The Jordanian students spent increasingly more time with
more trials – but significantly less than their Hungarian peers – in the
exploration phase of the problem-solving process as the problems became
ever more complex.

4.4.3. Number of trials
There were also large differences found in the students' test-taking

behavior in number of trials (see Table 6). On average, the Jordanian
students attempted two trials per task, while the number of trials among
the Hungarian students was more than five on average. The Hungarian
students’ time-on-task data and number of trials data were consistent
with each other, while this was not necessarily the case in the Jordanian
sample.

4.5. Results for research question 4 (RQ4): Based on the exploration
strategy (i.e., VOTAT), which profiles can be extracted from the two
samples of Jordanian and Hungarian students? Are there differences in the
types of profiles that emerge from the two samples?

To tackle RQ4, we investigated latent class analyses in both samples
among the behavior patterns in the log data. They were scored according
to the level of optimal exploration strategy use: 2: fully isolated variation
strategy; 1: partially isolated variation strategy; 0: no isolated variation at
all. The Akaike information criterion (AIC), Bayesian information crite-
rion (BIC), adjusted Bayesian information criterion (aBIC), entropy, and
the Lo–Mendell–Rubin adjusted likelihood ratio were used to approxi-
mate and determine the correct number of classes in the LCA models. In
addition, the average latent class probabilities (ALCP) indicated the most
likely latent class membership for every student.



Table 6. Cross-sample differences in students’ test-taking behavior: time-on-task and number of trials.

Complexity of problem Jordanian sample Hungarian sample

Low achievement High achievement Mean Low achievement High achievement Mean t p d

Time-on-task

2-2 (2) 49.5 26.2 33.8 74.9 59.0 63.1 14.0 <.001 -0.67

3-3 (3 or 4) 38.5 37.0 37.6 55.9 47.2 49.2 6.0 <.001 -0.31

3-3 (2 or 3 þ 1) 35.2 39.8 35.5 56.0 70.9 60.1 13.6 <.001 -0.76

Sum 39.4 35.9 36.0 59.7 59.1 56.4 18.4 <.001 -.57

Number of trials

2-2 (2) 1.9 1.6 1.7 5.8 6.3 6.1 21.2 <.001 -1.3

3-3 (3 or 4) 1.8 2.3 2.0 3.8 4.4 4.2 15.9 <.001 -0.9

3-3 (2 or 3 þ 1) 1.9 3.4 2.0 4.9 7.7 5.6 19.1 <.001 -1.19

Sum 1.9 2.6 1.9 4.8 6.2 5.3 26.2 <.001 -1.15
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After running the LCA in both samples, the information theory criteria
used (AIC, BIC, and aBIC) indicated an almost continuous decrease with a
growing number of latent classes up to the 4-class model. The likelihood
ratio statistical test (the Lo–Mendell–Rubin adjusted likelihood ratio test)
showed the best model fit – in both samples – for the 4-class model and
was no longer significant with the 5-class model. The entropy-based
criterion reached the maximum values for the 2-class solutions, but it
was also high for the 4-class models based on the information theory and
likelihood ratio criteria. Thus, the entropy index for the 4-class model
demonstrated that 95% of the Jordanian students and 96% of the Hun-
garian students were accurately categorized based on their class mem-
bership (Table 7).

As noted above, four latent classes were distinguished in the Jorda-
nian sample (as well as in the Hungarian sample). The classes were
interpreted as follows based on their profiles: (1) non-performing ex-
plorers, (2) non-persistent explorers, (3) restarting explorers with a
learning effect, and (4) almost proficient explorers.

Non-performing explorers (40% of the Jordanian students) employed
no fully or partially isolated strategy at all. Non-persistent explorers
proved to be intermediate explorers on the easiest problems but low
explorers on the complex ones (6.6% of the Jordanian students), having
employed the partially isolated variation strategy increasingly less par-
allel to the increasing level of complexity of the CPS problems. Restarting
explorers with a learning effect (15.3% of the Jordanian students) were
able to learn between problems of similar complexity (similar number of
input and output variables and number and type of connections), but the
probability of applying a partially or fully isolated strategy dropped again
as the complexity of the problems grew. Almost proficient explorers
Table 7. Information theory, likelihood ratio, and entropy-based fit indices for
latent class analyses.

