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INTRODUCTION



Technology has been used in assessment since the beginning of using computers in various
domains and education. It has provided many advantages, possibilities, and challenges in the
field of educational assessment (Pasztor-Kovécs et al., 2021). By means of technology,
teachers and educational administrations could have developed new policies which fit on a
higher level to the expectations of the 21% century, e. g. measuring 21%-century skills even in
international large-scale assessments (see e.g. Organisation for Economic Co-operation and
Development (OECD) Programme for International Student Assessment (PISA) creative or
collaborative problem-solving module; see e.g. OECD, 2014a; Griffin et al., 2012).

The use of technology in the assessment leads to improve the possibilities, the efficacy, the
validity, and the quality of assessment and offers numerous advantages over traditional
assessments (Alrababah & Molnar, 2021), such as automatic item development, automatic
scoring (Becker, 2004; Csapo et al., 2014; Dikli, 2006; Mitchell et al., 2002; Valenti et al.,
2003), and reducing costs (Bennett, 2003; Christakoudis et al., 2011; Wise & Plake, 1990).
In educational assessment, it provides the basis for innovations, e.g., measuring new
constructs, using new item types (Dorner & Funke, 2017). Information and communication
technologies, especially computers, had an immense impact on the development of
educational assessment from quantitative and qualitative points of view. New science has
emerged in the field of assessment, which focuses not only on the analyses of the actual
answer and achievement data, but more deeply on the analyses of the contextual data collected
during the data collection beyond the students' actual answers. Log file analyses and
educational data mining have become state-of-the-art educational assessment analyses
attracting increasing research interest. They make it possible to answer research questions that
could not be answered through traditional assessment techniques (Molnar & Csap6, 2018).

The growing field of educational data mining uses data mining techniques and methods for
searching for different patterns in the recorded, basically unstructured contextual data for
analyzing and extracting hidden information about students’ actions or test-taking behaviour
for a more deeply and better understanding of the examined phenomenon. Educational Data
Mining (EDM) has become a significant aspect of analysis, the basis of further developments

in educational research and practice (Dahiya, 2018).

On the one hand, logfile analyses (e.g., time-on-task, number of clicking, navigation within the
test), based on structured data files can also provide information that is not available with

traditional assessment techniques and contribute to a better understanding of the examined
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phenomenon. By means of logfile analyses, we can get data about students' test-taking
behaviour, e.g. applied exploration strategies while solving complex problems (see e.g. Molnar
& Csap0, 2018), or we can analyze the relations of time-on-task and achievement data. Logfile
analysis also offers many challenges (e.g. how to make sense of the amount of data extracted)
and possibilities (e.g. cover unhidden pattern of the educational phenomenon under

examination) in the field of educational assessment (Stadler et al., 2020).

Problem-solving is one of the most often assessed reasoning skills in large-scale educational
assessment projects. It is considered one of the most essential skills in the 21st century (Krieger,
et al., 2021). Its assessment provides a reasonable basis for introducing how educational
assessment techniques developed from traditional paper-and-pencil to computer-based
assessment and how the type of research questions and used problem types varied by the

changing possibilities in the field of assessment (Wu & Molnar, 2021).

In the present research project, we explore the feasibility and the potential for using computer-
based assessment for assessing 21% century skills in Jordan. More specifically, we decided to
assess students’ 21% century skills during their higher education studies using most of the
advantages of computer-based assessment. Complex Problem Solving (CPS) proved to be a
good candidate for such a role. Because the test of CPS contains tasks including multimedia
elements, requiring interaction (not only clicking on a radio button or entering a text in a
textbox) of the test taker with the problem scenarios. It offers great possibilities for monitoring
students’ test-taking behaviour over time on task or the number of clicks via logged data. CPS
as a construct involves knowledge acquisition (KAC) and knowledge application (KAP), which
are basic learning elements. CPS allows us to investigate how knowledge is acquired in a new
problem situation (KAC) and then applied to actually solve a problem (KAP) in an uncertain
situation, which is independent of domain-specific content (Greiff et al., 2013). CPS is, by
its nature, an important educational outcome in the twenty-first century (Krieger et al., 2021).
Understanding how students acquire knowledge and then applying it has become essential

because it highly predicts educational achievement (Schweizer et al., 2013).

CPS has been widely assessed in large-scale international assessments (see OECD, 2014b).
However, not all of the countries which participated in the 2012 PISA cycle took part in
assessing problem-solving. Only a few countries from the Middle East chose it as an
international option. Jordan, the country under investigation, did not. As a result, the current
study is likely to be the first to report Jordanian students’ CPS skills. Despite the extensive
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usage of CPS in international samples, little attention has been paid to analyzing its

measurement invariance across cultures and nations.

Structure of the dissertation

The theoretical part of the dissertation (first and second papers) investigates the developmental
trends in technology-based assessment in an educational context and highlights how
technology-based assessment has reshaped the purpose of educational assessment and the way
we think about it. Developments in technology-based assessment stretch back three decades.
Around the turn of the millennium, studies centred on computer-based and paper-and-pencil
test comparability to ascertain the effect of delivery medium on students’ test achievement. A
systematic review of media studies was conducted to detect these effects. We present the
developmental trends in EDM techniques and logfile analysis in the educational context and
their contribution to understanding the contextual data collected beyond the particular response
data. We conduct a comparison analysis based on the Scopus database to show the
developmental trends by year and domain. Then we shed light on measuring complex problem-
solving in the educational context and its methods with different approaches. Finally, the
applications of computer-generated logfile analyses in the domain of complex problem solving

were investigated. The theoretical studies contain of two journal articles:

e Alrababah, S. A. & Molnér, G. (2021). The Evolution of Technology-based Assessment:
Past, Present, and Future. International Journal of Learning Technology, 16(2), 134-157.

e Alrababah, S. A. & Molnar, G. (2021). Analysing Contextual Data in Educational Context:
Educational Data Mining and Logfile Analyses. Journal of Critical Reviews, 8(1), 261—
273.

Despite the importance of Complex problem-solving (CPS), we have no knowledge of its
measurability, development, or comparability in Arab countries, with a short history of
computer-based assessment. We fill this niche and beyond monitoring the applicability of third-
generation innovative tests in a Jordanian higher educational context, we run international
research to understand the behavioural differences in students' test-taking and problem-solving
behaviour in case of European students (Hungarian) and Arab students (Jordanian). The results
provide important insights into cross-cultural differences in test-taking behaviour and hidden
behavioural patterns of students coming from Arab and European countries as they solve

computer-based complex problems and contribute to an understanding of how students from
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different educational contexts behave while solving tests, especially, technology-based

complex problems.

Papers 3-4 introduce the empirical studies conducted within the confines of the PhD research.
In all data collection, CPS was measured using the MicroDYN approach (Greiff & Funke,
2017) and the online eDia platform was used to administer the test (Molnar & Csapd, 2019).
Paper 4 presents the main research questions, methods and results of the pilot study. The main
aim of the pilot study was to test the applicability of technology-based assessment, especially
the feasibility of using innovative third-generation tests in the Jordanian higher education
context, where the use of technology in assessment has less attention; and validating a third-
generation online test of complex problem-solving in higher education. We also investigated
students' test-taking and problem-solving behaviours while working on complex problems in a
digital environment using both directly collected answer data and logfile analyses. As a result,
this study investigated the role of strategic exploration, various problem solving, and test taking
behaviour in CPS success by using log file data to visualize and quantify Arabic students’
problem solving behaviour in six CPS problems of varying difficulty and characteristics. The
results of this study have been submitted for publication to SAGE Open:

Alrababah, S. A., Wu, H., & Molnér, G. (2022). Measuring Complex Problem-Solving in
Jordan: Feasibility, Construct Validity and Behaviour Pattern Analyses. SAGE Open.
(Submitted).

The results of the cross-cultural comparison study are introduced in paper 4. This study
analyzes behavioural and overall performance data in CPS from two different countries with
very different cultures: Jordan and Hungary. First, we monitored measurement invariance of
CPS (i.e., MicroDYN) across Jordanian and Hungarian context. Then, in three steps, we
examined the nature of the developmental differences. First, we used the traditional scoring
method to focus on students' actual answer data. Second, we gained insight into what high- and
low-achieving students did during the problem-solving process. Specifically, how motivated
they were, as seen by how much effort they had shown during the test administration (number
of clicks) and how much time they had spent on the problems. Third, we discovered different
problem-solving profiles in both countries using logfiles and a behaviour pattern-finding
algorithm. We compared students' behavioural features based on their class profiles and final
scores. The results of the cross-national comparison study have been published in form of a

journal article:
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Molnér, G., Alrababah, S. A., & Greiff, S. (2022). How We Explore, Interpret, and Solve
Complex Problems: A Cross-National Study of Problem-Solving Processes. Heliyon, 8
(e08775)

Finally, the sixth part of the dissertation consists of the conclusions derived from the
discussions of the findings of the studies. It also includes the recommendations and the

suggestions for future research and reveals the limitations of the studies.
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Abstract:

This paper presents developmental trends in technology-based assessment in an educational
context and highlights how technology-based assessment has reshaped the purpose of
educational assessment and the way we think about it. Developments in technology-based
assessment stretch back three decades. Around the turn of the millennium, studies centred on
computer-based and paper-and-pencil test comparability to ascertain the effect of delivery
medium on students’ test achievement. A systematic review of media studies was conducted
to detect these effects; the results were varied. Recent work has focused on logfile analysis,
educational data mining and learning analytics. Developments in IT have made it possible to
design different assessments, thus boosting the number of ways students can demonstrate their
skills and abilities. Parallel to these advances, the focus of technology-based assessment has
shifted from an individual and summative approach to one which is cooperative, diagnostic

and more learning-centred to implement efficient testing for personalised learning.

Keywords: Information and communications technology; ICT; computer-based assessment;

CBA; personalization of instruction; time on task; media comparison studies
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Introduction

Paper-based (PB) testing, which falls under ‘traditional assessment’, has played a key role in
educational assessment. Its possibilities are greatly restricted compared to technology-based
assessment (TBA). TBA covers all forms of assessment which are delivered and marked with
the aid of technology, that is, via the most commonly used computers [computer-based
assessment (CBA)] or other electronic tools and devices (Kuzmina, 2010). In other words,
through TBA there is an interaction between the student and the technology used. We are aware
that computers play a dominant role in TBA because of its versatility. We have thus decided to

use these terms as synonyms in the study.

If CBA is delivered online, which is the main focus of the present discussion, the benefits
increase significantly, mostly building on the possibilities of automatic scoring and feedback.
Other forms of TBA and CBA (e.g., optical mark readers for multiple-choice tests) are

excluded from the main discussion.

Traditional paper-and-pencil (PP) tests are usually fixed tests; thus, every student receives the
same items and tasks in the same order during data collection, independent of ability level. The
most crucial disadvantages of PP tests are the long feedback time, the restricted suitability of
test design, including difficulty, and the use of a limited range of item types.

The use of technology in assessment may lead to improved assessment, thus offering numerous
advantages (e.g., automatic item generation, presenting dynamic stimuli and automatic scoring;
Becker, 2004; Csap6 et al., 2014; Dikli, 2006; Mitchell et al., 2002; Valenti et al., 2003), cutting
costs (e.g., delivery, distributing results and evaluating answers; Bennett, 2003;
Christakoudiset al., 2011; Wise and Plake, 1990) and laying the groundwork for new
innovations (e.g., measuring new constructs and using new item types; Dorner and Funke,
2017; Pachler et al., 2010) in educational assessment. The possibilities, advantages and
challenges of TBA are growing in accordance with the level of application (e.g., item
development, delivery, scoring and feedback), type of technology (e.g., desktop computer,
touchscreen tablets and eye-tracking technologies), methodology used (e.g., fixed testing or
adaptive testing), delivery (e.g., internet-based, local server delivery and delivery on removable
media), scoring (e.g., automatic, computer-based (CB), but not automatic, human scoring;

item-level scoring based on the actual answer of the students or logfile and process data
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analyses based on the actions of the students), item types (e.g., traditional multiple-choice or
state-of-the-art third-generation innovative item types, including interactivity), domains (e.g.,
domains can be assessed using traditional methods, such as reading fixed texts, or domains
requiring TBA, such as reading digital and printed texts) and the technological conditions of
the assessment. Through technology, teachers and educational authorities and managers can
develop new policies that truly meet the expectations of the 21st century (Shatunova et al.,
2019), e.g., measuring 21st century skills [i.e., critical thinking, problem-solving, creativity,
collaboration (teamwork), learning to learn, entrepreneurship and information literacy (Binkley
et al., 2012; Redecker et al., 2010)] even on international large-scale assessments (LSA) [see
e.g.,, the OECD Programme for International Student Assessment (PISA) creative or
collaborative problem-solving module; Griffin et al., 2012; OECD, 2014).

Information and communications technologies, especially computers, have had an immense
impact on the development of educational assessment not only from a quantitative perspective,
but also from a qualitative one. New science has emerged in educational assessment, which
focuses not only on an analysis of the actual answer and achievement data, but more deeply on
an analysis of contextual data gathered during data collection beyond the actual answers
provided by the students. Logfile analysis, educational data mining and learning analytics
(Csapé et al., 2014; Johnson et al., 2016; Wise, 2019) have become the state of the art in
educational assessment analysis and attracted increasing research interest. They make it
possible to answer research questions that would be unanswerable using traditional assessment

techniques.

To sum up, this paper presents a systematic literature review of the different qualitative or
quantitative stages in the development of TBA, from the first use to the latest developments,
including a systematic analysis of the media effect and media comparison studies on students’
performance using the same test (or measuring the same construct) in different media. We also
present and discuss the impact of large-scale international assessments on the evolution of TBA

and the challenges of TBA developments for the future.

Research questions

We posited the following research questions on developmental trends in CBA:

RQ1 What role does technology play in educational assessment?
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RQ2 Do large-scale international assessments have on effect on the evolution of TBA? If so,

what is the nature of this effect?
RQ3 Are PP and CB test results comparable?

RQ4 What is required for the application of CBA among kindergarten children and its

systematic integration into everyday school practice?

RQ5 How can an advanced use of the advantages and possibilities of TBA promote a shift

in the aim of assessment from effective summative testing to personalised learning?

Early studies in TBA

Using technology in assessment started in the 1920s when Sidney L. Presses designed a
machine for testing (Alruwais et al., 2018; Skinner, 1958). 1935 saw the first attempt to use a
test scoring machine, the IBM model 805, to test millions of Americans in a type of objective
test (Khoshsima & Hashemi, 2017). In the 1970s and 1980s, new computer systems were
launched in language testing for purposes (test design, test construction, tryout, delivery,
management, scoring, analysis and interpretation, and reporting) beyond simple test scoring
(Fulcher, 2000).

The next major development took place in the 1990s, with the focus on the applicability of a
broad range of technologies from the most common to the cutting edge (Baker & Mayer, 1999).
In recent decades, educational assessment has represented one of the most dynamically
developing areas in education; as a result, CBA has become part of large-scale international

assessments.

In the early studies of this implementation process, the focus was on the comparability of
traditional (PP or face-to-face) and computer-based (CB) test results, or media comparison
studies. In media comparison studies, researchers compare the test results of students tested
with one medium versus those of — in an ideal case, the same — students tested with another
medium using the same test or at least measuring the same construct. It is challenging to
conduct valid media comparison research because of difficulties in ensuring that the results are

only influenced by the test medium.

Most types of traditional items, such as multiple-choice items, could easily be transferred to a
CB assessment platform. The common research question among these studies was the
following: whether traditionally administered test results are equivalent to those of CB tests

using the same questions and item formats for determining score equivalence (Kuzmina, 2010).
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The Guidelines for Computer-Based Tests and Interpretations published by the American
Psychological Association (APA) in 1986 specified score equivalence between CB and PP

tests. They concluded that
(1) the rank order of the test scores in PP and in CB mode was approximately the same,

(2) the means, standard deviations and shapes of the distribution curves were also nearly the

same, at least after rescaling and transforming the data (APA, 1986; Kuzmina, 2010).

In parallel with this issue and building on the results of the different media studies, a great deal
of research highlighted the significance and benefits of TBA over traditional paper-based

testing.

The effect of large-scale national and international assessments on the evolution of TBA

Around the turn of the millennium, large-scale international assessments [e.g. the National
Assessment of Educational Progress (NAEP) and Programme for International Student
Assessment of the OECD (PISA)] were conducted to capitalize on CB delivery and implement
TBA (Csap0, Ainley, Bennett, Latour, & Law, 2012; OECD, 2010) with the aim of replacing
traditional face-to-face and PP testing. One of the hot topics of this period was a comparison
of the results of PP and CB assessments for the same construct (Kingston, 2008; Wang, Jiao,
Young, Brooks, & Olson, 2008).

Csap6 and Molnéar (2019) summarized the role of large-scale international assessment in the
development of TBA. They argued that the OECD PISA assessments have had an impact on
the development of TBA in two major ways: they have advanced the technological
infrastructure, and they have tested the preparedness of different countries for the assessments.
In PISA the first CBA took place in 2006, when the Computer-Based Assessment of Science
was an optional domain (OECD, 2010). Only three countries took part in the data collection
(Denmark, Iceland and Korea), but this research served as good practice for future assessments.
Three years later, an assessment of digital reading was an extra optional domain in PISA. The
research design made it possible to compare the results in PP and digital reading (OECD, 2011).
In the following PISA cycle, assessments for reading and mathematics as well as creative
problem-solving as an innovative domain were offered in CB delivery mode (OECD, 2013,
2014). This assessment has had a huge impact on the development of CBA and has resulted in
a complete shift from PP to CB testing in PISA (OECD, 2016); thus, in 2015, the transition of
PISA to CBA was complete, with all the assessments being administered via computer.
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The Trends in International Mathematics and Science Study (TIMSS) of the International
Association for the Evaluation of Educational Achievement (IEA) is an international
comparative study measuring fourth and eighth graders’ achievement in mathematics and
science as a continuation of IEA’s previous studies conducted from the 1960s through the
1980s. Since 1995, with a four-year assessment cycle, TIMSS has assessed student
achievement using PP methods on six occasions — in 1999 (eighth grade only), 2003, 2007,
2011 and 2015 (Mullis & Martin, 2017). In the 2019 assessment cycle, TIMSS shifted to CBA
and was called eTIMSS with expanded problem-solving and inquiry tasks and novel item types,
including drag and drop, sorting and drop-down menu input types. Just around half of the 65
TIMSS countries used eTIMSS in 2019, while the remainder administered TIMSS with the PP
format. The shift from traditional PP administration to a fully CBA expanded the coverage of
the TIMSS assessment frameworks (Fishbein, Martin, Mullis, & Foy, 2018).

The International Reading Literacy Study (PIRLS) is an assessment of reading comprehension
in the fourth grade, which was developed by the IEA and has been conducted every five years
since 2001. PIRLS provides information on trends in reading literacy achievement among
students in countries that have participated in the assessment cycles. PIRLS was expanded in
2016 to include ePIRLS — an innovative assessment of online reading. ePIRLS is a CBA that
uses an engaging, simulated Internet environment to present students with authentic school-
like assignments involving social studies and science topics (Mullis, Martin, Foy, & Hooper,
2017).

The IEA has long been concerned with the use of information and communications technology
(ICT) in education. The first IEA study in this field was the Computers in Education Study
(COMPED) conducted in 1989 and 1992, followed by IEA’s Second Information Technology
in Education Study (SITES) Module 1 in 1998-99 and Module 2 in 2001 and 2006, which
assessed ICT goals and practices in education and the infrastructure in twenty-six countries
(Fraillon, Ainley, Schulz, Duckworth, & Friedman, 2019). In 2013, the first cycle of the
International Computer and Information Literacy Study (ICILS) was conducted, collecting data
in 21 education systems. It investigated how students in Grade 8 in these countries developed
the ICT literacy skills that would enable them to participate in the digital world. It researched
the differences within and between participating education systems and the relationship of
achievement to learning environment and student background. ICILS 2018 also included the
computational thinking domain as a process of working out exactly how computers can assist

people in solving problems (Fraillon et al., 2019).
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The National Assessment of Educational Progress (NAEP) in the USA is one of the first large-
scale online assessments in the world. President Barack Obama (2009)? said that “I’m calling
on our nation’s governors and state education chiefs to develop standards and assessments that
don’t simply measure whether students can fill in a bubble on a test, but whether they possess
twenty-first century skills like problem-solving and critical thinking and entrepreneurship and
creativity”. This reflects a trend toward the use of novel methods and techniques in assessment.
The NAEP started in 1969. The largest nationwide, continuous, representative assessment in
the USA, it focuses on what students know and can do in various subject areas. At the turn of
the millennium, a project was designed to explore the use of technology, especially the use of
the computer, as a tool to enhance the quality and efficiency of educational assessments,
particularly the NAEP. In 2001, the Math Online (MOL) study was the first field investigation;
it was followed by the Writing Online (WOL) project in 2002 and the problem-solving in
technology-rich environments project in 2003. It investigated how CBA can be used to measure
skills that cannot be measured with a PP test (Beller, 2013). In the second stage of development
in 2009, almost ten years later, interactive computer tasks were administered in science. 2011
saw the launch of a CB writing assessment, with scenario-based tasks following in 2014. From

2017, the NAEP assessment was fully computerized.

Another national assessment in the USA, the Smarter Balanced Assessment Consortium
(SBAC), began in 2014. It tested students using computer-adaptive technology that tailors
questions to students based on their answers to previous questions. The SBAC continued to use
one test at the end of the year for accountability purposes but created a series of interim tests
to inform students, teachers and parents as to whether students are on track (SBAC, 2016).
Table 1. summarizes the year of the transition to CBA among large-scale assessments from the
NAEP in 2001 to the TIMSS in 2019.

! https://www.chsnews.com/news/obamas-remarks-on-education/
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Table 1.

From PP to CB: The transition year for the main large-scale assessments

Start of transition from

Large-scale assessment Transition completed

PP to CB
NAEP 2001 2017
PISA 2006 2019
ICILS (started as computer-based) 2013 2013
SBAC (started as computer-based) 2014 2014
PIRLS 2016 n.d. (2021 - both
versions in parallel)
TIMSS 2019 n.d.

Note. n.d.: no date is given

Media comparison studies: CBA vs. PP assessments

Over the past two decades, various media studies have been carried out to determine the effect
of delivery medium on students’ test achievement (Oz & Ozturan, 2018). We conducted a
review of these studies (see Table 2) to obtain a comprehensive overview of the main results
in the Google Scholar database. As a first step, we defined the keywords, all connected to the
topic of media comparison studies. These studies evaluate the comparability issues (e.g.
validity, reliability, objectivity, advantages, costs and effect on test results) of different delivery
modes, that is online testing, face-to-face testing and PP testing. We used the following terms
separately during a Google Scholar search: media study in computer-based assessment; paper-
based vs. computer-based assessment; technology-based assessment/paper-based assessment;
computer-based assessment/paper-based assessment; technology-based assessment/paper-and-
pencil assessment; and comparison between paper-based assessment and computer-based
assessment. As a second filter, we only focused on studies where the same construct was
assessed in both modes, CBA and PP, and established after the turn of the millennium. Table
2. summarizes these studies according to age level and sample size, field of study, country and

main results.
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Table 2.

CBA and PP assessment of the same construct

Researchers Age level Sasrigzle Field of study Country Main results
Students’ achievement
. i Business in the CB environment
w;l&:rgféz) ggigies 105 USA was significantly
g courses higher than that of PP
mode.
A significant
Enalish difference between the
Choi, Kim, & Boo  Under- g South results in the two
971 language
(2003) graduates o Korea modes supports
proficiency .
comparability between
them.
Web-based
Bodmann & Under- 55 course USA There was no
Robinson (2004)  graduates management significant difference.
system
Higgins, Russell, Fourth Reading There were no
& Hoffmann rade 219 comprehen- USA statistically significant
(2005) g sion differences.
There were no
Horkay, Bennett, . .. . .
Allen, Kaplan, & Eighth 1308 Writing USA dlfferen(’:es in .
grade assessment students’ writing skills
Yan (2006) . .
in the two media.
Man:?]gment Significant but modest
Schatz & Putz Under- 30 assessment of USA correlations were
(2006) graduates found between the
sports-related
. modes.
concussion
. - Educational Test scores were not
Akdemir & Oguz Under- 47 Measurement Turkey different for the CB
(2008) graduates
course and PP tests.
Fifth Mathematics Participants’
Csap0, Molnar, &  graders 5000 and reading Hunaar achievement was
Téth (2009) (11 years comprehen- 92y JowerinCB testing
old) sion than in the PP format.
Computer
Hardware A significant
Karadeniz (2009) Under- 38 _ and Turkey gﬂﬁerence was found
graduates Micropro- in the scores in favour
cessors of TBA.
course
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. Univer- Students’ achievement
Al-Amri (2009) sity 167 English Saudi in PP mode was
medical reading tests Arabia significantly better
students than in CB.
Under- There were some
Blaze(kzgillz)orbey graduate 387 Ps;llghorzgg?o— USA significant differences
students 9y in favour of CB.
Cagiltay & Zalp-  Fijrst-year There was no
Yaman i . ignifi
engineer- Chemlstry ‘ Slg:lflcant
(2013) ) 209 course Turkey performance
Ing difference between PP
students and CB.
Reading
Mojarrad, comspige;hen- The quantity of
Hemmati, Jafari 8t012 66 assessments Iran reading
Gohar, & Sadeghi years . - comprehension did not
(2013) in English as differ considerably
a foreign '
language
PP and CB tests
measured pupils
First- . inductive reasoning
Csapo et al. (2014) grade 3f345_ :gg:ocr::xe Hungary  skills very similarly,
children g not only at the overall
test level, but at the
item level as well.
There were no
Logan (2015) Grade 6 804 Mathematics  Singapore  statistically significant
differences.
There was no
difference found in
Grades . performance on PP
Hensley (2015) 45 155 Mathematics USA and CB tests based on
overall performance in
mathematics.
The reliability between
Test of
. . . the scores for the CB
Retnawati (2015) Adults 600 En_gl_lsh Indonesia and PP tests was
proficiency
almost the same.
) Language ) ,
Khoshsima & Un dder 99 knowledge Test take(rjs_ ffscores'
Hashemi (2017) graduate 8 and Iran were not different in
students . CB and PP mode.
proficiency
Founda- . There were
_ tion year English Saudi statistically significant
Hakim (2017) students 200 Ianggage Arabia differences between
from the proficiency test results in PP and
English CB mode, with
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Language participants in CB

Institute performing better.
H Hardcas'tal\el:), ' EI; T;n' Performance varied
errmann-Abe : b
' ; . with different test
& DeBoer (2017) arr?c;df?ileh 34,068 Science USA modes according to
SChOOgl students’ age level.
Garas & Hassan . . . The.re'was no
Univer- Financial United statistically significant
(2018) sitv level 78 accounting Arab difference between the
y courses Emirates  students’ PP and CB
scores.
Fourth
Fishbein et al. and 16.894 Maths and Inter- There was an overall
(2018) eighth ’ science national mode effect.
grades

A meta-analysis of these studies shows various results on the effect of media on students’ test
scores, i.e. on students’ achievement. More specifically, some of these results demonstrated a
significant difference between the two testing modes in favour of CB mode (e.g. Blazek et al.,
2011; Clariana & Wallace, 2002; Hakim, 2017; Karadeniz, 2009), while others found the
opposite result of participants performing better in PP mode (e.g. Al-Amri, 2009; Csap0 et al.,
2009). Still other studies reported no significant differences in the two testing modes (e.g.
Akdemir & Oguz, 2008; Bodmann & Robinson, 2004; Cagiltay & Zalp-Yaman, 2013; Garas
& Hassan, 2018; Hensley, 2015; Higgins et al., 2005; Horkay et al., 2006; Khoshsima &
Hashemi, 2017; Logan, 2015; Mojarrad et al., 2013; Retnawati, 2015).

Beyond the actual test scores, some of the media studies also investigated participants’
perceptions, attitudes and opinions with regard to the two-delivery medium. Donovan, Mader
and Shinsky (2007) explored students’ opinions on the application of computer-based
assessment (CBA) instead of PP testing. According to the results of the survey-based study,
88.4% of the students preferred CBA to PP. Llamas-Nistal, Fernandez-Iglesias, Gonzalez-Tato
and Mikic-Fonte (2013) confirmed this result, with 43 students out of 52 choosing online
testing over traditional assessment methods. Tubaishat, Bhatti and El-Qawasmeh (2006)
conducted a study at university level. 59% of the students at the University of Jordan and 50%
of the students at Zayed University in the United Arab Emirates liked online exams better than
PP exams. Barros (2018) confirmed these findings; that is, students unequivocally preferred
CB tests over PP tests.
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To sum up, the differences between PP and CB test performance among secondary students
and undergraduate students have been widely studied and well documented; however, there is
still a gap. Very few studies have focused on the comparability issues of traditional and CB
testing among kindergarten children and primary students. Most of the latest media comparison
or media effect studies among secondary students have indicated that PP and CB testing are
comparable and that students prefer CB tests to PP testing. Based on the few studies focusing
on primary students, we can conclude that existing differences decrease over time as computers
become widely accessible at schools (Csapd et al., 2014; Mayrath, Clarke-Midura, & Robinson,
2012) and thus test mode effects should no longer represent an issue (Way, Davis, &

Fitzpatrick, 2006), at least among secondary students.

Increased effectiveness and advantages of CBA

The development, spread and accessibility of technology offer extraordinary opportunities for
the improvement of educational assessment. For example, CBA facilitates highly efficient data
collection and more exact, more varied testing procedures to measure more complex skills and
abilities and administer more realistic, application-oriented tasks in more authentic testing
environments than those of PP assessments (Beller, 2013; Bennett, 2002; Breiter, Grol, &
Stauke, 2013; Bridgeman, 2010; Christakoudis et al., 2011; Csap0 et al., 2012; Farcot & Latour,
2009; Kikis, 2010; Martin, 2010; Martin & Binkley, 2009; Moe, 2010; Ripley, 2010; van Lent,
2010). Its increased effectiveness and advantages can be observed on every level of assessment:

1)  The costs of testing. Among the benefits of late proliferation are the lower costs compared
to PP assessment. The following activities are necessary for each PP testing session: item
writing, proofreading, task editing and test assembly; preparation for printing and
printing/copying; test delivery: packing, shipping and distribution; and data collection,
collecting the tests, shipping, evaluation, coding, data recording, data cleaning, running
the analysis, writing feedback and storing the tests. Each activity has its own cost
implications. In the case of CBA, we do not need to print, copy, pack, ship, evaluate,
code or record the data. Thus, the costs of data collection can be greatly reduced (Bennett,
2003; Choi & Tinkler, 2002; Christakoudis et al., 2011; Csap6 et al., 2012; Csap0,
Molnéar, & Toth, 2008; Peak, 2005; Rose, Hess, Horhold, Bréahler, & Klapp, 1999;
Valenti, Neri, & Cucchiarelli, 2003; Wise & Plake, 1990). An analysis of the costs of
testing showed that even two-thirds of documentation costs can be saved through CBA

(Rose et al., 1999). Based on Farcot and Latour’s (2009) cost analysis, the initial costs of
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2)

3)

4)

PP testing prove to be the lowest. However, this type of testing can only remain
competitive in the long run if one does not need to produce many tasks and the
complexity of the tasks can be low. As the number of required tasks and their complexity
increase, CBA will be a more economical and sustainable method. In sum, the costs of
CBA drop significantly in the medium and long term (Bennett, 2003; Choi & Tinkler,
2002; Farcot & Latour, 2009; Kuzmina, 2010; Peak, 2005).

The speed and safety of test administration and data flow. CBA makes data processing
faster and easier (Csap6 et al., 2012). It is safer to maintain test-taking security with user
names and passwords (Kuzmina, 2010; Marriott & Teoh, 2012). The possibility of
selecting questions at random or using adaptive techniques reduces cheating, thus
improving safety and providing more objectivity (Marriott & Teoh, 2012). Moreover, an
adaptive test algorithm allows a more precise (lower measurement error) or less time-
consuming (with the same level of measurement error) assessment of levels of
knowledge, skills and abilities (Frey, 2007; Jodoin, Zenisky, & Hambleton, 2006).

The option of providing immediate feedback on completion of testing (Becker, 2004;
Csapo et al., 2014; Dikli, 2006; Mitchell et al., 2002; Valenti, Neri, & Cucchiarelli, 2003)
increases the efficiency of the assessment by making it possible to measure even sudden
improvement among students with diagnosed atypical development; that is, it paves the
way for individualized diagnostic testing beyond the predominantly summative approach
(Kettler, 2011; Redecker & Johannessen, 2013; Van der Kleij, Eggen, Timmers, &
Veldkamp, 2012).

Indicators of test goodness and efficiency. The behaviour of the tests — that is, the
generalizability of the results, the validity of the construct measured, and the objectivity
of data collection and evaluation — is characterized by three indicators: reliability, validity
and objectivity. These are assured when the test scores, i.e. the achievement of the
students, only depend on the students’ level of knowledge and skills, independent of any
other factors, such as the circumstances of the data collection and the harshness of the
test scorer. With technology, the level of standardization of testing conditions can be
significantly boosted, thus ruling out the uncertainty of the human factor. That is, CBA
promotes an increase in the indicators of test goodness (Csapd et al., 2014; Jurecka &
Hartig, 2007; Marriott & Teoh, 2012; Ridgway & McCusker, 2003). We can thus achieve
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5)

6)

7)

improved efficiency and greater measurement precision in the assessment domains
already established (Csapo et al., 2014).

Options for measuring new constructs. CBA has paved the way for the development and
use of new, more complex and innovative item types beyond the more traditional first-
generation CB items (e.g. multiple choice; Alruwais et al., 2018). With multimedia
elements, second-generation items made it possible to create more real-life problems and
a more standardized testing environment (e.g. everybody listening to the same voice)
than first-generation items. Finally, third-generation tests (Greiff, 2012; Greiff,
Wistenberg, & Funke, 2012; Ripley, Harding, Redif, Ridgway, & Tafler, 2009),
including interaction, simulations and cooperation, facilitated the measurement of
construct, a feature which would be impossible with traditional assessments that rely on
standard item formats (e.g. Complex Problem-Solving (CPS); see Ddrner and Funke,
2017; Greiff et al., 2012; in PISA 2012, it was called Creative Problem-Solving). With
second- and third-generation tests, we can replicate complex, real-life situations and use
authentic tasks, interactions, dynamism, virtual worlds and collaboration within the test
to measure even more complex, 21%-century skills (Pachler et al., 2010; Ridgway,

McCusker, & Pead, 2004), thus increasing the quality of educational assessment.

Student motivation towards testing changes (Meijer, 2010; Sim & Horton, 2005).
Technology allows creative task presentation through innovative item development
opportunities (Pachler et al., 2010; Strain-Seymour, Way, & Dolan, 2009), thus raising
the motivation and enjoyment level of the assessment in a way that would have been
impracticable in the PP environment. CBA can provide test environments that are similar

to entertainment activities (Ridgway et al., 2004).

Effective tools for logging and analysing contextual data (e.g. time on task and number
of student attempts to modify solutions; Csap6 et al., 2014), not only observed variables.
Logfile analysis, educational data mining and learning analytics offer new indicators
beyond traditional test results, thus making it possible to conduct a more thorough
analysis of the student’s behaviour and the structure of the knowledge, skills and abilities

measured.

Challenges and drawbacks of using TBA

Despite the many advantages TBA and CBA offer educational researchers, they also face

several challenges that call for further research and also involve some drawbacks. Drawbacks
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of TBA can be viewed as bigger challenges for the future, thus requiring further developments

and researches in the field of educational assessment.

In most cases, the basic technological solutions are already available at the student and/or
school level, but — as we have seen in the situation generated by COVID 19 worldwide, even
at the international level — their useful integration and application in everyday school practice
are limited and require further development. This integration is strongly hindered by issues of

diversity, connectivity, and lack of systematicity and compatibility.

There exists no fit for all approaches to TBA. Different assessment needs require different
technological conditions, that is, the same solution cannot optimally serve every possible
assessment scenario (Csapo et al., 2014). Beyond the proper infrastructure (Alruwais et al.,
2018), different problems arise when TBA is used e.g. for high-stakes/low-stakes testing, large-
scale/small-scale data collection, standardized/unstandardized assessment, fixed/adaptive
testing, summative/formative/diagnostic assessment, using more traditional/innovative item
types, replacing traditional PB assessment/launching assessment of skills related to the digital
word, placing students in testing centres/in the classroom environment/at home, assessing
kindergarten children/primary students/secondary students and students’ familiarity/lack of
familiarity with TBA. Independent of the aim, place, type and methods of assessment, validity

still remains an important issue.

8. Latest developments

The latest developments in the CBA revolution in the educational context highlight two points:
first, we have seen a shift from summative to formative and diagnostic assessments, which
better reflect students’ learning needs, facilitate understanding and provide students with
immediate feedback; second, logfile analysis, educational data mining and learning analytics
have contributed significantly to an understanding of the phenomenon under examination and
expanded the possibilities not only from a quantitative perspective, but also from a qualitative

one.

8.1. From efficient testing to personalized learning: Integrating assessment into teaching by

means of technology

There is no longer any question as to whether we can develop authentic, real-life, complex,
high-quality tests. At the same time, summative test results have limited usefulness with regard

to personalized intervention and student-level feedback in general (Csap6 & Molnér, 2019).
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They are often used for accountability purposes, causing negative effects in testing, such as test
coaching (teaching for testing) and test score inflation (see e.g. Koretz, 2018). These effects
can have a harmful influence on school climate and teacher stress (Saeki, Segool, Pendergast,
& von der Embse, 2018). However, this does not mean that testing is harmful. We must change
the purpose of assessment from a rather summative to a more learning-centred, personalized
approach, where testing meets the individual needs of students through a frequent, low-stakes
assessment combined with prompt and proper feedback about their level of knowledge, skills
and abilities (Umami, 2018). Formative and diagnostic CB testing helps personalize learning
with effective, adaptive learning and instruction programs (Grant & Basye, 2014). Teachers
can use assessment platforms and programs to assess student performance before, during and
after learning, which can be used to identify domains of weakness and strength and to promote
directed personalized instruction (Grant & Basye, 2014). With TBA, teachers are no longer
limited to standardized, yearly, summative exams or periodical, summative classroom tests.
They have the opportunity to provide feedback at every step of the learning process and to use
these regular assessments to measure the progress of educational objectives for individual
students (Cole, 2008). Regular feedback enables teachers to tailor instruction and to aid in
students’ development more effectively by supplying more frequent information to parents on

their children’s learning progress (Grant & Basye, 2014).