Number of latent
classes

AIC BIC aBIC Entropy L–M–R
test

P

Jordanian sample

2 5266 5433 5303 .979 2797 .000

3 5008 5260 5063 .949 298 .000

4 4948 5286 5022 .948 100 .006

5 4935 5358 5028 .934 54 .838

Hungarian sample

2 10376 10602 10471 .990 6089 .000

3 9683 10025 9828 .958 729 .000

4 9513 9970 9707 .959 210 .001

5 9479 10052 9721 .949 75 .169

Note. AIC ¼ Akaike information criterion; BIC ¼ Bayesian information criterion;
aBIC ¼ adjusted Bayesian information criterion; L–M–R test ¼
Lo–Mendell–Rubin adjusted likelihood ratio test. The best fitting model solution
is in italics.
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(38.4% of the Jordanian students) used the isolated variation strategy
with 80% probability on problems with only direct effects. Then, after a
rapid learning process, they managed to continue this exploration
behavior even with the CPS problems with internal dynamics (see
Figure 3 and Table 8).

The following four latent classes were distinguished in the Hungarian
sample, albeit somewhat different ones as compared to the Jordanian
sample: (1) non-performing explorers, (2) restarting slow learners, (3)
rapid learners, and (4) proficient explorers (see Figure 4 and Table 8).
Please note that despite the same labels, the classes between the two
samples (as displayed in Table 8) are not directly comparable.

Non-performing explorers (7.4% of the Hungarian students) did not
use any isolated or partially isolated variation at all throughout the tasks.
Restarting slow learners (3.2% of the Hungarian students) were among
the intermediate-performing explorers who only rarely employed a fully
or partially isolated variation strategy with a very slow learning effect.
Rapid learners (7% of the Hungarian students) were basically low per-
formers with regard to the efficacy of the exploration strategy they used
on the easiest problems, but they become proficient explorers as a result
of rapid learning, with achievement on the complex ones that equaled
that of the top performers. Proficient explorers (82.4% of the Hungarian
students) used the isolated variation strategy with high probability on all
the proposed CPS problems.

We analyzed students’ test-taking behavior (time-on-task and number
of clicks) and their overall CPS performance based on their latent class
membership (Figure 5). Similar to our earlier findings, the two samples
showed slightly different patterns.

In the Hungarian sample, there was a quadratic relation (see Figure 5)
between latent class membership (here rougly considered as ordinal
variable) and students' overall performance scores in CPS and between
students’ achievement and number of trials but not time-on-task. That is,
proficient explorers achieved significantly higher in both knowledge
acquisition and knowledge application based on the traditional scoring
method and attempted more trials than rapid learners. Rapid learners
achieved significantly higher than restarting slow learners, and restarting
slow learners achieved significantly higher but only in knowledge
acquisition, than non-performing explorers, who applied the fewest trials
and spent the least time on the problem-solving process. Rapid learners
and restarting slow learners spent the most time in the problem envi-
ronments on average.

In the Jordanian sample, the pattern was different, and there was no
clear parallel identified between latent class membership and the stu-
dents' overall performance scores in CPS, a finding which runs counter to
our previous expectations but in line with the findings in RQ3 about
Jordanian students' high (18%) guessing factor. As a result, the Jordanian
non-performing explorers achieved significantly higher than the students
who fall in the non-persistent explorers’ group with a low number of
trials (almost no trials) and time spent on the problem-solving process.
This indicates that it was mostly the students from the non-performing
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Figure 3. Four qualitatively different class profiles in the Jordanian sample.

Table 8. Relative frequencies and average latent class probabilities in the Jor-
danian and Hungarian-language samples.

Profiles Jordanian Hungarian

Frequency Average Latent
Class Probabilities

Frequency Average Latent
Class Probabilities

Non-
performing
explorers

39.7 0.987 7.4 .985

Non-persistent
explorers

6.6 0.937 - -

Restarting slow
learners

15.3 0.958 3.2 .934

Rapid learners - - 7.0 .906

Almost
proficient
explorers

38.4 0.970 - -

Proficient
explorers

- - 82.4 .989

Note. Latent classes are ordered along their levels of isolated variation strategy.
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explorers group that used the guessing strategy in the problem-solving
process, which resulted in higher final achievement than the manipula-
tion strategy suggests. The students with the lowest and highest CPS
achievement (non-persistent explorers and almost proficient explorers,
see Figure 5) spent the same amount of time solving the problems. This
amount of time was exactly the same as that of the Hungarian non-
explorers.