TBA also makes it possible to fit the difficulty level of the tasks to the ability level of the
students by giving students more difficult or less challenging questions. Through this adaptive
approach, both the motivation level of the students and the information extracted during testing

can be increased and the measurement error decreased.

8.2. Options in logfile analysis, educational data mining and learning analytics are

increasing

Contextual information plays a significant role in educational assessment, contributes to a
deeper understanding of the phenomenon under examination and can provide answers to
research questions which could not be answered with traditional assessment techniques.
Traditional assessment methods supply the researcher with very few indicators, such as test
scores (quantitative) or subjective feedback (qualitative) from students on the testing/training
session. Technology makes it possible to log, collect and analyse students’ behaviour during
the testing/learning session (e.g. the time needed to execute the task, the number of student
attempts to adjust solutions, and the location and number of clicks made by students during the
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task and during the test) and thus to quantify even qualitative developmental differences to
better understand the fine mechanisms of the phenomenon under examination. However,

logfile data are collected more often than they are analysed (Bruckman, 2006).

Table 3 summarizes the number of publications in Scopus as of 2011 with these keywords
(phrases) restricted and filtered to these domains and illustrates the ever growing importance
and role of logfile analysis in the social sciences and psychology, including time on task,
learning analytics, educational data mining and big data. The keywords were used separately,
filtered for the domains of the social sciences and psychology and resulting in 60 hits for the
year. Based on the results, we can conclude that the history of the analysis of all kinds of log
data dates back to 2010. In the last ten years, the number of publications focusing on an analysis
of logged data has grown immensely. The most often used state-of-the-art terms are educational

data mining, learning analytics and big data.
Table 3.

Search results in Scopus for keywords filtered for the social sciences and psychology (6 Dec.
2019)

Keywords 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019

Logfile or log-

- . 4 11 8 4 9 11 13 11 11 11
file analysis

Time on task 27 27 45 45 50 43 49 67 66 60

Educational 8 12 24 22 38 52 68 8 8 124
data mining

Learning 0 5 39 65 144 188 287 330 357 410
analytics

Big data 6 7 44 178 426 892 1485 1520 1993 1647

In the following, we only focus on papers containing the phrases “logfile analysis” or “log-file
analysis” with the results of those papers illustrating how it is possible to use this type of
analysis to quantify qualitative developmental differences to learn more about the phenomenon
under examination beyond the score data. These papers also use state-of-the-art analysis (e.g.
latent profile analysis) in most cases and go far beyond the possibilities of classical test theory
(which is often used in time-on-task analyses). Several of them focus on students’ problem-

solving behaviour on third-generation tests (e.g. Greiff et al., 2018; Greiff, Krkovic, &
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Hautamaki, 2015; Greiff, Niepel, Scherer, & Martin, 2016; Herde, Wistenberg, & Greiff,
2016), with a similarly focused paper beyond Scopus found through Google Scholar. As a
result of the analyses, qualitatively different exploration strategies have been defined in a
complex problem-solving environment (Greiff et al., 2018). It has been confirmed that using a
theoretically effective strategy does not always result in high performance and that awareness
also plays an influential role in problem-solving. The analyses have identified qualitatively
different problem-solving class profiles. The most interesting group is that of rapid learners.
These students start out as non-performers in their exploration behaviour in the first problem-
solving scenarios but show a rapid learning curve and reach the same high level of exploration
behaviour by the end of the test as proficient explorers. However, their final score is exactly
the same as those who are high performers on the easiest problems, but low performers on the
complex ones, with no so-called intermediate strategy users identified. Generally, the analyses
have expanded the scope of previous studies and made it possible to detect a central component

of children’s scientific reasoning and problem-solving behaviour.

These opportunities and research results are expected to revolutionize education. We are thus
able to predict what types of activities would be most beneficial for different students,
contributing significantly to the personalization of education (Wise, 2019). According to
Johnson et al. (2016), learning analytics is one of the most significant developments of the 21%
century. Score-based data and analyses from previous educational research have provided
opportunities for post-correction, intervention and modification (e.g. improvement and
refinement of tests), with almost all of these data and analyses being output-oriented. Learning
analytics enables us not only to confirm that a particular learning unit has been mastered, but
also to monitor the learning activity in real time. Based on these data, both computer-controlled
and human-driven techniques can be used to better tailor education to the needs of learners,

thus moving away from a one-size-fits-all approach (Wise, 2019).

9. Perspectives in the present and challenges for the future

Different areas can be distinguished by discussing the perspectives on educational assessment
based on the developments and experiences of the last twenty years. In our view, these
developments can enhance the efficiency and efficacy of assessment, thus maximizing
students’ engagement, motivation and learning (Adesope & Rud, 2019) if they are used not for
its own sake (Gonski et al., 2018), but in an integrated and combined way that provides links

between assessment, teaching and learning (Neumann et al., 2019).
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Innovative technologies combine to form an integrated multi-sensory interactive application to
present information to students and thus offer exciting opportunities to increase the efficiency
of assessments that are more useful for teachers and more supportive, motivating and effective
for students (Gonski, 2018; Koomen & Zoanetti, 2018). However, the real advantage of these
technologies, such as touchscreens, augmented reality (AR), virtual reality (VR), mixed reality
(MR), robots and behavioural monitoring (e.g. voice recognition, eye gaze, face recognition
and touchless user interface) can be effectively used if they are linked to the proper assessment,
and educational and developmental theories and methods. However, ways, models and theories
must be devised to adapt these technologies to the human mind, including how we learn, and
experimental research evidence is needed to determine which instructional features maximize
learning outcomes and promote learning processes (Adesope & Rud, 2019). The systematic
introduction and application of TBA in everyday school practice, including TBA, using the
most common technologies (as we saw in the quarantine situation worldwide because of
COVID 19) or even emerging ones, require further research and provide new challenges for

educational researchers.

New learning and assessment theories and the reconceptualization of research are needed —
integrating models on multimedia learning, machine learning, learning analytics, educational
data mining, knowledge representation, developmental psychology and assessment, including
visualization of the results to support human learning (Bottou, 2014; Markauskaite, 2010;
Martin & Sherin, 2013; Mayer, 2014) — to maximize the use and possibilities of these tools to
enhance and facilitate students’ learning instead of merely summarizing the current state of
their knowledge based on the answer data given, which has been in the focus of educational
assessment in the last 20 years. TBA can provide (1) fine-grained, process-oriented data, which
can open up new possibilities to understand how we learn (Kramer & Benson, 2013) and thus
(2) knowledge which supports personalized learning with constructive feedback. The ability to
use available tools calls for new assessment theories (e.g. a more detailed analysis of logfiles
and process data beyond the commonly used latent profile and time-on-task analysis).
Developments in TBA are moving toward intelligent systems that facilitate students’
personalized learning and monitor their emotional and cognitive status, where continuous
diagnostic adaptive assessment techniques provide a challenging multimedia learning

environment for the user.

The possibilities are becoming almost unlimited; however, implementing them in everyday

school practice requires a great deal of research, development and time. As an example of the
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very long implementation process, in the 1960s, Rasch published the Rasch model, the well-
known and broadly used one-parameter item response theory model. This largely established
the basis for adaptive testing, a special form of CBA that is adaptive to each test-taker’s ability
level. Empirical studies in the 1980s (e.g. Weiss & Kingsbury, 1984) proved that computer-
adaptive testing is more effective, reduces testing time without deteriorating measurement
precision and strongly increases test-takers’ motivation compared to fixed tests, that is, tests
comprising the same items for everybody. It took almost 40 years between demonstrating
empirical evidence for the effectiveness of the Rasch model and applying it in the most
prominent large-scale assessment, OECD PISA. (Please note that PISA was launched in 2000;
that is, in the history of PISA, it took almost 20 years.)

10. Limitations

Limitations of the study include the sampling procedure. We restricted the sample to the large
research databases on Google Scholar and Scopus. In other words, papers, dissertations and
documents which are not indexed in Google Scholar or Scopus were excluded from the
analyses. In addition, searches in Scopus were filtered further for the social sciences and
psychology; that is, papers which are not indexed in these domains were also excluded from
the analyses. We focused on the most prominent, mostly international large-scale assessments

(LSA) and excluded other research developments by analysing the effect of LSAs on TBA.

11. Discussion and conclusion

The ICT revolution has reshaped society, required new competences, and opened up new
possibilities and challenges in educational assessment. Measuring and developing 21st-century
skills (Borodina, Sibgatullina, & Gizatullina, 2019) requires new assessment which goes
beyond testing knowledge and provides prompt, meaningful feedback for learners and teachers

as well. Traditional assessment methods are sorely lacking in this regard.

The development encompasses three main steps which lead to ever growing possibilities in
educational assessment. First-generation CB tests looked very similar to traditional PP testing,
but already used several advantages of CBA (e.g. feedback time and delivery mode). Second-
generation CBA includes multimedia elements and makes adaptive testing possible. While
employing third-generation tasks, even very complex constructs can be measured (e.g. 21st-
century skills) by activating interaction, simulation, cooperation and dynamically changing

items. To sum up, technology plays an important role in the development of educational
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assessment (RQ1), and we observed a significant effect of large-scale international assessments
on the evolution of TBA (RQ2).

A number of media studies were conducted around the turn of the millennium, when CBA
emerged as a real alternative to PP testing even in large-scale assessments. The results were
divergent because of the different samples, knowledge, skills and abilities assessed, and item
formats used, but the eventual differences between PP and CB delivery mode and students’ test
performance have been widely studied and well documented. The latest studies have clearly
indicated that PP and CB tests are comparable. Some of these results demonstrated a significant
difference between the two testing modes in favour of CB mode, while others found the
opposite result. Still other studies reported no significant differences in the two testing modes.
If there are differences, they decrease over time as computers become widely accessible with
students preferring CB tests to PP testing. Thus, with test mode effects no longer an issue, we

can concentrate on the further possibilities of the new technologies in educational assessment
(RQ3).

The use of technology has greatly improved the efficiency of testing procedures: it speeds up
data collection, supports real-time automatic scoring, accelerates data processing, facilitates
immediate feedback and revolutionizes the whole process of assessment, including innovative
task presentation (for a detailed discussion of technological issues, see Csap6 et al., 2012).
Also, it provides new opportunities in item and test development. Beyond these options,
technology makes it possible to store and analyse contextual data. This new approach is often
called educational data mining, logfile analysis or learning analytics, each representing a
slightly different form of analysis. Because of the many advantages, the most important
assessments in the near future will probably be administered in a technological environment;
however, there is still a need for further research and development on the application of CBA

among kindergarten children and its systematic integration into everyday school practice
(RQ4).

This trend is explicitly noticeable in the most prominent international large-scale summative
assessments (e.g. IEA TIMSS and PIRLS; OECD PISA). In the last few years, taking
advantage of one of the greatest possibilities of CBA, automatic feedback, there has been an
emphasis on individualized diagnostic assessment beyond the mainly summative approach,
thus using the power of prompt, proper feedback to personalize learning and instruction
(Shatunova et al., 2019). That is, there is a need for an advanced use of the advantages and
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possibilities of TBA in the learning process to shift the aim of assessment from effective

summative testing to personalized learning (RQ5).

Undoubtedly, CBA will replace PP at all levels of testing — summative or formative, low- or
high-stakes — and offers new opportunities in assessment (e.g. online diagnostic assessment,
adaptive testing, embedded assessment, measuring new constructs and learning more about
students’ test-taking behaviour by analysing logfiles). The technology further expands the
possibilities not only from a quantitative perspective, but also from a qualitative one, thus
strengthening the use of CBA (Csap0 et al., 2012).
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Abstract:

In recent decades, attention has been focused on analyzing contextual data in educational
context using educational data mining (EDM), which is a process of employing data mining
techniques to transform initial data collected through educational systems into meaningful
information. Logfile analysis entails analyzing behavioral processes, time-on-task, and the
sequence of actions captured in logfiles and thus introduces novel methods to the analysis of
the instruction and learning process as well as to educational assessment. This research paper
aims to present the developmental trends in EDM techniques and logfile analysis in educational
context and their contribution to a better understanding of the contextual data, collected beyond
the particular response data. We conducted a comparison analysis based on the Scopus database
to show developmental trends by year and domain. According to the results, (1) research
interest in this field has grown immensely in the last few years; that is, EDM is an emerging
discipline. In addition, (2) EDM and logfile analysis examine earlier hidden information to
provide explanations of students’ learning and testing behaviour from a new perspective, thus
broadening our understanding of students’ behavior, interests, learning processes, motivational

aspects, and test results and the reason for their learning outcomes.

Keywords: data mining, educational data mining, contextual data, logfile analyses
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Introduction

Improvements in the computer and data sciences have created new methods and possibilities
from which education can benefit. Data mining (DM) is a crucial data analysis methodology
that has been used in many domains successfully (Tanimoto, 2007). Recently, the expansion
of computer-based testing and training in education (Molnar & Csap0, 2019a, 2019b; Mousa
& Molnér, 2019) has made information available (Molnar & Csapd, 2018; Tanimoto, 2007;
Wu, & Molnar, 2019), which can provide important indicators of students’ learning processes
but were hidden by traditional assessment and training methods. Nowadays, both educational
data mining (EDM) and logfile analysis have become a state-of-the art area of educational
assessment, as they can build the basis for new learning theories and new knowledge about
how students’ learn, behave, complete, and interact with the tasks and problems administered
to them (see e.g. Al-Kabi, Shannag, & Alsmadi, 2011; Chen & Chen, 2009; Guo, Deane, van
Rijn, Zhang, & Bennett, 2018; Minaei, Kortemeyer, & Punch, 2004; Mylonas, Tzouveli, &
Kollias, 2004; Romero,Ventura, & Garcia, 2008; Xing, Guo, Petakovic, & Goggins, 2015;
Zaiane & Luo, 2001; Zhang, Bennett, Deane, & van Rijn, 2019). Based on the literature in the
field of assessment, the most commonly employed techniques are time-on-task analysis (see
e.g. Alzoubi, Fossati, Di Eugenio, Green & Chen, 2013; Goldhammer, Naumann, Stelter, Téth,
Rolke, & Klieme, 2014; Greiff, Niepel, Scherer, & Martin, 2016; Naumann, 2019; Zoanetti &
Griffin, 2017) and analysis of students’ exploration and problem-solving behavior in
connection with complex problems developed through the MicroDyn approach (see e.g.
Goldhammer & Barkow, 2017; Greiff, Wistenberg, & Avvisati, 2015; Molnar & Csapd, 2018;
Téth, Rolke, Wu, & Molnar, 2019). The possibilities are unlimited, but new methods and new
models are needed to use these possibilities in research and educational practice (Molnar &
Csap0, 2019b).

This paper summarizes and evaluates the main studies in this field in so as to present a
theoretical framework for using contextual data in educational context. It visualizes how
contextual data analyses have been utilized in different contexts over the years. The basis for
the meta-analysis consisted of papers available in Scopus databases. This study is expected to
provide both researchers and educators with information about the possibilities of logfile
analysis and highlight the importance of using and analyzing contextual data for a deeper
understanding of learning processes. Furthermore, the paper presents how logfile analysis has

been used in the educational process with outstanding results, especially in assessment. It has
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been employed in exploring the relationship between time-on-task and students’ performance,

exploring students’ strategies and behaviors on problem-solving tests as well.

1. Developmental trends and challenges in EDM

1.1. Data mining

DM is a multidisciplinary field which is considered to be a branch of computer science. It is
regarded as an exploratory process, but it could be used for confirmatory investigations (Cheng,
2017). Algarni (2016) views DM as a logical step of the knowledge discovery in database
operation. DM methods have links to artificial intelligence, machine learning, statistics, and
computer science (Dunham, 2006). However, it is somehow different from other search and
analysis methods because it is exploratory, while other analyses are more confirmatory. Hidden
patterns can be uncovered witha combination of an explicit knowledge rule, domain
knowledge, and advanced analytical skills. As a consequence, the detected patterns and trends
can assist organizations with meaningful information and guide their decision-making
(Kiron, Shockley, Kruschwitz, Finch, & Haydock, 2011).

DM is a useful artificial intelligence tool that has the potential to uncover helpful information
by analyzing data from many dimensions, classifying the information, and summarizing the
specified relationships in the database (Algarni, 2016). Afterward, this information assistance
makes or improves decisions. In DM solutions, algorithms can be employed to achieve the
required results. A case in point is clustering algorithms that recognize modes and group data
into varying groups. The data in each group vary from high to less consistent. Based on this,
the findings can assist in creating a better decision model, while multiple algorithms implement
one solution as they can conduct separate functions. For instance, using a regression tree
method makes it possible to obtain financial predictions or association norms to conduct a
market analysis (Algarni, 2016).

Nowadays, a significant amount of data in databases surpasses the human ability to extract and
analyze the most useful information without the aid of new analysis techniques (Cheng, 2017).
Knowledge discovery is the process of significant extraction of involved, unidentified, and

potentially meaningful information from a big database (Kiron et al., 2011).
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Data mining employed in knowledge discovery has revealed patterns (Algarni, 2016). The
precise discovery of patterns through DM is affected by various factors, such as sample size,
data fairness, and endorsement of the knowledge involved. All of them affect the degree of
certainty that is suited to determining patterns (Dunham, 2006). Even though DM uncovers
various patterns in databases, some of them can be interesting from the point of view of
learning. It is also crucial to examine the extent of confidence in a given pattern when rating
the validity of the results. Loops can take place between any two steps in the process, an area
which calls for more iteration (Algarni, 2016).

In using data mining techniques, the following steps are required: (1) developing an
understanding of the domain under examination, building relevant prior knowledge, and
defining the objective of the analysis; (2) understanding the structure of the target dataset by
focusing on the subset of data/variables which are targeted in the analysis; (3) cleaning and
pre-processing databases by eliminating noise, developing methods for dealing with missing
data, and accounting for time sequence details and documented changes; (4) the data reduction
and projection stage, e.g. reduction of dimensionality or methods of transformation; (5)
selecting the best fitting DM techniques according to what we call Knowledge Discovery goals;
(6) fitting DM algorithms to the dataset to identify patterns; (7) deriving meaningful patterns
from a specific form or collection of representations; and finally, before reporting, (8)
explaining these mined and detected patterns and/or returning to previous steps for further
iteration (Algarni, 2016).

1.2. Educational data mining (EDM)

EDM has become greatly important in research interests and possibilities recently (Amrieh,
Hamtini, & Aljarah, 2016). It is a growing field which uses DM techniques and methods to
analyze and extract hidden and unknown knowledge from educational data (Amrieh et al.,
2016; Baker & Yacef, 2009; Dahiya, 2018; Romero et al., 2008). Silva and Fonseca (2017)
defined EDM as a process of transforming initial data collected through educational systems
into meaningful information that can be utilized to make decisions and answer research
questions. Further issues, such as time, serialization, and context, also play a significant role in
analyzing educational contextual data (see e.g. time-on-task; Fatima, Fatima, & Prasad, 2015).
To sum up, educational data mining is a multidisciplinary field, including and combining

knowledge from a number of domains, such as information retrieval, recommender systems,
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visual data analytics, data visualization, social network analyses, cognitive psychology, and
psychometrics (Cheng, 2017), machine instruction and learning (Baker & Yacef, 2009), and
process mining (Juhandk, Zounek, & Rohlikova, 2019).

The knowledge discovered by EDM through DM techniques and complex analysis (Amrieh et
al., 2016) can assist educational researchers in developing new learning and teaching
techniques, understanding learners’ behavior, and designing more effective, motivating, and
supportive learning environments, that is, enhancing the learning process. It can assist in
producing high-quality research results (Amrieh et al., 2016). Dahiya (2018) divided the
objectives of EDM into three categories: (1) educational or academic objectives (e.g. designing
educational content); (2) administrative or management objectives (e.g. the maintenance of
educational infrastructure), and (3) commercial or the market objectives (e.g. capturing the
market in terms of enrolments). EDM also employs unique ways, methods, and techniques to
address relevant educational problems and questions (Cheng, 2017), such as predicting
students’ performance (Miguéis, Freitas, Garcia, & Silva, 2018) and predicting students’
academic failures (Arora, Singhal & Bansal, 2014; Costa, Fonseca, Santana, Araljo & Rego,
2017; Manhaes, da Cruz, & Zimbrao, 2014).

1.3. Source of the data used in EDM

A database, which can build the basis for educational data mining analysis, can be collected
from different sources, such as computer-based assessments (Molnar & Csapd, 2018), web-
based education systems, and online learning management systems, such as Moodle (Silva &
Fonseca, 2017), educational repositories, or traditional surveys (Amrieh et al., 2016). The
structures of these databases differ greatly, that is, the “one size fits all” approach cannot be
applied in these types of analyses. Every database is unique and requires “personalized”

methods.

1.4. Methods

DM is a powerful technology with great capacity to map student’s behavior beyond particular
answer data (Silva & Fonseca, 2017) by developing methods to explore large data sets collected
in educational settings in order to gain a better understanding of students’ behavior, motivation,

interests, and results. For educational issues and problems, EDM uses DM techniques and tools
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to discover unknown relationships and patterns in large-scale data. These techniques and tools
involve machine learning methods, mathematical algorithms, and statistical models, such as
clustering and decision trees. They also detect information within the data which queries and
reports based exclusively on response data cannot effectively detect (Amrieh et al., 2016; Silva
& Fonseca, 2017).

1.5. The use of educational data mining to evaluate students’ behavior and actions

EDM is utilized to analyze students’ behavior to detect the significantly different ways and
learning behavior patterns of students in learning management systems (Kularbphettong,
2017). Evaluating activities and understanding behavior patterns offer new developmental

perspectives (Rodrigues, Isotani, & Zarate, 2018).

Romero, Ventura, and Garcia (2008) summarized the benefits of DM techniques and methods
in connection with a management system course at the University of Cordoba, Spain. A total
of 438 students took part in the research. EDM techniques assisted in classifying students and

detecting the sources of any contradiction values from student activities.

Zaiane and Luo (2001) attempted to analyse 395 university students’ activities in Britain and
Canada to identify typical behavioral patterns from access logs and activities used by the
students. They extracted meaningful behavioral patterns based on weblog analysis, which
assisted teachers in their students’ evaluation and pointed out students’ needs toward improving

their learning outcomes.

Minaei et al. (2004) analyzed data extracted from an online educational system developed at
Michigan State University with Computer-Assisted Personalized Approach to detect and define
profiles for different students based on their problem-solving behavior and to develop and
recommend decision-making strategies that best fit the different profiles. Association rules

were used to detect patterns and cluster profiles.

Chen, Chen, and Liu (2007) assessed the learning outcomes of students by analyzing data on
their interactions and access to different educational media. The aim was to provide better
insights for teachers into the main factors affecting students’ learning outcomes. To achieve
these aims, Grey’s relational analyses, clustering techniques, fuzzy association rule techniques,

and fuzzy inference algorithms were used. The information extracted by these algorithms aided
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in developing better educational strategy plans and designing more effective educational

materials.

There are no definitive techniques to assess performance during the e-learning process;
typically, the final outcomes are given (Mylonas et al., 2004). Chen and Chen (2009) designed
an online system using statistical association analyses and fuzzy clustering methods, among
other techniques. The main aim was to develop a system which uses formative assessment
techniques to profile students and personalize pedagogical materials. This system allows
teachers and researchers to detect factors that impact students’ learning for better curriculum
developent and to find, fit, and personalize the best teaching strategy. The results confirm the
importance of performing inferences in the individual performance of students and to evaluate

educational strategies recommended to reduce students’ failing and dropping out.

Miguéis et al. (2018) utilized EDM techniques to predict graduating students’ overall academic
performance. Barros, Neto, Placido, Silva, and Guedes (2019) also used EDM techniques (e.g.
decision tree, neural networks, and Balanced Bagging) to predict dropout rates in higher

education in Brazil.

Process mining is among the basic EDM techniques. It is attracting increasing research
attention (Juhanak, Zounek, & Rohlikova, 2019; Reimann & Yacef, 2013). Reimann,
Markauskaite, and Bannert (2014) focused on process mining in data-intensive research

methods from the perspective of methodological challenges.

Schoor and Bannert (2012) analyzed empirical studies using process mining technigues in the
context of computer-supported collaborative learning to map social organizational processes.
They concluded that these methods are helpful to gain insights into the process of learning and
recommended them for further analyses. Bannert, Reimann, and Sonnenberg (2014) used a
process mining technique in self-regulated learning to analyze qualitative data collected
through a think-aloud protocol. Sedrakyan, De Weerdt, and Snoeck (2016) employed process
mining methods in connection with complex problem-solving data to detect students’ learning
behavior patterns and to link identified profiles to students’ learning outcomes. They concluded
that the use of such methods was highly beneficial to monitor and analyze cognitive learning
processes. In the virtual learning environment, Vidal, Azquez-Barreiros, Lama, and Mucientes
(2016) made use of these techniques to analyze log event recordings of students’ and teachers’

behavior.
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Romero, Cerezo, Bogarin, and Anchez-Santill (2016) applied process mining techniques in the
analysis of data collected via the Learning Management System (LMS) Moodle, while
Papamitsiou and Economides (2016) focused on quiz-taking behavior through a process
mining approach by identifying patterns of guessing behavior during testing. They suggested
that process mining can provide new opportunities in modeling and detecting various types of

students’ quiz-taking and guessing behavior in online learning and test environments.

The application and development of DM in education are limited and fairly late compared to
other fields, e.g. the life sciences and business administration. Indeed, EDM faces many
challenges. One of these arises from the specific attributes of data (Silva & Fonseca, 2017).
However, growth can be observed in the amount of educational data, thus opening doors for
EDM analysis. Nowadays, EDM has become a significant aspect of analysis, the basis of

further developments in educational research and practice (Dahiya, 2018).

2. Developmental trends and challenges in logfile analysis

The emergence of computers in the psychological and educational context has enabled us to
analyze the behavioral processes and sequence of actions through the information stored in
logfiles (Greiff et al., 2015). Analysis of such data as the interaction between the user and the
computer system dates back to 1967 (Al-Kabi et al., 2011).

In the context of computer-based assessment, student interactions during tasks are recorded
easily to produce logfiles. These records typically describe keystrokes and mouse events
(cursor movement, clicking, dropping, typing, dragging, etc.). Therefore, each separate process
is typically logged using a timestamp or a similar occurrence time (Zoanetti & Griffin, 2017).
The logfiles can be used as a direct source of information containing data on each behavioral
action for each student (Wu & Molnar, 2019). The challenge here is how to make sense of this
massive amount of data (Zoanetti & Griffin, 2017). Contextual data introduces new
possibilities and raises new research questions for a better understanding of the educational

phenomenon under examination (Molnar & Csapd, 2019).

There are many challenges in working with logfiles across a number of problem domains, such
as event distribution and data size. A wide range of logfile formats, and different transport and
storage methods exist. Usually, it is not possible to manually scan all of the logfile data to

identify patterns, anomalies, or different tendencies in the data (Green, 2015).
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2.1. A review of empirical studies using time-on-task analysis

Time-on-task can be defined as the amount of time spent on task completion. It involves the
time spent identifying the task, the time spent completing it, and the time spent entering the
solution. On tasks that require participants to take multiple steps and/or to interact with the
problem environment, we can define time-on-task in smaller steps, that is, the time between

each click.

There are two different approaches to modeling time-on-task. Time-on-task can be taken as an
indicator of the latent construct or it can be employed in explanatory models as a predictor to

explain differences in performance (Goldhammer et al., 2014).

Nowadays, most studies focus on the second approach and test the effect of time-on-task on
the academic performance of students in a computer-based learning environment (Lee, 2018).
Lustria (2007) argued that interactivity can significantly affect comprehension as well as
attitudes towards health Web sites, that is undergraduate students who spent more time using
interactive websites on health-related information achieved significantly higher on a related
achievement test. Louw, Muller, and Tredoux (2008) analyzed the predictive power of different
variables, such as previously existing mathematics knowledge, computer access outside of
school, time spent on computers both outside and inside of school, confidence in using
information technology, computer literacy, degree of enjoyment in learning mathematics,
intention to study after school, motivation toward mathematics, parental encouragement,
language used at home, and time spent with the computer-based tutoring system employed in
the study. According to their research findings, time spent in the computer-based tutoring
environment was the most influential predictive factor for academic success among

participating students.

Krause, Stark, and Mandl (2009) studied the learning behavior of 137 undergraduate students
engaged in studying statistics course in a computer-based learning environment. They found
that time-on-task significantly correlated with the students’ learning outcomes. Macfadyen and
Dawson (2010) analyzed log data for a learning management system. They concluded that the
number of log-ins and time spent in the learning management system explain more than 30%

of the variance of the final grade earned by the participating undergraduate students. Cho and
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Shen (2013) confirmed this result and reported that time-on-task logged in a learning

management system, along with effort regulation, predicted students’ academic achievement.

Landers and Landers (2015) focused on the predictive power of time-on-task in a game-based
learning environment for academic achievement. They reported that undergraduate students
engaged in learning in a game-based learning environment spent much more time on the school
material than their peers working in a non-game-based learning environment. The additional
time improved their academic performance significantly. These studies unanimously
confirmed that time-on-task in a computer-based learning environment is a significant predictor

for academic success.

In the field of educational assessment until the 21st century, the main focus was almost
exclusively on the realization of reliable and valid tests and test-level achievement. With
traditional assessment, it was not necessary to collect contextual data, which could be important
indicators of behavioral processes that lead to students’ final performance. Contextual data can
be recorded via technology-based assessment systems, which can help the researcher to extract
descriptors of theoretical importance to the task completion process (Goldhammer et al., 2014)
and time spent on the task (or part of the task) during testing (Zoanetti & Griffin, 2017).
Previous research has indicated that it is a challenging task to define the predictive power of
time-on-task to task performance (Naumann, 2019). Spending too much time on complex
problem-solving tasks was associated with poor performance (Greiff et al., 2016). In contrast,
Alzoubi et al. (2013) observed that if students spent more time on a task on a problem-solving
test, their performance became significantly better. Therefore, we would expect that a longer
time spent on a problem-solving task results in higher achievement, meaning a longer time
allows for longer planning and better planned solutions. Notably, according to the research
results, for weak problem-solvers, spending more time on a task may be helpful in
compensating for the lack in reading or computer usage (Goldhammer et al., 2014). That is,
the key question is if students’ attitudes affect their time in completing a task, which may affect

their performance and skills in the target domain (Naumann, 2019).

Naumann (2019) examined three variables in digital reading tasks, comprehension skills,
reading enjoyment, and reading strategies, which can predict students’ performance. It also
focused on the time students spend on digital reading tasks with varying difficulty. It analyzed
computer-based assessment data retrieved in PISA 2009. Two indicators were built by the
researcher in connection with time-on-task: the exact time spent by students on a task and the
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average time students spent on each task. The study found positive correlations between
enjoyment of reading, comprehension skills, and reading strategies knowledge, and concluded
that students with high comprehension skills, enjoyment of reading, and reading strategies were
better at dealing with task difficulty with respect to their time usage than those who were less

skilled in these areas.

Goldhammer et al. (2014) analyzed the relations between time-on-task and students’
achievement in reading and problem-solving. They used the (N=1020) International
Assessment of Adult Competencies (PIAAC) computerized reading and problem-solving test
data collected in Germany. The confirmed results for item difficulty, namely, time-on-task,
increased with item difficulty. In problem-solving, time-on-task correlated positively with item
difficulty, while with reading items, which called for more routine processing, time spent on
tasks negatively correlated with achievement. They concluded that there is no common

interpretation between time-on-task and achievement.

Scherer, Greiff, and Hautamaki (2015) distinguished CPS time-on-task and CPS ability with a
positive correlation. According to their findings, cognitive and motivational factors have
different predictive power on CPS time-on-task and CPS ability. As the developmental level
of CPS skills is not only influenced by that of thinking skills (Goldhammer et al., 2014), the
development of both cognitive and affective factors can be seen as a significant educational
goal. “Understanding CPS time-on-task and CPS ability is therefore crucial for making
progress in the conceptualization and assessment of CPS within and beyond educational
context” (Scherer, Greiff, & Hautamiki, 2015, p. 47).

2.2. Analyzing learning processes

A unique challenge is to understand the hundreds of pieces of information that students may
produce when participating in complex assessments. Questions such as (1) how to define these
different pieces of information, (2) what makes sense, and (3) how to combine them into an
evidence-based approach may have meaning in connection with auto-judging, fluency, or
motivation, generally speaking, in educational context (Csapo, Ainley, Bennett, Latour &
Lawet, 2012). Using logfile analysis can lend these kinds of data meaning and importance, and
makes it possible to interpret them (Molnar & Csapd, 2018). One of the advantages of this
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broad shift is that a large amount of the observable behavior is stored in logfiles created by the
computer and can be accessed to provide additional information about students’ behaviour,
how they completed the tasks, and how they behaved during testing, thus offering more detailed
information beyond the actual test scores. Since computers are available for assessment, the
potential for this almost unlimited amount of information has been widely praised (Eichmann,
Goldhammer, Greiff, Brandhuber, & Naumann, 2020).

Assessment and learning can be integrated through direct feedback and customized
interventions from an educational science perspective. The emergence of different generations
of computerized tests has finally led to intelligent measurement, a description of the overall
integration of behavioral processes to assess students’ skills while students engage in learning
using computers. This vision is consistent with a description of logfile-driven integration of
learning and computer-based assessment (Greiff et al., 2016). Log data analysis is considered
a new approach for the assessment of learning to learn from a self-regulative and motivational

perspective (Vainikainen, 2019).

Logfile analysis has introduced numerous modern methods for analyzing learning processes
(Molnar & Csapd, 2018). One of them was used by Zhang et al. (2019). They recorded data on
students’ keystroke logs extracted from writing processes to monitor gender-level differences.
The results indicated a female advantage in writing essays and highlighted the gender-level
differences in the writing process. In the same line, Guo et al. (2018) also used keystroke logs

to distinguish processes used by students in essay composition.

3. Growing research interest in logfile analysis and educational data mining: analyses
based on papers indexed by Scopus

The sample for these analyses consisted of papers published between 1966 and 2019 and
indexed by Scopus. We used the following keywords during the filtering process: contextual
data, log file analysis, data mining, and educational data mining. To detect the significance of
contextual data analysis in educational research, we investigated the history and main topics in

logfile analysis and educational data mining that have been tackled.

We met 167,563 records, distributed as follows according to the keywords contextual data

(1249), log file or log-file or logfile analysis (405) (with different spelling), data mining
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(163,496), and educational data mining (2008). The huge number of studies confirmed that

there is great research interest in working with contextual data.

Figure 1 shows the almost linear trend of how the number of data mining papers in Scopus has
risen in the last twenty-five years. In 1995, there were one hundred such publications, while
that number was 15,466 in 2019 (please note that this data only refers to the Scopus databases).
It must also be noted that the very first study was published in 1966.
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Figure 1. Number of data mining papers published annually between 1995 and 2019

As a next step, we conducted research filtered for the different subject areas defined in Scopus.
Figure 2 shows the frequency distribution for data mining papers, but in the different fields. As
we expected, computer science proved to be the top field in data mining research (113,045),
followed by engineering (46,501) and mathematics (35,978). The social sciences, including
education, are among the top ten domains; however, the cumulative number of papers
published beyond these three domains does not reach that published in computer science alone.
Clearly, it is still rare for these techniques to be applied, as they are basically under

development.
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Figure 2. The frequency distribution of data mining studies in different domains

Figure 3 shows the result of the third analysis. It presents how keywords, and thus research
interest, have changed in data mining in the last 25 years. The terms contextual data (139
records) and logfile analysis (29 records) received less, but still increasing attention in Scopus
compared to educational data mining (314 records). In contrast, the term data mining still tops

the list. In 2019 alone, there were 15,466 data mining publications in Scopus.
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The most rapidly growing area under the umbrella term data mining was educational data
mining. Significant changes happened in 2005, 2008, and 2012. Between 1995 and 2005, the
number of publications was almost the same year by year, but they started to increase in 2005.
Until 2008, the term logfile was used more often than educational data mining. This may be
caused by the effect of the large-scale assessment programs, which became computer-based
and made great use of recorded logfiles. Another important change occurred in 2012, when

educational data mining became the leading term.

To sum up, data mining became an important method in education, since technology is broadly
used in educational assessment (Molnar & Csap6 2019) and learning (especially in the time of
COVID 19), which are among the main sources of the contextual data.
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Figure 3. The ever growing research interest in EDM, logfile analysis, and contextual data

Figure 4 shows the result of the fourth analysis of the application level of educational data
mining techniques, contextual data, or logfile data analysis in the different domains. The term
contextual data was first used in 1981, logfile analysis dates back to 1995, and the latest term
has proved to be educational data mining (2000). Interestingly, this most recent term (1700
records) more often occurs in papers published in computer science (641 times) than in the
social sciences (279). This confirms our previous statement that educational data mining
techniques are still under development and that their real application is still ahead of us. This
trend was also observed for the other two keywords (logfile analysis: computer science: 249;

social sciences: 93; contextual data: computer science: 641; social sciences: 279).
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Figure 4. The frequency distribution of studies involving EDM, contextual data, or logfile analysis in
different domains

4. Discussion and conclusion

The present research paper has aimed to summarize and evaluate the different definitions and
approaches in educational data mining and logfile analysis. It has revealed that educational data
mining is still strongly related to computer science in its use of data mining techniques, which
are considered a useful artificial intelligence tool. Logfile analysis is also strongly tied to that
field; however, since the emergence and spread of computers in psychological and educational
research, working with structured databases has made it possible to analyze the behavioral
processes captured during data collection and stored in logfiles. EDM research has extracted
and analyzed hidden data to evaluate students’ behaviours and actions with a focus on the

following issues:
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o Classifying students and detecting sources of any incongruous values from student
activities (Romero, Ventura, & Garcia, 2008).

o Assisting teachers in evaluating their students so as to improve their performance (Zaiane
& Luo,2001).

o Detecting changes in students’ performance during the teaching and learning process
(Schoor & Bannert, 2012).

o Helping teachers to design and develop good educational strategy plans and digital school
materials (Chen & Chen, 2009).

o Predicting the likelihood that students will fail or drop out (Neto, Placido, Silva, &
Guedes, 2019).

o Analyzing event logs based on students’ and teachers’ behaviors in digital learning
environments (Lama & Mucientes, 2016).

o Detecting students’ quiz-taking behavior (Papamitsiou & Economides, 2016).