5. Discussion

This study shows that complex problem-solving can be measured
validly, reliably, and equivalently in the Hungarian and Jordanian uni-
versity contexts and samples derived therein. It provides important in-
sights into the international validity of CPS measurements and sheds
light on the different behavior patterns of two samples of Hungarian and
Jordanian university students, thus expanding our understanding beyond
what we can learn from traditional performance indicators for CPS. We
used state-of-the art analyses on logged process data to quantify quali-
tative behavioral differences in students’ problem-solving behavior.
Hungarian data on CPS were used as benchmark indicators in this study.
This research is a good reminder that results obtained in one culture,
6 7 8 9 10

CPS task

Proficient exp.
Rapid learner
Restar ng exp.
Non-performing exp.

ss profiles in the Hungarian sample.
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Figure 5. Performance and test-taking behavior among students with different latent class profiles in the two samples. (We have connected the data points to visualize
the tendencies.)
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country, or sample are not necessarily generalizable to other countries,
cultures, or samples even if these results cover general skills, such as
problem-solving, which is less developed explicitly in school context.
Students socialized in one school context can think differently and can
reach the same results with the same aims on different routes.

Research Question 1 (RQ1): Do Jordanian and Hungarian students in the
samples interpret CPS problems the same way? Thus, is CPS measurement-
invariant across our samples of Jordanian and Hungarian university students?

We found invariance in CPS measurement across the Jordanian and
Hungarian university student samples; that is, both samples interpret CPS
problems the same way, so the language-based conceptual representa-
tional differences did not influence the way the students interpreted the
problems. Despite the cultural and educational differences, which can
influence measurement invariance, it is possible for CPS to be
measurement-invariant across the Jordanian and Hungarian contexts.
That is, measurement invariance was influenced neither by the sub-
stantial language differences nor by the expansion of technology-based
assessment. Earlier studies indicated (see Wüstenberg et al., 2014)
measurement invariance of CPS between Hungarian and German stu-
dents. We have expanded and broadened the usability of CPS instruments
to the Middle East region. Earlier studies also pointed to measurement
non-invariance of CPS across Hungarian and Chinese students (Wu and
Moln�ar, 2021). The inconsistency of these research findings and the
non-invariance between the Hungarian and Chinese results may lie in
students’ different cognitive styles (Wu and Moln�ar, 2021) connected to
the different encoding and conceptual representations in the languages
and in the different behavior during testing, which can be rooted in
educational and cultural differences. Limitations on the generalization of
these research results may be that all the research was conducted with
students of different ages and used different sampling procedures. To sum
up, we can hypothesize that measurement invariance holds across
Western and Eastern cultures (as was partly already confirmed by the
PISA study), at least to the extent of the countries that have been involved
in such studies.

Research Question 2 (RQ2): Can developmental differences be identified in
CPS skills in our samples of Jordanian and Hungarian university students? If
so, what is the nature of these developmental differences?

We identified developmental differences between the Jordanian and
Hungarian university students’ CPS skills in favor of the Hungarian
sample, which is consistent with our expectations given different
12
background characteristics of the two samples. Please also note that
earlier research results have indicated that students with different
educational and cultural backgrounds can perform differently in a CPS
environment (see Greiff et al., 2015b; OECD, 2014a; Wu and Moln�ar,
2021; Wüstenberg et al., 2014); that is, the development of CPS skills is
not universal. We used Hungarian CPS data as a benchmark indicator in
the present comparison study. Additional research is needed to validate
the results using representative samples in both countries in light of the
differing sample characteristics in this study.

The score-based achievement differences were smaller at the begin-
ning of the test when the students were expected to solve less complex
problems and grew as the complexity of the problems increased. This
phenomenon was noticeable in both CPS phases (knowledge acquisition
and knowledge application). The trend was broken by problems with
internal dynamics, which proved to be too difficult for the students.

The traditional scoring-based achievement differences between the
Hungarian and Jordanian students were independent of the problem-
solving phase; they were more a function of the complexity of the
problems. This means that if the Jordanian students' achievement drop-
ped, the Hungarian students’ mean performance also dropped at the
same level; it was only the starting level that differed significantly,
resulting in significant differences in achievement in both phases among
all complexity levels. That is, despite the fact that most of the Hungarian
students in the study sample started out as expert problem-solvers, their
achievement was influenced just as much by the level of problem
complexity as it was in the case of the Jordanian sample (on these hy-
potheses, see RQ3 and RQ4).

Substantial reasons for achievement differences (assuming they hold
and can be replicated also in representative samples) may lie in educa-
tional differences as well as in the experience of computer use in
educational context. The educational use of computers has long been
addressed in the majority of Western countries, and one important area is
supporting learning of scientific knowledge and skills (e.g., testing hy-
potheses while interacting with software that simulates scientific phe-
nomena). Differences in experience with such computer use might also
cause differences in exploring behaviors (on these hypotheses, see also
RQ3 and RQ4).