Molnéar and Csap6 (2019) stated that essential educational assessments will be administered in
the near future via a technological environment, providing the option to use the numerous
advantages of technology-based assessment, including the methods and tools developed from
educational data mining and logfile analysis. This study aims to offer researchers and educators
information about developmental trends in analyzing contextual data in educational context
through an evaluation of the number and distribution of publications in one of the most
prominent publication databases, Scopus, in the field of data mining, more specifically,

educational data mining, contextual data analysis, and logfile analysis.

The interest in contextual data, especially in educational context, could already be observed in
the last century; however, use of the term data mining dates back to 1966. In the 1980s,
contextual data was the relevant term, while logfile analysis as a keyword started to be used in
the 1990s. The latest term is educational data mining, which has been common since 2000.
Despite its educational context, it is still often found in computer science publications,
indicating that the methods and algorithms are still under development and not yet at a stage

of widespread application.

This study confirms that providing additional indicators during the educational process,

especially in assessment, draws researchers’ interest to the new domain, thus supporting the
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educational process with an abundance of indicators. Indeed, using technology in learning has

come into its own as a research field.
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Abstract:

In the 21st century, complex problem-solving (CPS) serves as a key indicator of educational
achievement. However, the elements of successful complex problem-solving have not yet been
fully explored. This study investigates the role of strategic exploration and different problem-
solving and test-taking behaviours in CPS success, using logfile data to visualize and quantify
students’ problem-solving behaviour on ten CPS problems with different levels of difficulty
and characteristics. Additionally, in the present study, we go beyond the limits of most studies
that focus on students’ problem-solving behaviour pattern analyses in European cultures and
education systems to examine Arabic students’ CPS behaviour. Results show that students in
the Arabic school system interpret CPS problems the same way. That is, we confirmed the two-
dimensional model of CPS, indicating the processes of knowledge acquisition and knowledge
application as separate dimensions during the problem-solving process. Large differences were
identified in the test-taking behaviour of students in terms of the efficacy of their exploration
strategy. We identified four latent classes based on the students’ exploration strategy
behaviour. The study thus leads to a better understanding of how students solve problems and

behave during the problem-solving process in uncertain situations.

Keywords: Complex problem-solving, Logfile analysis, Test-taking behaviour, Higher

education, Exploration strategy
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1. Introduction

Nowadays, schools should prepare their students for jobs and technologies that do not yet exist
and solve problems that have never been faced before (OECD, 2018) to succeed in this new
world. Those prospects represent novel needs in higher education and have led to a growing
interest in assessment instruments that cover a broader area of competencies than traditional
domain-specific skills and disciplinary knowledge (Molnér & Csapd, 2018). These assessment

instruments can be used to measure students’ 21st-century skills.

The present study focuses on problem-solving, especially complex problem-solving (CPS), in
an Arabic higher education environment. We assess the suitability of education programmes in
terms of the development of students’ 21st-century skills in Jordan, obtaining more knowledge
about the factors and mechanisms that constitute a successful complex problem-solver, while
considering the problem-solving behaviour of students socialized in different cultures. This
study therefore investigates different factors, such as the role of strategic exploration and test-
taking behaviour in CPS success, using logfile data to visualize and quantify students’ problem-
solving behaviour in ten CPS problems with different levels of difficulty and characteristics.
Our paper is among the first to study the feasibility and validity of an interactive, innovative
third-generation computer-based test, such as the globally examined CPS assessments (see e.g.
Csapd & Funke, 2017; Dorner & Funke, 2017; Molnar & Csapd, 2018; Molnar, Greiff,
Wistenberg, & Fischer, 2017; OECD, 2014a; Wistenberg et al., 2014; Wu & Molnar, 2021)
in Jordanian higher education. We investigated whether Jordanian students interpret problems
the same way as students in other, mostly European, countries (Greiff et al., 2013; Greiff,
Wistenberg, & Avvisati, 2015; OECD, 2014a; Wistenberg et al., 2014), where most CPS
studies have been carried out (Molnar, Alrababah, & Greiff, 2022). Beyond students’ CPS
performance, computer-based assessment makes it possible to monitor additional test-taking
behavioural actions, such as mouse clicks, time-on-task and problem-solving strategy (Gnaldi,
Bacci, Kunze, & Greiff, 2020). These sorts of information have the potential to provide
policymakers and researchers with valuable insights into students’ CPS skills and offer new
ways to assist them in optimizing their cognitive capacity (Wu & Molnar, 2021). Such
information is still missing from the evaluation and development of different education systems

with increasing cultural diversity.
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2. Theoretical background

2.1 Complex problem-solving and its assessment

The classical view defines problem-solving as a step-by-step process, which is passive,
reproductive and domain-general, mostly based on trial and error (Greiff, Wistenberg, Molnar,
Fischer, Funke, & Csapd, 2013). In contrast, the Gestalt view considers problem-solving as a
productive and active process, where insight, reorganisation and functional fixedness play an
important role (Baadte & Muller, 2010). The development of the information-processing
approach and Newell and Simon’s problem space theory has opened the door to new directions
in research. North American research has typically focused on examining the development of
expertise in separate domains, while most of the research in Europe has concentrated on the
problem-solving processes of complex, unknown problems with the help of computerized
scenarios. Reeff, Zabal, and Blech (2006) defined problem-solving as guided thinking and
action in situations with no routine solution. Eichmann, Goldhammer, Greiff, Brandhuber, and
Naumann (2020) distinguished analytical and interactive problem-solving according to the

interactive nature of the problem scenario.

In analytical (static) problem-solving environments, both the problem and the related
information are static. That is, there are no changes during the problem-solving process, with
all the relevant information being presented at the beginning of the problem-solving process
(Greiff, Wustenberg, Molnar, Fischer, Funke, & Csap0, 2013).

Complex problem-solving (CPS) requires a sequence of complex cognitive processes or
continuous activities (Funke, 2010). Previous research has recognised two different approaches
to measuring CPS (Buchner 1995; Funke, 2014):

(1) Computer-simulated microworlds, which have a large number of variables like real-life
problems. For example, the well-known microworld scenario “Lohhausen”, which consists of
nearly 2000 associated variables (Dorner et al., 1983). This approach results in highly complex
problems with high-level similarities to real-world problems. However, (a) their application
requires a very long testing time, and (b) they fail to employ common theoretical frameworks
to produce comparable problems in a systematic way (Funke, 2001; Funke & Frensch, 2007).
In addition, (c) participants’ performance is influenced by many other factors, such as prior
knowledge about the problem context, not only their problem-solving skills (Greiff et al.,
2015). Finally, (d) the majority of microworld-based problems consist of a few items or many

interconnected items, both harming instrument reliability (Greiff et al., 2015).
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(2) Simplified, artificial, but still complex problems that follow specific construction rules.
Most (though not all) of the characteristics of a complex system are present in minimal complex
systems (dynamic, complex and intransparent; see Funke, 1991). A minimal complex system
has a low number of variables and relations, resulting in reduced testing time compared to the
highly complex and challenging microworlds. The MicroDYN approach falls into this category
(Greiff & Funke, 2009; Greiff et al., 2012, Schweizer et al., 2013). It applies a number of
independent “fake” scenarios to prevent the influence of participants’ previous knowledge
(Greiff et al., 2015), it uses only a few variables — that is, problems are easy to scale —and it is
widely accepted among problem-solving assessments (see e.g. Csapé & Molnér, 2017; Greiff
et al., 2015a; Greiff & Wiistenberg, 2014; Mustafi¢ et al., 2019; OECD, 2014). However, there
are limitations to generalization to consider as regards problems of minimal complexity in
comparing real-life problems because variables cannot be selectively controlled in a real-life

context in most cases (Funke, 2021).

The focus of the present study is on complex problem-solving, especially the MicroDYN
approach (Funke, 2014), measured in a computerized and interactive environment. According
to the theoretical understanding, complex problem-solving (CPS) in the MicroDYN approach
is a two-dimensional construct (Funke, 2001; Greiff et al., 2012; Greiff et al., 2013; Leutner,
Wirth, Klieme, & Funke, 2005), consisting of knowledge acquisition and knowledge
application. In the first phase of the problem-solving process, the problem-solver needs to
acquire knowledge in uncertain situations (knowledge acquisition), while in the second phase,
this newly acquired knowledge must be applied in a goal-directed way toward the problem
solution (Funke, 2001; Greiff et al., 2018; Novick & Bassok, 2005). In a real-life setting, these
two processes are related and take place at the same time. However, in an assessment situation,

they are usually separated.
2.2. The role of strategic exploration in problem-solving

Exploring and generating effective information represent the secret to solving a problem
successfully. According to Wittmann and Hattrup (2004), “riskier strategies [create] a learning
environment with greater opportunities to discover and master the rules and boundaries [of the
problem]” (p. 406). Thus, there may be differences in the efficacy of the exploration strategies
when gathering information about a problem (Wu & Molnér, 2021). Problem-solvers are
supposed to explore the problem environment by acquiring knowledge during strategic
exploration (Fisher, Greiff, & Funke, 2012). The development and implementation of strategic
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exploration are central actions of the problem-solving process (Wustenberg, Greiff, & Funke,
2012). Problem-solving success in MicroDYN scenarios, which are simplifications and
simulations of real-world problems, is also affected by the adoption and application of strategic
exploration. In these artificial problem situations, the isolated variation strategy has been the
most frequently discussed exploration strategy (it is often called the vary-one-thing-at-a-time
strategy; VOTAT; Vollmeyer, Burns, & Holyoak, 1996). Using the VOTAT strategy, the
problem-solver directly detects the effects of a single variable at a time by manipulating a given
variable in a systematic way, while keeping the other variables unchanged, i.e. in the neutral
position (Molnar & Csapd, 2018). According to previous studies, participants who know how
to apply VOTAT are more likely to achieve better on problem-solving tasks (Greiff, Molnar,
Martin, Zimmermann, & Csap0, 2018), particularly in minimal complex systems (Fischer et
al., 2012). According to Lotz, Scherer, Greiff, and Sparfeldt (2017), effective use of VOTAT
correlates with higher levels of intelligence, and successful exploration behaviour may lead to

better results in problem-solving (Wu & Molnar, 2021).

VOTAT is among the most effective exploration strategies in most problem-solving
environments (Lotz et al., 2017; Wu & Molnar, 2021), and it is the most effective in minimal
complex systems (such as MicroDYN). Based on Greiff et al. (2018) and Molnéar and Csapd
(2018), we have discerned and quantified three types of exploration strategies in each of the
problem scenarios in the present analyses: (1) No VOTAT (no VOTAT trial was applied); (2)
partial VOTAT (VOTAT trials were used for some but not all of the variables in a given
problem scenario); (3) full VOTAT (VOTAT trials were applied for all of the variables in a
given CPS scenario) (see Greiff et al., 2018; Molnar & Csapd, 2018; Wu & Molnar, 2021).

3. Aims

Nowadays, there is a positive attitude toward using technology in higher education in Jordan
(Al-Khayat, 2017), but we do not have any proof of its feasibility and applicability, especially
in the field of assessment. Thus, at the initial phase of the study, we had to test the feasibility
and applicability of using innovative, interactive, third-generation computer-based tests in
Jordan in a higher-educational context. We also explored students’ test-taking and problem-
solving behaviour while solving complex problems in a digital environment with both directly

collected answer data and logfile analyses. We thus aim:
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(Research Aim 1) to test the applicability of an interactive, innovative third-generation test,
such as the CPS test, in a country where computer-based assessment has a relatively short

history;

(Research Aim 2) to test the structure of the assessed construct (construct validity), that is, to
test the underlying dimensionality of CPS measured in the Jordanian educational context,
assuming — based on theory and international (mostly European) assessments —a measurement
model consisting of two different but highly correlated dimensions or processes of problem-

solving (i.e. knowledge application and knowledge acquisition);

(Research Aim 3) to discover and describe the type of strategic exploration used by Jordanian
university students while solving CPS problems with different characteristics to understand the

mechanism underlying successful CPS; and

(Research Aim 4) to detect the relationships between different types of test-taking and problem-
solving behaviour and CPS performance to find new ways to assist students in optimizing their

cognitive capacity.

4. Methods

4.1 Participants

The participants were undergraduate students (Mean_age=21.50, SD_age=3.03, N=195) from
two Jordanian universities with 15 and 13 faculties, respectively. Students from two faculties
took part in the assessment: Arts and Sciences.

4.2 Instruments

CPS was measured with a computer-based test developed within the MicroDYN approach
(Greiff & Funke, 2017) and adapted into the Arabic style. In MicroDYN, problem
environments consist of up to six variables with up to four different types of relations. The
problems are embedded in fictitious cover stories, thus eliminating the influence of prior
knowledge (for example, “When you get home in the evening, a young cat is lying on your
doorstep. It is exhausted and can barely move. You decide to feed the cat. A neighbour gives
you two kinds of cat food. Find the relation between the cat food and the cat’s

movement/purring”).

The test consisted of six complex problems with different characteristics and different levels

of complexity. On each MicroDYN problem, participants were first expected to explore the
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structure of the problem scenario by freely operating the system during the knowledge
acquisition phase, that is, by manipulating one or more input variables (displayed on the right
side according to the Arabic style) for no more than three minutes (see Fig. 1), and then analyse
their effects on the output variables (displayed on the left side according to the Arabic style).
In parallel, within the 180 seconds of the knowledge acquisition phase, they were expected to
visualize the detected relations by drawing lines between the variables on a concept map
presented at the bottom of the screen (see Fig. 2). The history of the settings was shown on a
graph linked to each input and output variable. In practice, each problem scenario has four
buttons beyond the adjustment sliders and buttons for the input variables: Help, Apply, Reset
and Next. By clicking on the Reset button, the participant has the option of deleting all the
histories presented on the graphs and setting all the values back to their original values. Each
input variable has five stages: +2 (++), +1 (+), 0, —1 (-) and —2 (- —), which can be set using
the sliders or buttons (+ or —) next to the input variables. Their effects on the output variables
can be tested by clicking on the Apply button. The changes in the output variables are presented
in both numerical and graphic formats in the problem scenario. The Next button makes it
possible to navigate between the MicroDYN scenarios and its different phases.

| 2350l (58 Lpow,lg wliMell iusl - Figure out the relations and plot them in the model. Please note that you are
oy gl lawl still being timed while you are looking at this page.
173 ozl : I g 177
L,Jl
10 - T T azlyl Sport =
Endurandg »
0w
\ /\-
sgall .
10
- T Sl éel)8 Reading Strength
— S Eye |
- ' & = 0 + ‘-
das sslel gk
T === Help Reset Apply
Jozill asl)ll Sport Endurance
&gall i)l gl Reading Strength
Q\JL._” £9>) Back Next

Fig. 1. Sample item from the Arabic-language version of the CPS test — Knowledge acquisition
phase. In the example, the task is to find out about the effects of sport and reading on endurance
and strength. The controllers of the input variables range from “- -” (value=-2) to “++*
(value=+2). In the English version (to the right), they are presented on the left side of the
problem environment and on the right side in the Arabic version (to the left). The model is

shown at the bottom of the figure.
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Fig. 2. Example of problem representation: Drawing relations on a concept map provided
onscreen. The English version is provided to the right.

Second, in the knowledge application phase, students are expected to use the system in a goal-
directed way to reach particular target values (e.g. a given level of movement/purring) of the
output variables. To avoid item dependence in this phase, the right concept map is presented at
the bottom of the screen. In this part of the problem-solving process, students have no more
than 90 seconds and four trials (clicking four times on the Apply button) to solve the problem,
that is, to reach the target values of the output variables. Fig. 3 provides a screenshot of the
knowledge application phase for a problem with four variables (two input and two output

variables) with two direct effects.

sazell Sgimall Jgogll dlle Olghs asu)l e up Y Lo Reach the target values given in no more than four steps. Please note: The clock
will'be ticking while you are looking at this page.
67 84
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10 0 + S e " [17-19]
! : . ; * /
dgall <1 3¢l 3 Readin )
[17-19] o 7|] el s g Strﬁi‘gth T [17-19]
M T 10
10 N
¢ 0
s1cbuo i Help Reset | Apply
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d\JL*H £9>) Back Next

Fig.3. Screenshot of the MicroDYN task “Sport” - Knowledge application phase.
The controllers of the input variables range from “- -" (value=-2) to “++* (value=+2). In the
English version, they are presented on the left side of the problem environment (screenshot
presented to the right) and on the right side in the Arabic version (screenshot presented to the

left). The right concept map is presented at the bottom of the figure
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The items were adapted from the European to the Arabic writing style by changing the direction
of the items from left to right to make them suitable for the right-to-left reading and writing
convention of the Arabic language (see Figs. 1 and 3) and by translating the instructions into
Arabic. The complexity of the problem was scaled by the number of variables (input-output;
2-2, 3-2, 3-3) and the number (2-4) and type (direct or indirect) of relations. According to
Beckmann, Birney, and Goode (2017), raising the number of both variables and relations will
boost the difficulty of the CPS problems.

4.3 Procedure

Test administration. The eDia online assessment platform (Molnar & Csap0, 2019) was used
for the test administration. The data collection lasted 45 minutes at each university’s computer
labs. As an achievement indicator, we applied the traditional scoring for both CPS phases (see
e.g. Csapd & Molnér, 2017; Fischer et al., 2012; Molnar & Csapd, 2018):

Scoring the answers and labelling the logfiles. If the visualized relations matched the
theoretical structure of the problem, students obtained a score of 1. Otherwise, the response
was assigned 0 points (for the first phase). Further, if the problem-solver managed to achieve
the target values of the output variables within the given time (90 min.) and trial frames
(clicking on the Apply button four times), students earned another 1 point, or 0 points
otherwise. Applying the traditional scoring, we generated databases for the analyses for
Research Aims 1 and 2. Beyond the traditional scoring, students’ activity during the problem-
solving process was logged and coded based on Molnar and Csapd’s (2018) mathematical
model and labelling system, which had been developed based on the effectiveness of the
strategy usage. Every trial was labelled in the databases. Students’ problem-solving behaviour
was defined in each problem situation separately by evaluating all of the trials executed within
the same problem. If the problem-solving behaviour followed meaningful regularities, it was
labelled as a strategy. Three categories were defined within the problem-solving strategies
observed: (a) no VOTAT at all — which earned a score of 0 points; (b) partial VOTAT, when
VOTAT was used only for some, but not for all of the input variables — which was assigned a
score of 1 point; and (c) full VOTAT, when the VOTAT strategy was used for all the input
variables — which garnered a score of 2 points. These scores provided the foundation for

fulfilling Research Aims 3 and 4.