Research Question 3 (RQ3): What kind of test-taking behavior do Jor-
danian and Hungarian university students in our samples exhibit when solving
complex problems? Are there differences between them in the theoretical
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effectiveness of their strategy use, their time-on-task, and the number of trials
they use?

Having learned that we can measure CPS equivalently (in RQ1) and
that the Hungarian and Jordanian students (in this particular sample)
differ in their level of CPS skills (in RQ2), we wanted to better understand
these differences and take a closer look at their test-taking behavior.
Based on the logfile analyses, there were differences noted in the use of a
theoretically effective exploration strategy in both samples. A total of
93% of the Hungarian university students used a theoretically appro-
priate strategy compared to 44% in the Jordanian sample. This confirms
our earlier explanation that most of the Hungarian students in the sample
started out as expert problem-solvers. The percentages of theoretically
effective strategy use and high CPS performance were also different. It
was 60.6% on average in the Hungarian sample and 44.4% among the
Jordanian students. The Hungarian findings are consistent with earlier
large-scale research results (Moln�ar and Csap�o, 2018) on changes in
theoretically effective strategy use among 3rd–12th-grade Hungarian
students. Moln�ar and Csap�o found an increasing tendency by age: 40% of
3rd–5th-grade children, 55% of 6th–8th-grade students, and 65% of
9th–12th-graders managed to use a theoretically effective CPS strategy. In
the present study, this grew to 93% in the university sample. They found
a similar tendency in students’ interpretation of extracted information;
that is, 20% of young people in Grades 3–5, 30% of students in Grades
6–8, and 40% of those in Grades 9–12 were able to interpret the extracted
information correctly and solve the problem properly. This rate increased
to 56% in the present case, confirming that, based on the effectiveness of
the exploration strategy they used and the level of interpretation of
extracted information, the Jordanian university students in the study are
in an earlier phase of CPS development than their Hungarian peers. That
is, there were not only large differences in the appropriateness of the
exploration strategy they used but also in the effectiveness of their
interpretation of extracted information between the two samples,
resulting in differences in final CPS achievement. Please again note dif-
ferences in sample composition that do not allow to draw generaliable
conclusions between student populations.

Beyond the effectiveness of the exploration strategies used in the CPS
environment, there were large differences identified in the students' test-
taking behavior as regards time-on-task and number of trials. At the
sample level, we confirmed Eichmann et al. (2019) and Goldhammer
et al. (2014) research findings that low-achieving students typically
engage in less interaction with the problem than high achievers (cf. the
Jordanian and Hungarian results); that is, there is a positive correlation
between CPS achievement and number of clicks, i.e., amount of explo-
ration. If students spent more time on a CPS task, their performance
improved significantly (Alzoubi et al., 2013; Goldhammer et al., 2014).
Taking a closer look at the results, we identified two more important
behavioral differences.

The differences identified grew smaller compared to the increasing
complexity of the tasks. This tendency was mainly driven by the Hun-
garian students, who spent generally increasingly less time attempting
increasingly fewer trials despite the increasing complexity of the tasks in
comparison to the Jordanian students, who spent almost the same time
and used almost the same number of trials throughout the test. This may
also explain the different research results for time-on-task and high CPS
achievement (cf. Alzoubi et al., 2013; Greiff et al., 2016; Scherer et al.,
2015), which Goldhammer et al. (2014) concluded was due to the lack of
a common definition of time-on-task and achievement.

Research Question 4 (RQ4): Based on the exploration strategy (i.e.,
VOTAT), which profiles can be extracted from the Jordanian and Hungarian
student samples? Are there differences in the types of profiles that emerge from
the two samples?

In RQ2 and RQ3, we found several sample-level behavioral differ-
ences. In RQ4, we used a more person-centered approach to investigate
further CPS-related differences between the two samples and search for
more detailed explanations for the tendentious differences between high
and low CPS achievers found previously in different cultures.
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Based on the level of the optimal exploration strategy, we employed
latent class analyses to describe students' exploration strategies in a CPS
environment. We identified four latent classes in both samples (through
separate analyses). The classes of non-performing explorers and restarting
slow learners proved to be almost identical in the two samples on a
descriptive level, indicating existing differences between the behaviors of
Jordanian and Hungarian students. Our study confirmed Moln�ar (2021)
result on the presence of rapid learners in the Hungarian university sample,
which was not found in this particular Jordanian sample. Rapid learners
showed a remarkable learning curve while working on the problems and
reached the same level as the proficient explorers in terms of their explo-
ration behavior by the sixth problem on the test. They have the ability to
adapt quickly and flexibly to the expectations of a specific situation (see
Greiff et al., 2018). A class of non-persistent explorers was identified in the
Jordanian sample (cf. Greiff et al., 2018). These students applied the partial
variation strategy on the easiest problems but were unable or unwilling (as
motivation could also be a good explanation for achievement differences)
to transfer this knowledge to the more complex problems. Finally, we
identified behavioral differences in the top explorer groups –Hungarian vs.
Jordanian. The proficient explorers in the Hungarian sample seemed to
have more explicitly specific schemata (see Greiff et al., 2018); they were
thus able to use the optimal exploration strategy throughout the CPS tasks,
independently of their complexity. The proportion of students in the
different class profiles in Jordan and Hungary varied strongly.

Confirming earlier research results (Greiff et al., 2018) on
time-on-task, both the rapid learners and restarting slow learners might
have varying amounts of general cognitive schemata that they can adapt
quickly and flexibly or slowly and less flexibly to the demands of a spe-
cific situation, CPS problems in the present case. This adaptation requires
time to take effect. Non-performing explorers, who were not motivated in
the test-taking process, and proficient explorers, who were aware of their
strategy use, spent less time on the problem exploration process. The
number of trials showed different patterns and was not strongly corre-
lated to time-on-task, contrary to our hypotheses. Time-on-task increased
with the amount of optimal strategy use in both samples; that is, students’
exploration profiles proved to be a better predictor of the expected
number of trials than time-on-task or final achievement.

6. Limitations

The study used a widely used model, the MicroDYN approach, for
measuring students' problem-solving skills. However, this type of problem
is artificial, with a limited number of variables and relations, but appro-
priate and reliable for measurement purposes. Problems in the MicroDYN
approach do not cover all kinds of problems and complex systems found in
life, which are dynamic in nature in most cases (i.e., they change regardless
of attempts to address them); thus, problem-solving behavior observed in
problem scenarios developed through the MicroDYN approach cannot be
generalized to all kinds of complex problems we face in life. In particular in
samples with a somewhat lower experience with technology and lower
access to it, this may pose distinct disadvantages. However, their special
features make it possible to monitor students’ learning processes and
learning potential during the problem-solving process.

Similarly, there is an optimal exploration strategy for problems with a
limited number of variables and relations, such as MicroDYN problems.
Nonetheless, optimal exploration strategies do not apply to everyday
complex problems, as observed by Funke (2021) with regard to problems
of “minimal complexity” (i.e., the subject of most research on CPS and a
focus of PISA) and real-world complex (wicked) problems, which
represent an urgent priority but are difficult to experience in laboratory
environments, in which variables can be selectively controlled for
educational purposes. In fact, real-world complex problems are charac-
terized precisely by non-fully knowable or controllable variables, which
interact over time in changing ways, independent of any attempt to
address the problem situation.Relatively large differences in sample size
are among the limitations of the present study as well as differences in
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gender distribution, differences in time elapsed since the Matura exam-
ination (in Hungary, only first-year students took part in the assessment,
while students in higher years also participated in Jordan), differences in
parental education and socio-economic background (e.g., number of
books in the home), differences in the subjects studied by the students (in
Hungary, students from all twelve schools within an entire university
took part in the assessment, while students from two universities, mostly
focused on economics, education, the humanities, IT, and science sub-
jects, participated in the study in Jordan – thus not covering such areas of
study as medicine and engineering, which may be particularly prone to
learn problem solving at university), and differences in data collection
(supervised and not supervised). Compared to the Hungarian sample, the
relatively small Jordanian one may lead to limitations in the validity of
the findings, especially for RQ2, and restrict the generalizability of the
results beyond the specific samples (i.e., on a population level). That is,
we have two convenience and non-representative samples that differ in
several features and, thus, cannot be directly compared. With this in
mind, we consider our findings a first starting point for generating new
hypotheses and for identifying initial patterns, which can form a starting
point for further large-scale empirical studies on CPS in different groups,
for instance, students with different cultural backgrounds, different ac-
cess to technology, and different learning experiences.

7. Conclusions

The results of the current study provide important insights into the
validity of CPS measurements and shed initial light on the different
behavior patterns and test-taking behaviors in two samples of Jordanian
and Hungarian university students as they solve complex problems, thus
expanding our understanding beyond what we can learn from traditional
performance indicators. As for educational implications, we are confi-
dent that a more thorough grasp of the differences and similarities in
students’ problem-solving behavior will not only help educators to
recognize relevant individual differences more effectively and become
more sensitive towards these differences in learning but also provide
valuable input for the design of appropriate training tasks and the
training of students to become better problem-solvers.
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