87



Data analyses. The descriptive analyses were executed by SPSS (Research Aim 1).
Confirmatory factor analyses was used to test the underlying measurement model of complex
problem-solving, assuming two different problem-solving processes, knowledge acquisition
and application. These analyses were executed by MPlus (Research Aim 2). We have accepted
the cut-off values suggested by Hu and Bentler (1999), who indicated that a CFI (Comparative
Fit Index) and a TLI (Tucker—Lewis Index) value above .95 and a RMSEA (Root Mean Square
Error of Approximation) below .06 indicate a good model fit. We used the preferred estimator
for categorical variables, Weighted Least Squares Mean and Variance adjusted (WLSMV;
Muthén & Muthén, 2010). Latent class analysis (LCA) was used for Research Aim 3 and was
also executed by MPIlus. LCA is a pattern-finding algorithm, which searches for latent classes
which share similarly observed variables (Collins & Lanza, 2010). In this study, LCA was used
to establish latent classes regarding students’ problem-solving behaviour. The quality of the
LCA was evaluated with the following fit indices: the Akaike Information Criterion (AIC),
Bayesian Information Criterion (BIC) and adjusted Bayesian Information Criterion (aBIC). As
regards these fit indices, lower values indicate a better model fit. Entropy was utilized to test the
accuracy of the classification. The Lo—Mendell-Rubin Adjusted Likelihood Ratio was used to

compare the LCA models with different numbers of latent classes (Lo et al., 2001).

5. Results

5.1. Results for Research Aim 1 focusing on testing the applicability of an interactive,
innovative third-generation test, such as the CPS test, in a country where computer-

based assessment has a short history

Using the traditional scoring for the CPS problems, the internal consistency of the test was high
(Cronbach’s alpha=.83). The phase-level reliabilities also proved to be good and acceptable
(KAC (knowledge acquisition phase): .83; KAP (knowledge application phase): .65). The test
proved to be difficult for the students (M=16.8%; SD=16.7% points), whose achievement was
significantly higher in the knowledge acquisition phase (M=25.3%; SD=25.7% points) than in
the knowledge application phase (M=8.1%; SD=13.0% points; t=10.2, p<.001). To sum up,
using interactive, innovative, third-generation computer-based assessments is feasible and

reliable in the Jordanian higher education context.
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5.2 Results for Research Aim 2 focusing on the underlying dimensionality of CPS measured
in the Jordanian educational context, assuming — based on theory and international
assessments — a measurement model with two different problem-solving processes (i.e.
knowledge application and knowledge acquisition)

The bivariate correlations between the two CPS processes, knowledge acquisition and
knowledge application, proved to be medium (r=.45; see Table 1), indicating the measurement
of different aspects of CPS.

Table 1. Test and phase level correlations

KAC KAP
KAC 1.00
KAP 453** 1.00
CPS 925** 158**

Note: KAC: knowledge acquisition; KAP: knowledge application; CPS: complex problem-solving;
**p<.01 level significant

Confirmatory factor analyses indicated a good fit (see Table 2). A special y2-difference test in
Mplus (Muthén & Muthén, 2010) was carried out to compare the one- and two-dimensional
models. This test revealed that the two-dimensional model fit the data significantly better (Chi-
Square Test for Difference Testing=55.317, df=1, p<.001). Thus, we confirmed the theory and
the earlier empirical results based on European and Asian data collections as regards CPS (Wu
& Molnar, 2021). CPS is a two-dimensional construct, where the KAC and KAP processes can

be distinguished empirically.

Table 2. Goodness of fit indices for testing dimensionality of CPS in Jordan

Model a df p CFI TLI RMSEA
2-dimensional 234.938 169 001 965 961 .045
1-dimensional 289.945 170 001 936  .929 .061

Note. df=degrees of freedom; CFI=Comparative Fit Index; TLI=Tucker—Lewis Index;

RMSEA=Root Mean Square Error of Approximation; WLSMV estimator was used in the
analyses.
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5.3. Results for Research Aim 3 to discover and describe the exploration behaviour of the
Jordanian university students while solving computer-based CPS problems with

different characteristics

Contrary to our expectations, based on the results for Research Aim 1, the percentage of
theoretically effective strategy use was 56.5% for the more complex problems and 64.2% for
the less complex ones (see Table 3).

Table 3. Percentage of theoretically effective and non-effective strategy use

Complexity of problem Percentage (%)
Number of input and . Effective strategy Non-effective
. Number of relations
output variables use strategy use
2-2 2 64.2 35.8
3-2 3 59.8 40.2
3-3 4 56.5 435

A large percentage of the Jordanian students employed theoretically effective exploration
strategies, including the VOTAT strategy, where the problem-solver manipulates only one
input variable systematically while at the same time keeping the other variables unchanged to
be able to test the direct effect of the input variables under investigation on the output variables
during the problem-solving process. These manipulations allow direct monitoring of changes
in output variables to demonstrate the impact of the variable just modified (Molnar & Csapo,
2018). Table 4 summarizes the percentage of no VOTAT, partial VOTAT and full VOTAT
strategy users. Independently of problem complexity, a majority of the students applied the
most effective exploration strategy during the problem-solving process, but, according to the
results for Research Aim 1, they were unable to interpret its meaning. That is, at the very end,
most of them failed to solve the problems properly.
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Table 4. Percentage of no VOTAT, partial VOTAT and full VOTAT strategy use

Complexity of problem

Number of input Number of No VOTAT (%) Partial VOTAT (%)  Full VOTAT (%)
and output relations
variables
2-2 2 374 10.0 52.6
3-2 3 39.2 4.6 56.2
3-3 4 40.0 6.9 53.1

5.4. Results for Research Aim 4 to detect the relationships between different types of

problem-solving behaviour and problem-solving performance

Only half (52.1%) of the students who applied a theoretically correct strategy made a correct
decision as well, solving the easiest problems correctly. This ratio increased to 59.8% with the
second sort of complexity before dropping slightly on the most complex problems. Note that
the complexity of a problem was defined by the number of variables and the number of relations
(Table 5).

Table 5. The ratio of high and low achievers among the theoretically effective strategy users during

problem-solving

Complexity of problem Frequency (%)
Number of input and . High achievement Low achievement
. Number of relations
output variables
2-2 2 52.1 47.9
3-2 3 59.8 40.2
3-3 4 57.4 42.6

Fig. 4 displays the ratio of high and low achievers among theoretically effective strategy users
at the task level. The ratio for the effective strategy users to correctly solve an item was higher
than 50% on most of the items (except on item 2). Compared to the relatively low performance
for the overall sample (see Section 5.1), the theoretically effective strategy users showed a

remarkably better performance.

Problem-solving performance among the theoretically effective strategy users suggests the
guessing factor, which indicates a correct solution despite theoretically non-effective strategy

usage. This also includes participants who recall a theoretically effective strategy but apply it
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wrongly and then solve the problem (see Table 6). The guessing factor varied from 15.3% to

7.5%, from the least to the most complex tasks.

The guessing factor (indicating those who solve a problem without an effective strategy)
showed the highest effectiveness on item 1. Item 1 is of the 2-2 type, which is the easiest. The
effectiveness dropped for the rest of the items. Low achievement for the non-theoretically

effective strategy users was very noticeable for all the CPS items.
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Fig. 4. Problem-solving performance among the theoretically effective strategy users

Table 6. Problem-solving effectiveness among the theoretically non-effective strategy users

Complexity of problem Frequency (%)
Number of ir_1put and Number of relations High achievement Low achievement
output variables
2-2 2 15.3 84.7
3-2 3 11.7 88.3
3-3 4 7.4 92.6
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Fig. 5. Problem-solving performance among the theoretically non-effective strategy users

After analysing the performance of theoretically right and theoretically wrong strategy users,
we went further to obtain a statistical model of students’ problem-solving ability. First, using
the tools of latent class analysis and log data to ascertain the use of VOTAT strategies based
on students’ exploration behaviour, we distinguished three qualitatively different VOTAT
strategy users. The Akaike, Bayesian and adjusted Bayesian Information Criterion indices
decreased with a growing number of latent classes up to the 4-class solutions. The entropy
index reached its maximum value for the 2-class model. However, it was also high for the 3-
and 4-class solutions. The Lo—Mendell-Rubin adjusted likelihood ratio test indicated the best
model fit for the 3-class model, and it proved to be no longer significant for the 4-class model.
Thus, we used the 3-class model — where 93% of the Jordanian students were accurately
categorized — to distinguish three qualitatively different class profiles in the further analyses:
50.5% of these students were among the proficient strategy users, who consistently employed
VOTAT strategies almost from the very first problem; 18.1% proved to be intermediate
explorers, who used VOTAT strategies with lower but still intermediate frequency; and 31.4%
were low-level strategy users, who barely made use of VOTAT strategies throughout the

assessment process.
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Table 7. Fit indices for latent class analyses monitoring students’ problem-solving behaviour in

uncertain situations

Number of latent ~ AIC BIC aBIC Entropy L-M-R p
classes test

2 1504 1585 1506 0.967 613 <.001
3 1446 1570 1449 0.931 83 <.05
4 1440 1607 1445 0.944 31 >.05

Table 8 indicates the problem-solving performance of all three classes of participants (low-
level strategy users, intermediate explorers and expert explorers). The results indicate that all
three classes of participants performed better on the easier items (the 2-1 and 2-2 types) than
on the more complex problems (the 3-3 type). Furthermore, the results confirmed that VOTAT
is the most effective strategy. Problem-solvers that used it had a higher chance to solve a
problem correctly, with the exception that the intermediate explorers performed slightly worse

than the low-level strategy users on the 3-3 problems.

Table 8. Problem-solving performance for low-level strategy users, intermediate explorers and expert

explorers
Latent class Frequency (%)
profiles
2-2 problems 2-3 problems 3-3 problems
High Low High Low High Low
achievement achievement achievement achievement achievement achievement
Low level 32.0 68.0 34.4 65.6 33.9 66.1
strategy users
Intermediate 33.8 66.2 35.3 64.7 33.3 66.7
explorers
Expert 454 54.6 46.5 53.5 37.7 62.3
explorers
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6. Discussion

Research Aim 1: To test the applicability of an interactive, innovative third-generation test,
such as the CPS test, in a country where computer-based assessment has a short

history.

In this study, we used logfile analysis to examine Jordanian undergraduate students’ problem-
solving behaviour. First, we monitored the feasibility and applicability of computer-based
assessment in the Jordanian educational context. The internal consistency of the CPS tests was
high, but the mean achievement was relatively low, indicating that it is difficult for the students
to solve interactive problems. Based on all the descriptive results, we can conclude that
computer-based assessment and innovative online tests are feasible and valid in Jordan at the

level and in the context of higher education.

Research Aim 2: To test the structure of the assessed construct (construct validity), that is, to
test the underlying dimensionality of CPS measured in the Jordanian educational
context, assuming — based on theory and international (mostly European) assessments
—a measurement model with two different problem-solving processes (i.e. knowledge

application and knowledge acquisition).

The analyses of the structural stability of the measured construct confirmed earlier research
results obtained in Europe (e.g. Funke, 2001; Wustenberg, Greiff, & Funke, 2012) and Asia
that CPS is a two-dimensional construct. The processes of the KAC and KAP phases can also
be empirically distinguished in the Jordanian context. The bivariate correlation (r=.45) between
KAC and KAP was consistent with earlier research results, which varied between r=.14 and
r=.94 (Nicolay, Krieger, Stadler, Gobert, & Greiff, 2021). The reason for this wide range of
correlation coefficients is the use of different problem-solving approaches and CPS
assessments to measure KAC and KAP. Since CPS skills are a key competence for educational
success, research results on CPS have important implications for filling the gap between
students’ ability to acquire and then apply that knowledge in uncertain situations, which has
become highly important in the 21% century. CPS serves as a relevant showcase for addressing
a crucial existing gap in modern-day education: the gap between students’ ability to acquire
knowledge and then apply this knowledge in uncertain situations, which is increasingly
significant in the 21% century.
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Research Aim 3: To discover and describe the type of strategic exploration used by
Jordanian university students while solving CPS problems with different characteristics

to understand the mechanism underlying successful CPS.

Logfile-based analyses have expanded the scope of previous studies on CPS, especially in the
Arabic environment, and enabled us to identify key components of students’ problem-solving
skills: the way they explore and understand relatively simplified problems and the relationships
within the problem. A large number of students showed systematic strategies but failed to solve
the problem; that is, the use of a theoretically effective strategy does not always lead to high
problem-solving achievement, a finding which confirms research results by de Jong and van
Joolingen (1998), who claim that learners often have trouble understanding data. In contrast,
we have detected another relatively large number of students who achieved high performance
without collecting all the information necessary to be able to solve the problem correctly; that
is, they applied a theoretically non-effective exploration strategy. Beyond guessing, it is more
difficult to find a clear explanation for this discrepancy in students’ problem-solving behaviour.
The result is consistent with previous research (e.g. Greiff et al., 2015; Molnar & Csap0, 2018;
Vollmeyer et al., 1996) that indicates that high performance is not always in line with the right
kind of problem exploration and interpretation. To sum up, the use of a theoretically effective
strategy does not always lead to high performance, and, in contrast, high performance does not
always indicate the right kind of exploration and interpretation, i.e. the application of the right

kind of problem-solving strategy.

Research Aim 4: To detect the relationships between different types of test-taking and
problem-solving behaviour and CPS performance to find new ways to assist students in

optimizing their cognitive capacity.

The analysis explored Jordanian students’ problem-solving behaviours in greater depth,
focusing on the type of problem exploration and helping us to understand the reasons behind
discrepancies between the high ratio of theoretically right exploration behaviour, i.e. collecting
information, and low problem-solving achievement. One possible explanation is that students
did not provide the proper meaning for the information obtained during the first phase of the
problem-solving process. Molnar and Csapé (2018) have shown that there is an inverse relation
between problem complexity and the probability of strong problem-solving performance
without the use of an effective problem-solving strategy. It is clear that the achievement for all

participants on the easiest item (2-2) was not the best. Students’ performance was better on
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problems of medium complexity (2-3) because they had sufficient experience after solving the
first type of problem. On more complex problems (3-3), students’ performance declined,
despite having sufficient experience in solving problems. As regards the increasing numbers
of input variables, output variables and relations between them, the participants experienced
greater difficulty (Beckmann et al., 2017). More analyses are required to detect the reasons for
the large differences between the expertise level in the exploration and the lower achievement

in the decisions made in problem-solving.

7. Limitations

The study is considered as a small-scale study with 195 participants from two Jordanian
universities. Thus, it does not represent the entire university student population in Jordan.
Hence, the results from this study are not generalizable. A bigger sample size from more
universities and faculties is required to obtain a wider view of Jordanian students’ problem-

solving behaviour.

In addition, some participants suffered from the weakness of the internet during the test at peak
intensity; all the students used the university system at the same time. This caused some
difficulty in retaining access, as some sessions required a high-speed connection. Another
limitation stems from the translation and adaptation of the items. Originally, the languages of
the items were German and Hungarian. Then, both the Hungarian and German versions were
translated into English. After validating the Hungarian, German and English versions, the test
was translated into Arabic by specialist translators for distribution to the Jordanian students.
Beyond translating the problem texts and instructions, we changed the direction of the test to
suit the Arabic format, from right to left (the earlier versions of the test were produced in left-

to-right format). We also changed tables, boxes, pictures and all the connecting elements.

The MicroDYN approach was used in the study to assess students’ problem-solving abilities
using an instrument which is valid and reliable for measurement purposes, but uses artificial
problems, where the number of variables and relations are limited. Hence, the problem-solving
behaviour observed in MicroDYN scenarios cannot be generalized to all types of problems we

face in everyday life.
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8. Conclusion and implications

The study points to the possibility and feasibility of problem-solving measurements in the
Jordanian context. It highlights the importance of explicit development of problem-solving
skills and problem-solving strategies as a means of applying knowledge in new contexts in
higher education. The findings highlight the importance of developing instructional methods
to improve students’ CPS skills by enhancing their individual learning strategies. The results
also suggest the need for further investigation to explore a larger representation of the
relationships between students’ cognitive skills and their behaviour in problem-solving
situations. To sum up, the study has shed light on Jordanian students’ problem-solving
development from the perspective of their behaviour, thus providing a solid basis for further

study in the Jordanian context.
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Abstract

Complex problem-solving (CPS) is considered an important educational outcome in the 21st
century. Despite its importance, we have no knowledge of its measurability, development, or
comparability in Arab countries, where there is a short history of computer-based assessment.
The results of the current study provide important insights into the international validity of CPS
measurements and shed light on the different hidden behavioral patterns and test-taking
behavior of Jordanian (N=431) and Hungarian (N=1844) students as they solve complex
problems. CPS proved to be measurement-invariant in Jordan and Hungary among university
students. Analyzing log data, we have identified large differences in students’ test-taking
behavior in terms of the effectiveness of their exploration strategy, time-on-task, and number
of trials at an international level. 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 big 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 thinking profiles. This study
contributes to an understanding of how students from different educational contexts behave

while solving complex problems.

Keywords: International validity Process indicators Test-taking behavior Exploration
strategies Latent class analysis Complex problem solving

105



1. Introduction

As aresult of an increasingly interconnected global economy, students 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 equip students with
internationally competitive knowledge and skills. Parallel to this issue 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 knowledge creation and innovation,
that is, the role of thinking skills, have increased. In the 21%' century, problem-solving

represents one of the most cited, highlighted, and important skills on the labor market.

Complex problem-solving (CPS)? is among the most extensively studied areas among the
problem-solving skills in educational context over the past few decades (Csapé & Molnar,
2017; Greiff et al., 2013; Greiff, Fischer, Stadler, & Wistenberg, 2015; Ddrner & 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 unknown, non-transparent
in nature, and consisting of a number of interconnected elements (Buchner, 1995; Ddorner,
1986; Funke, 2001; Wustenberg, Greiff, & Funke, 2012). CPS tasks focus on domain-general
processes and disregard the role of content knowledge and rote learning (see Funke, 2001;
Funke & Frensch, 2007; Greiff, Wistenberg, & Funke, 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, Triona, &
Williams, 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, Holt, & Funke,
2013; Moln'ar et al., 2013). By its nature, CPS is considered an important educational outcome
in the 21% century. Since it strongly predicts educational achievement (Greiff et al., 2012;

Schweizer, Wustenberg, & Greiff, 2013), it has become essential to understand the fine

1As 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 Csapd & Funke, 2017). In the present paper, we use the most widely used modifier,
complex.
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mechanisms of CPS, especially to understand the reasons students’ behavior lags behind the

differing CPS performance to be able to design effective educational programs to improve it.

The enormous development and spread of computer-based assessment and analytical
techniques (e.g., developments in structural equation 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., 2015; Molnar
& Csap0, 2018; Mustafic et al., 2019; OECD, 2014a; Wu & Molnér, 2021).

In 2012, CPS was also assessed as a core marker of educational achievement in one of the most
prominent international large-scale assessments, OECD PISA (OECD, 2014a), where 15-year-
old students from 40 countries took part in the CPS data collection. Based on the PISA results
(OECD, 2014a), we have some knowledge of how cultures differ in their problem-solving
performance, but we know little about how underlying processes may differ. Guss 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 no
knowledge of its measurability, development, and comparability issues in countries in the Arab
region, especially in Jordanian communities, where computer-based assessment has less of a
history. 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 representations (Roman et al., 2015). Language has the potential to
influence cognitive processes as it may direct attention to conceptual representations and
distinctions that are encoded in a given language over others (Gleitman & Papafragou, 2005;
Landau et al., 2010); it is a type of tool that influences human representational resources (Unal
& Papafragou, 2018). Thus, language-related factors can cause invariance in solving problems.
In addition, cultural mindset can also influence problem-solving (Arieli & Sagiv, 2018).
Members of individualist cultures (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 & Sagiv, 2018). For
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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 & Bilsky, 1990), where group performance is more important than individual task
performance (Hofstede & Hofstede, 2005) and consultative decision-making is preferred over
autonomous decisions (Al Suwaidi, 2008). However, please note that both individualist and
collectivist countries vary along a continuum of individualism and collectivism (Al Suwaidi,
2008). Educational national traditions and practices may also influence these issues. For
example, according to Alkailani (2012), most university students in Jordan live with their
families and enjoy full social and financial support from them; that is, they do not need to solve
problems or make autonomous decisions, since they depend on their families and their
decisions. All these cultural, national, linguistic, and educational factors may have a powerful
effect on students’ reasoning skills, resulting in large 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’s (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” (Triandis, 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 how much effort they showed during the
test administration (number of clicks) (Research Question 3). Third, using logfiles and a

behavior pattern-finding algorithm, we identify different problem-solving profiles in both
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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 on international large-scale assessments (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. On 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 modeling framework. Wiistenberg et al. (2014) investigated and
showed measurement invariance of CPS between Hungarian and German 8"-11"-grade
students. Wu and Molnar (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 substantial
differences, for instance, in Hungarian and Jordanian students, it is important to examine
measurement equivalence across cultures. Thus, the first research question in this study asks

whether we can measure CPS equally in both countries.

Research Question 1 (RQ1): Do Jordanian and Hungarian students interpret CPS problems
the same way? Is CPS measurement-invariant across Jordanian and Hungarian university

students?

Several studies have shown that students with different educational and cultural backgrounds
perform differently in CPS environments (Greiff, Wustenberg, & Awvisati, 2015; OECD,
2014a; Wu & Molnar, 2021; Wistenberg 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
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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 Csap6 & Molnar,
2017; Greiff et al., 2013, 2018; Molnar & Csapo, 2017; Wu & Molnar, 2021; Wustenberg 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 countries, 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 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 countries (in
RQ1) and that students in our two subsamples from Hungary and Jordan differ both in their
overall level and their development (RQ2), we want to better understand these differences by
actually looking at underlying 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 strategy effectiveness, number of trials, and
time-on-task. Logfile analysis has the potential to look at developmental differences from
different perspectives (Nicolay et al., 2021) and to provide more sophisticated feedback 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 & Csapo’,
2018), final scores may conceal true developmental and behavioral differences as regards CPS.
For example, students with average achievement can engage in three completely different
behavior patterns: (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
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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.

Molnar and Csap6 (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 3"-12"-grade
students. 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 interactions and problem-solving
achievement in technology-rich environments, which “assumes two concepts, accessing
information and making use of it, that seem similar to knowledge acquisition and application”
(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, Goldhammer, Greiff, Brandhuber, & Naumann, 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 associated with 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 differences in CPS
between groups (here 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:
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Research Question 3 (RQ3): What kind of test-taking behavior do Jordanian and Hungarian
university students 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 Hungarian and Jordanian students’ test-taking
behavior: final score (empirical 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 groups under
examination. That is, we want to investigate whether there are different profiles and whether
there are other CPS-related differences between the two countries. 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 groups (T6th, Rolke,
Goldhammer, & Barkow, 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., Eichman et al., 2020; Greiff et al., 2018; Greiff, Wiistenberg, & Avvisati, 2015;
Moln'ar and Csapd, 2018; Mustafic et al., 2019; Stadler et al., 2020; Wu & Molnar, 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 differences in the classes across the two samples.

There are a few studies that have examined different classes of Hungarian students, but
only one so far has compared different countries. Greiff et al. (2018) analyzed 6"-8"-grade
Hungarian students’ exploration strategy class profiles in CPS environments. Molnar and
Csap0 (2018) examined 3rd-12th-grade (aged 9-18) Hungarian students’ problem-solving
behavior to distinguish qualitatively different exploration strategies. At the university level,
Molnar (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
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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 Molnéar (2021)
compared Hungarian and Chinese 6™-graders’ (twelve-year-old students) exploration profiles
in a CPS environment. They identified three qualitatively different class profiles with
remarkable differences in both the Chinese and Hungarian samples: for example, the class of
“low performers” did not exist in the Chinese sample, and the proportion 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 students? Are there differences in the

types of profiles that emerge from the two groups?
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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: 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
age=20.6; SD=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=19.9; SD=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 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. Nontheless, 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 was the same in both countries.
Parents’ educational level, number of books, and available ICT infrastructure at home proved
to be higher in Hungary than in Jordan (see Table 1). These differences need to be taken into

account when interpreting the results.
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Table 1.

Comparison of the Jordanian and Hungarian samples along the same variables

Jordan Hungary

Demographic data t test/ Welch test

Mean SD Mean SD
Age 20.6 311 = 1999 1.82 n.s.
Gender (1: male; 2: female) 1.53 S50 < 1.59 49 t=-2.5 p<.05
Year of Matura examination 2015 5 < 2019 1.7 t =-+6.9 p<.01
Average result of Matura 85.81 9.04 76.22  15.03 not comparable
examination — compulsory parts*
Study goal** 1.67 117 = 166 1.03 n.s.
Parental education*** 4.26 247 < 544 1.26 t=-8.5 p<.01
Number of books**** 2.94 198 < 441 1.68 t=-12.8 p<.01
ICT infrastructure***** 3.16 1.3 < 419 0.967 t=17.11 p<.001

Note. *The compulsory subjects are different in the two countries. In Jordan, they are Arabic, English, History of
Jordan, and Islamic Education. In Hungary, 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 education he or she ultimately
wishes to complete.

***Parental education was measured on a 7-point scale: 1: below primary...7: university degree equivalent to
MA or MSc.

****Number of books: 7-point scale: 1: less than 1 bookshelf...7: more than 1000 books.

**x*% |CT infrastructure at home: 1: none at all....5: a great deal

3.2. Instrument

A complex problem-solving test based on the MicroDYN approach was administered in both
countries. 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 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
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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 & Funke, 2010) as many times as they liked within 180 seconds
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., 2013). 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 a + 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 seconds 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 MicroDYN scenario on screen.
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This first phase of the problem-solving process, including the free exploration and the model

building process, is often called the knowledge acquisition phase (see Greiff et al., 2013).
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Figure 1. Screenshot of the MicroDYN task “Game Night.” See the original version of the
task in Greif et al. (2011). The controllers of the input variables range from “- - (value=-2)
to “++* (value=+2). They are presented on the left side of the problem environment in the
Hungarian-language version and on the right side in the Arabic one. The model is shown at
the bottom of the figure. (The English-language version is presented in Figure 2.)

In the second part of each of the problems, in what is called the knowledge application phase
(Greiff et al., 2013), students were expected to reach the given target values of the output
variables within a given time frame (90 seconds), 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 independent as possible. Finally, students
were able to navigate between the different phases within the same MicroDYN 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 versions of the instructions were

independently translated into English. The two English versions were compared and discussed.
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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 Arabic and Hungarian researchers and

translators.

The CPS approach and the CPS tasks have been employed extensively at both the national and
international levels (see Csap6 & Funke, 2017; Eichmann et al., 2020; Greiff et al., 2013;
Greiff, Fischer, Stadler, & Wistenberg, 2015; 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 Wistenberg et al., 2014; Wu & Molnér, 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
Schultz et al.’s (2017) results, individual online testing of complex problem-solving 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
(Csapb & Molnér, 2019). After entering the eDia system, students had 60 minutes to solve the
problems and complete the related questionnaire. They received immediate feedback on their

average achievement after test completion.
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
keyboards and mice 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
Jordanian data collection. The testing time was limited; students had 60 minutes to complete
the test and the related questionnaire. They received immediate feedback on their average
achievement after test completion and detailed feedback with normative comparative data on

their performance a week later.
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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. The Hungarian sample is likely to be more positively selected than the Jordanian
one, and we would therefore already expect that the Hungarian students outperformed their
Jordanian peers. 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 countries. Performance on each problem in both
the first and second phases of the problem-solving process (i.e., the knowledge acquisition and
knowledge application 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 Application 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
Molnéar and Csap6 (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
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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.
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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.

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 provided all the relevant
information on the relations that can be identified, 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
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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; Miller 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 6.2,
all of the manipulations are part of the VOTAT strategy; however, only the first two trials are
part of the isolated variation 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), additional 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 (logfile-based), isolated

variation strategy use (logfile-based), time-on-task (logfile-based), and number of trials
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(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. Analyses.

Multi-group confirmatory factor analysis was used to test measurement invariance between
the two countries (RQ1). Weighted least squares, mean- and variance-adjusted (WLSMV)
estimation, and THETA parameterization were employed in the analyses (Muthén & Muthén,
2012). y?values, an absolute fit index (the root mean square error of approximation, RMSEA),
and two incremental fit indices (the Tucker—Lewis Index, TLI, and the comparative fit index,
CFI) were computed to evaluate model fit. According to Byrne and Stewart (2006), a series of
hierarchical models with increasing restrictions on model parameters were 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 ¥ 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 & George, 1995; Yoon & Lai, 2017), we evaluated measurement invariance from a
practical perspective (see Chen, 2007; Cheung & Rensvold, 2002; Meade et al., 2008; Putnick
& Bornstein, 2016; Rutkowski & Svetina, 2014). We used the following criteria based on Chen
(2007) and Cheung and Rensvold (2002): measurement invariance obtains if the difference for
ACFI is smaller than -.01 and that for ARMSEA is smaller than .01.

To find developmental differences between our two samples of Jordanian and Hungarian
students (RQ 2, 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
traditional 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 intercepts for the Hungarian group were set to zero so it
could serve as a reference group during the analyses, and the latent means of the Jordanian
group 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
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performance differences in both countries, in RQ3 we looked more deeply into the behavior
patterns 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 specifically, standard statistical
procedures (similar to RQ2) were used to find the mean differences in theoretical strategy
effectiveness, time-on-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
& Lanza, 2010; Tein, Coxe, & Cham, 2013). We searched for patterns on how the VOTAT
strategy, more particularly, fully isolated or partially isolated variation, developed across tasks
among the Hungarian and Jordanian students separately, especially learning patterns 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 differences 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 Hungary and Jordan. 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 countries
(Jordan: o ph1=.842, o pn2=.719; Hungary: o pn1=.858, a_ph2=.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
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reliability of the test scores improved in both cases (0=.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 (0=.950 and 946, respectively; see Table
2). That is, the data proved to be reliable at both the test and phase levels, independently of the
educational context. The results of the analyses can thus be generalized. Please note that at this
point the different scores do not all 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.

Table 2.

Reliabilities of the CPS test in the Arabic and Hungarian-language contexts with and without
the use of log data

Type of data Arabic 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  .921 .944
at the beginning of the problem-solving process (ten items)

Reliabilities of the test (knowledge acquisition phase) consisting of the new
categorically scored variables describing the level of isolated variation 950 946
strategy usage (ten items)

4.2. Results for Research Question 1 (RQ1): Do Jordanian and Hungarian students interpret
CPS problems the same way? Is CPS measurement invariant across Jordanian and

Hungarian university students?

To tackle RQ1 we investigated measurement invariance across the Jordanian and Hungarian
students. The baseline model with the two latent CPS factors (knowledge acquisition and
knowledge application) fitted the data well in both countries (Jordan: ¥?=369.02, df=186,
CFI=.975, TLI=.972, RMSEA=.044; Hungary: %?=865.53, df=186, CFI=.980, TLI=.978,
RMSEA=.045). As can be seen in the results below, CPS can be measured invariantly across
nationalities in Jordan and Hungary in our sample (see Table 3). Because of the large

differences in sample size, we evaluated measurement invariance by looking at CFl and
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RMSEA differences (instead of the stricter y? differences). We accepted less than .01 for ACFI
and no more than .01 for ARMSEA, that is, a less than .01 drop in fit indices between the nested
models that meet stricter and more stringent 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 nation to which they belong (Millsap, 2012); that is, the

measure is not biased against either of the groups.
Table 3.

Goodness of fit indices for testing invariance of CPS across nationalities

Model % of CFI TLI  RMSEA ACFI ARMSEA
Configural 94433 334 979 082 040 - -
Invariance

Strong factorial )0y o7 359 978 977 042 001 002
Invariance

Strict factorial -\, hc o6 379 975 974 045 003 003
Invariance

4.3. Results for Research Question 2 (RQ2): Can we find developmental differences in CPS
skills between 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., 2013) and for the
respective sum scores. The level of complexity was defined by the number of input and output
variables and the number and type of connections (Molnar & Csap06, 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
variables, 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 countries grew as the complexity of the items increased within

both groups of problems with only a direct effect or with internal dynamics. This phenomenon
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was found in both CPS phases, the knowledge acquisition and knowledge application phases

(all of the t-values are significant at p<.001, see Table 4).

As measurement invariance was sufficiently met between the Jordanian 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. As regards
latent mean differences across the nations, the results showed that the Hungarian students
performed significantly better in knowledge acquisition (M_nu=0; M_;=—.79, p<.001) and
knowledge application (M_nu=0; M_;=—1.01, p<.001) than their Jordanian peers, confirming

research results obtained at a manifest level.

Table 4.

Cross-national achievement differences in CPS: Problem complexity and problem phase-

level differences

Complexity of problem Jordanian Hungarian
(Number of input and
. t p d
output variables and Mean ) Mean )
number of connections)
Knowledge acquisition
2-2(2) 0.59 0.492 0.77 0.422 7.48  <.001 -0.39
3-3(3or4) 0.46 0.493 0.76 0.424 1296 <.001 -0.66
3-3 (2+1 or 3+1) 0.13 0.319 0.28 0.447 6.72 <.001 -0.40
Sum 0.36 0.422 0.57 0.44 1321 <001 -0.49
Knowledge application
2-2(2) 0.56 0.498 0.72 0.450 6.62 <.001 -0,33
3-3(30r4) 0.05 0.233 0.37 0.472 13.14 <001 -0,82
3-3 (2+1 or 3+1) 0.02 0.126 0.17 0.348 793 <001 -051
Sum 0.15 0.258 0.35 0.416 16.88 <.001 -0.58

Note. The ‘+’ 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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4.4. Results for Research Question 3 (RQ 3): What kind of test-taking behaviors do Jordanian
and Hungarian university students 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, while this rate was 93% in the Hungarian sample. As the CPS
performance 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 countries 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 information, 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 dynamics
independent of their complexity, the rate of students who applied a theoretically non-effective
strategy and still solved the problems correctly (by guessing) was very 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
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is, a higher number of variable manipulations, which can significantly contribute to an

increased chance of performance success (Beckmann & Goode, 2017; Lotz et al., 2017).

Table 5.

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

. Frequency (%)
Complexity of
problem Theoretically effective strategy use Theoretically non-effective strategy use
(Number of . -
input and Low High Independent of Low High Independent
output achievement  achievement  final score, in  achievement  achievement  of final score,
variables and (%; in (%; in proportion to (%; in (%; in in proportion
connections) ~ Proportionto  proportionto  whole sample  proportionto  proportion to to whole
whole sample) whole sample) whole sample) whole sample) sample
Jordanian sample
2-2(2) 30.2 (135) 69.8 (31.4) 44.9 385 (21.2) 614 (33.8) 55.1
3-3(3ord4) 403 (18.3) 596 (27.1) 45.5 61.8 (33.6) 38.1 (20.8) 54.5
3-3(2+1or3+1) 833 (34.7) 166 (6.9) 41.6 878 (51.1) 121 (7.1) 58.3
Test 555 (23.9) 444 (19.9) 43.9 675 (38.1) 324 (17.9) 56.1
Hungarian sample
2-2(2) 21.8 (20.8) 78.2 (74.4) 95.25 756 (49) 244 (13 6.2
3-3(3or4) 181 (16.7) 819 (75.9) 92.6 944 (6.9) 85 (0.7) 7.4
3-3 (2+1or3+1) 69.4 (63.7) 30.6 (28.1) 91.8 76.7  (6.6) 11 (02) 8.4
Test 39.4 (36.4) 60.6 (56.4) 92.8 819 (6.3) 114 (0.8) 7.6

Note. Students’ achievement was considered high if they managed to achieve a score of 1 based on the
traditional scoring method.

This pattern was different in the Jordanian sample (see Table 5). Only half of the students
(44%) managed to use 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 information, 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 significantly higher on problems with only direct effects (on average,
29% of the students were successful). The guessing factor, that is, ad hoc optimization, when

students used a theoretically non-effective strategy and still solved the problem correctly, was
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significantly higher in the Jordanian sample than in the Hungarian one. On the test level —
independent of 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 seconds exploring the problem,
while the Hungarian students spent more time on exploration (56 sec). 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 Hungarian 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 Hungarian 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.
Table 6.

Cross-national differences in students’ test-taking behavior: time-on-task and number of trials

Jordanian Hungarian
Complexity of i : ¢ b q
problem Low High Mean Low High Mean
achievement achievement achievement achievement
Time-on-task
2-2(2) 49.5 26.2 33.8 74.9 59.0 63.1 140 <.001 -0.67
3-3(3o0r4) 38.5 37.0 37.6 55.9 47.2 49.2 6.0 <001 -0.31
3-3(20r3+1) 35.2 30.8 355 56.0 70.9 60.1 136 <.001 -0.76
Sum 394 35.9 36.0 59.7 59.1 56.4 184 <001 -57
Number of trials
2-2(2) 1.9 16 1.7 5.8 6.3 6.1 212 <001 -13
3-3(30r4) 1.8 2.3 2.0 3.8 4.4 4.2 159 <001 -0.9
3-3 (2 or 3+1) 1.9 3.4 2.0 4.9 7.7 56 191 <001 -1.19
Sum 19 2.6 19 4.8 6.2 5.3 26.2 <001 -1.15
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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, while the number
of trials among the Hungarian students was more than five. The Hungarian students’ time-on-
task data and number of trials data were consistent with each other, while this was not the case
in the Jordanian sample. Based on the tendencies in time-on-task and number of trials by high
and low CPS achiever, we can conclude that the Hungarian students became increasingly aware
of their exploration behavior and they engaged in ever fewer trial-and-error moves and
attempted ever fewer trials in less and less time. However, both of the behavioral factors grew

immensely when problems with internal dynamics appeared on the test.

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

To tackle RQ 4, 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 (AlIC), Bayesian information criterion (BIC),
adjusted Bayesian information criterion (aBIC), entropy, and the Lo—Mendell-Rubin adjusted
likelihood ratio were used to approximate 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.

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 countries — 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
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model demonstrated that 95% of the Jordanian students and 96% of the Hungarian students

were accurately categorized based on their class membership (Table 7).

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

Table 7.

Information theory, likelihood ratio, and entropy-based fit indices for latent class analyses

Number of

latent classes AlIC BIC aBIC Entropy L-M-R test P

Jordanian

2 5266 5433 5303 979 2797 .000

5008 5260 5063 949 298 .000

4 4948 5286 5022 .948 100 .006

5 4935 5358 5028 934 54 .838
Hungarian

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 = Akaike information criterion; BIC = Bayesian information criterion; aBIC = adjusted Bayesian
information criterion; L-M-R test = Lo—Mendell-Rubin adjusted likelihood ratio test. The best fitting model
solution is in italics.

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 less and less parallel 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
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problems grew. Almost proficient explorers (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).

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 performers 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.
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Figure 3. Four qualitatively different class profiles in the Jordanian sample
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Figure 4. Four qualitatively different class profiles in the Hungarian sample

Table 8.

Relative frequencies and average latent class probabilities in the Arabic and Hungarian-

language samples

Arabic Hungarian
Profiles Average Average
Frequency Latent Class  Frequency Latent Class
Probabilities 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.

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.
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In the Hungarian sample, there was a quadratic relation (see Figure 5) between latent class
membership 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 environments

on average.

In the Jordanian sample, the pattern was different, and there was no clear parallel identified
between latent class membership and the students’ overall performance scores in CPS, a
finding which runs counter to our previous expectations but in line with the findings in RQ 3
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 very 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 explorers group that used the guessing strategy in the problem-solving process,
which resulted in higher final achievement than the manipulation 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.
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Figure 5. Performance and test-taking behavior among students with different latent class

profiles. (We have connected the data points to visualize the tendencies.)

5. Discussion

This study shows that complex problem-solving can be measured validly, reliably, and
equivalently in the Hungarian and Jordanian educational contexts. It provides important
insights into the international validity of CPS measurements and sheds light on the different
behavior patterns 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 qualitative 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 or one country are not necessarily generalizable to other countries or cultures even

if these results cover general skills, such as problem-solving, which is less developed explicitly
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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.

RQ1: Do Jordanian and Hungarian students interpret CPS problems the same way? Is CPS
measurement-invariant across Jordanian and Hungarian university students?

We found invariance in CPS measurement across the Jordanian and Hungarian university
students; that is, both groups interpret CPS problems the same way, so the language-based
conceptual representational differences did not influence the way the students interpreted the
problems. Despite the large cultural and educational differences, which can influence
measurement invariance, it is possible for CPS to be measurement-invariant across nationalities
in the Jordanian and Hungarian contexts. That is, measurement invariance was influenced
neither by the substantial language differences nor by the expansion of technology-based
assessment. Earlier studies indicated (see Wistenberg et al., 2014) measurement invariance of
CPS between Hungarian and German students. 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 & Molnar, 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 & Molnar, 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, at
least to the extent of the countries that have been involved in such studies.

RQ2: Can we identify developmental differences in CPS skills between Jordanian and
Hungarian university students? 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 group, which is consistent with earlier research
results, indicating that students with different educational and cultural backgrounds can
perform differently in a CPS environment (see Greiff, Wistenberg, & Avvisati, 2015; OECD,
2014a; Wu & Molnér, 2021; Wistenberg 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.
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The score-based achievement differences were smaller at the beginning 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. There were only a few Jordanian
students who managed to cope with this kind of problem, resulting in very low group-level
achievement. The Hungarian students’ mean achievement also dropped immensely but was

still significantly higher than the performance of their Jordanian peers.

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 dropped
immensely, the Hungarian students’ mean performance also dropped at the same level; it was
only the starting value 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 hypotheses, see RQ3 and RQ4).

Reasons for these differences in achievement may lie in major cultural and educational
differences as well as in the experience of computer use in educational context. The educational
use of computers has long been addressed in Western countries, and one important area is
supporting learning of scientific knowledge and skills (e.g., testing hypotheses while
interacting with software that simulates scientific phenomena). Differences in experience with
such computer use might also cause differences in exploring behaviors (on these hypotheses,
see also RQ2 and RQ3).

RQ3: What kind of test-taking behaviors do Jordanian and Hungarian university students
exhibit in solving complex problems? Are there differences between Jordanian and Hungarian
students in the theoretical 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 large differences noted in the use of a
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theoretically effective exploration strategy in both samples. A total of 93% of the Hungarian
university students used a theoretically appropriate strategy compared to 44% in the Jordanian
sample. This confirms our earlier explanation that most of the Hungarian students 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 (Molnar & Csapd, 2018) on changes in theoretically effective strategy use
among 3"“-12"-grade Hungarian students. Molnar and Csap6 found an increasing tendency by
age: 40% of 3"-5"-grade children, 55% of 6""-8"-grade students, and 65% of 9""-12""-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 large differences
in final CPS achievement.

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 international level. At the sample level, we confirmed Eichmann et al.
(2019) and Goldhammer et al.’s (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 exploration. 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 grow smaller compared to the increasing complexity of the tasks.
This tendency was caused by the Hungarian students, who spent generally less and less time
attempting fewer and 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
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of trials throughout the test. In our view, one which was tested in RQ12, this tendency indicated
that the Hungarian students grew increasingly aware of their effective exploration behavior and
required ever fewer trial-and-error moves and ever fewer trials. 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, Greiff, & Hautamdéki, 2015), which Goldhammer et al. (2014)

concluded was due to the lack of a common definition of time-on-task and achievement.

RQ4: Based on the exploration strategy (i.e., VOTAT), what profiles can be extracted from
among the Jordanian and Hungarian students? Are there differences in the types of profiles
that emerge from the two groups?

In RQ2 and RQ3, we found several sample-level behavioral differences. In RQ3, we used a
more person-centered approach to see 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 the two cultures and beyond.

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. The classes of non-performing explorers and restarting slow learners
proved to be almost identical in the two samples, indicating existing differences between the
behaviors of Jordanian and Hungarian students. Our study confirmed Moln'ar’s (2021) result
on the presence of rapid learners in the Hungarian university sample, which was not found in
the 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 exploration
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). Instead of rapid learners, 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 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, while the Jordanian students’ schemata proved to be less
well-founded and transferable, independently of the complexity of the CPS environment.

However, the students in this group were able to learn rapidly and adapt to a given situation
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flexibly and quickly, like the rapid learners in the Hungarian sample. 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 specific
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 correlated 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. These problems are artificial, with a limited number of variables and
relations, but appropriate 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. 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 cannot be experienced in laboratory environments, in which variables can be selectively
controlled for educational purposes. In fact, real-world complex problems are characterized
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 cross-national comparison study as well
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as differences in gender distribution, differences in time elapsed since the Matura examination
(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 subjects, participated in the study in Jordan — thus not covering
such areas of study as medicine and engineering), 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 RQ10, and restrict the
generalizability of the results at a population level. Based on the current findings, some initial
trends can be identified, which can form a solid foundation for further large-scale empirical
studies on Jordanian students’ exploration behavior in a CPS environment with a focus on

comparing problem-solving behavior among students with different cultural backgrounds.

7. Conclusions

The results of the current study provide important insights into the international validity of CPS
measurements and shed light on the different hidden behavior patterns and test-taking
behaviors 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 confident 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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Technology has greatly improved the effectiveness of testing procedures: it has sped up data
collection, enabled real-time automatic scoring, accelerated data processing, enabled
immediate feedback, and revolutionized the entire assessment process, including creative task
presentation (Csapo et al., 2012). It also opens up new possibilities for both item and test
development. In addition to these alternatives, technology allows for the storage and analysis
of contextual data. Educational data mining, logfile analysis, and learning analytics are all
terms used to describe this new approach, each describing a somewhat different type of study.
Because of the numerous benefits, the most important assessments will most likely be
administered in a technological environment in the near future; however, more research and

development on the application of CBA among Jordanian students for all levels are needed.

Theoretical studies confirm that offering extra indicators during the educational process,
particularly in assessment, attracts researchers' attention to this new topic, therefore supporting
the educational process with a multitude of indicators. Indeed, as a research field, using
technology in assessments has matured. In recent decades, attention has been focused on
analyzing contextual data in educational contexts using educational data mining, which
employs data mining techniques to transform initial data collected through educational systems
into meaningful information. Logfile analysis entails analyzing behavioural processes, time-
on-task, and the sequence of actions captured in logfiles and thus introduces novel methods to

analyze the instruction and learning process and educational assessment.

Recent work has focused on logfile analysis, educational data mining, and learning analytics.
Developments in information technologies have made it possible to design different
assessments, thus boosting the number of ways students can demonstrate their skills and
abilities. Parallel to these advances, the focus of technology-based assessment has shifted from
an individual and summative approach to cooperative, diagnostic and more learning-centered

to implement efficient testing for personalized learning.

According to results from a comparison analysis based on the Scopus database, (1) research
interest in this field has grown immensely in the last few years; that is, EDM is an emerging
discipline. In addition, (2) EDM and logfile analysis examine earlier hidden information to
provide explanations of students’ learning and testing behaviour from a new perspective. Thus,
broadening our understanding of students’ behaviour, interests, learning processes,

motivational aspects, and test results and the reason for their learning outcomes.
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We have tested the feasibility of computer-based assessment, especially, the applicability of a
third generation, innovative test measuring a 21% century skills, such as complex problem
solving in Jordanian higher education context. We have tested the behaviour and the
psychometric indices of the CPS test, adapted within the confines of the present project. With
this project we filled an important niche as computer-based assessment of thinking skills was
not commonly implemented in Jordan and in Jordanian higher education context. First, a pilot
study was conducted to prove the feasibility of computer-based assessment and the reliability
of the CPS test in Jordanian cultural and higher education environments. Second, a large-scale
assessment was organized to confirm research results of the pilot study and get more
knowledge about Jordanian students’ test-taking and problem solving behaviour. For example,
larger dataset was required to run pattern discovery algorithms on the collected logfiles (Greiff
et al., 2018; Molnar & Csap0, 2018; Wu & Molnar, 2021) in order to map and classify the
students' exploration tactics while solving interactive challenges. Finally, the results of an
international comparison study highlight the differences and similarities between Arabic
(Jordanian) and European (Hungarian) students’ test-taking and problem solving behaviour in

interactive problem solving environments.

According to the results the CPS assessments had a high level of internal consistency —
similarly to the European results, but the interactive problems proved to be generally hard for
the Jordanian participants. We could conclude from the descriptive results that computer-based
assessment and the use of innovative online tests are feasible and valid in Jordan in the higher
education environment. The results regarding the third-generation CPS test are generalizable
in the Jordanian higher educational environment. Since CPS skills are necessary component of
educational achievement and address important gaps in modern education: the gap between
students' ability to acquire and apply knowledge in uncertain conditions, these results are

important in the twenty-first century.

Logfile-based analyses extended the scope of previous research results connected to CPS,
particularly in the Arabic context. We monitored and identified the way students understand
interactive problems, especially minimal complex systems and causal relationships within the
problems. Despite the fact that most of the Jordanian university students showed systematic
strategies were unable to solve the problem and on the contrary several students managed to
solve the problem without applying an effective problem solving strategy. Thus, solving an
interactive problem does not necessarily require the application of a strategy that gives the

problem solver sufficient information about the problem environment to achieve the correct
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solution and the application of a right problem solving strategy does not always result in high
problem solving achievement. This confirms de Jong and van Joolingen (1998) research
results, who claim that learners often have trouble understanding data. Generally, these results
are in line with previous research results (e.g., Greiff et al., 2015; Molnar & Csapd, 2018;
Vollmeyer et al., 1996).

There was a significant correlation between KAC and KAP on both the manifest and latent
levels. The KAC and KAP processes were empirically distinguished and confirmed by the
international research results (e.g. Funke, 2001; Wistenberg et al., 2012). More specifically,
previous studies have found that KAC and KAP correlations range from weak to strong
relationships between the two phases. The wide range of correlation indices associated with

the use of multiple CPS assessments with varied approaches to measuring KAC and KAP.

To interpret and understand Jordanian research results more deeply and detect the cross-
national aspects of CPS, we organized an international assessment in Hungary and Jordan.
Based on the results of the cross-national large scale study, we can conclude that complex
problem-solving can be measured in the Hungarian and Jordanian educational contexts validly,
reliably, and equivalently. The results revealed the different behaviour patterns of Hungarian
and Jordanian undergrads, providing valuable insights into the international validity of CPS
assessments and increasing our understanding beyond what we can learn from traditional CPS
performance indicators. Even students who are socialized in the same school environment can

think differently and achieve the same results with the same aims via different routes.

We investigated the way Jordanian and Hungarian students interpret CPS problems. The results
showed measurement invariance of CPS across Jordanian and Hungarian undergraduates, that
is, students independent of their culture interpreted CPS problems the same way. Not even the
language-based conceptual representational differences and the differences in frequency usage

of computer-based assessments impacted measurement invariance of CPS.

Developmental differences have been found in CPS skills between Jordanian and Hungarian
university students in favor of the Hungarian students. This is consistent with previous research
findings indicating that students from different educational and cultural backgrounds can
perform differently in CPS environment (see Greiff et al., 2015; OECD, 2014; Wu & Molnér,
2021; Wiustenberg et al., 2014). The development of CPS skills is not universal. In the

dissertation presented comparison analysis, we used Hungarian CPS data as a benchmark
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indicator. Additional studies using representative samples from both nations are required to

validate these findings.

When students were expected to explore and solve easier problems, having less complexity,
the score-based achievement differences were less between Hungarian and Jordanian students,
but they grew as the complexity of the problems increased. This phenomenon was observed in
both CPS phases (knowledge acquisition and knowledge application). Problems having
internal dynamics (the more complex problems) enlarged this trend as only a few Jordanian
students were able to deal with such problems, resulting in an extremely low group-level
average achievement. By these type of problems the mean achievement of the Hungarian
students dropped significantly as well, but it was still much higher than that of their Jordanian

peers.

Beyond differences, there were also similarities detectable in Jordanian and Hungarian
students’ CPS behaviour. If Jordanian students' achievement dropped, Hungarian students'
mean performance dropped too; but there was a major difference in their starting values,
resulting in significant achievement differences in both phases across all complexity levels.
The reasons for these differences in achievement could be due cultural and educational
differences and probably their prior computer experience in academic environment. In Western
countries, the use of computers in education has long been addressed, and belongs to key areas

supporting learning.

After we have confirmed that CPS can be measured cross-nationally in the same way and the
level of CPS skills of Hungarian and Jordanian students (in this sample) differ, we wanted to
expand our understanding of these differences and analyse their test-taking behaviour. There
were significant differences in using a theoretically effective exploration strategy in both
samples based on the results of the logfile analyses. In total, 93% of Hungarian university
students used a theoretically effective strategy, compared to 44% of Jordanian university
students. This supports our earlier discussion regarding the less complex problems in the test
that the majority of Hungarian students belong to the expert problem solvers. There were also
differences in the percentages of using a theoretically effective strategy and having high CPS
performance. It was 60.6% on average in the Hungarian sample and 44.4% among the
Jordanian students. That is, there were large differences between the two samples not only in

the efficacy of their interpretation of the extracted information, but also in the suitability of the
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exploration strategy they employed, resulting in large significant differences in their final CPS

performance.

Beyond the effectiveness of the exploration strategies applied in the CPS environments, there
were significant differences identified in students' test-taking behaviour in relation to the time
spent on the task and the number of trials internationally. Our findings confirmed Eichmann et
al. (2019) and Goldhammer et al. (2014) research findings that low-achieving students
generally interact with the problem less than high achievers; that is, the amount of exploration
(number of clicks) are positively correlated with the CPS achievement. Students' performance
improved significantly when they spent more time on a CPS task (Alzoubi et al., 2013;
Goldhammer et al., 2014).

We identified other significant behavioural differences between Hungarian and Jordanian
students, which differences were becoming smaller as the task complexity increased. During
the test-taking process, Hungarian students spent less and less time attempting fewer and fewer
trials despite the fact that the tasks were becoming more complex in comparison to Jordanian
students, who spent nearly the same time and used nearly the same number of trials throughout
the test. This tendency indicated that Hungarian students became increasingly aware of their

effective exploration behaviour and required fewer trial-and-error moves and trials.

We used a more person-centered approach to see any other CPS-related differences between
the two samples and look for more detailed explanations for the previously observed
tendentious differences between high and low CPS achievers in the two cultures and beyond.
To characterize students' exploration strategies in a CPS context, we employed latent class
analyses based on the level of the optimal exploration strategy. Four latent classes have been
identified in both samples. In both samples, the classes of non-performing explorers and
restarting slow learners were nearly identical, indicating differences in the behaviours of
Jordanian and Hungarian students. There was a rapid learner in the Hungarian sample, which
did not exist in the Jordanian sample. Rapid learners revealed a noticeable learning curve when
working on the CPS tasks. By the sixth problem having no eigendynamic on the test, they had
reached the same level as proficient explorers in terms of exploration behaviour. They have the
ability to quickly and flexibly adapt to the expectations of a given situation (see Greiff et al.,
2018). Instead of rapid learners, in the Jordanian sample we could have identified a class of
non-persistent explorers. These students were able to apply the partial variation strategy on the
easiest problems, but they couldn't apply it to the more difficult ones.
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Finally, behavioural differences between the top explorer groups — Hungarian vs. Jordanian
— were identified. The proficient explorers in the Hungarian sample appeared to have more
explicit schemata (see Greiff et al., 2018). As a result, they were able to use the optimal
exploration strategy throughout the CPS tasks, regardless of their complexity, whereas the
Jordanian students' schemata proved to be less well-founded and transferable, regardless of the
complexity of the CPS scenario. However, students in this group, like the rapid learners in the
Hungarian sample, were able to learn quickly and adapt to a given situation flexibly and
rapidly. In Jordan and Hungary, the proportion of students in different class profiles varied
significantly. Confirming previous research findings on time-on-task (Greiff et al., 2018), both
the rapid learners and restarting slow learners in CPS problems may have varying degrees of
general cognitive schemata. They may adjust rapidly and flexibly to the needs of a given
situation, or they may adapt slowly and less flexibly. This adaptation needs time to take effect.
Non-performing explorers who were unmotivated in the test-taking process spent less time

solving the problem than proficient explorers who were conscious of their strategy use.

The number of trials revealed different patterns and was not strongly correlated to the time on
task in the CPS test. In both samples, time on task increased with the amount of an optimal
strategy usage; nevertheless, students' exploration profiles were a stronger predictor of the

expected number of trials than time on task or final achievement.

Limitations

This study used the MicroDYN approach to assess students' problem-solving skills. Problems
with the MicroDYN approach scenarios do not cover all types of problems and complex
systems faced in everyday life. Thus, problem-solving behaviour detected in problem scenarios
developed with the MicroDYN approach cannot be generalized to all types of complex
problems we face in daily life. On the other hand, their special features make it possible to
track students' learning processes and potential during the problem-solving process. Similarly,
there is an efficient exploration strategy for problems with a small number of variables and
relations, such as MicroDYN problems. However, optimal exploration strategies do not apply
to complex everyday problems, as Funke (2021) observed. One of the limitations of the present
cross-national comparison study is the relatively considerable differences in sample size and
differences in gender distribution and the study year for students since only first-year students
in Hungary took part in the assessment. As a part of the Matura examination, students in various
study years participated in Jordanian sample. Other factors to consider as differences are
parental education, and financial status (e.g., the number of books in the home), as well as
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differences in the subjects studied by undergraduates (in Jordan, the sample not cover all areas
of study, while in the Hungarian sample, students from an entire university participated in the
assessment. Compared to the Hungarian sample, the Jordanian sample is relatively small,
which may be considered a limitation in the validity of the test and the generalizability of the

results at the population level.

Some initial trends can be identified based on the current findings, which can serve as a strong
foundation for further large-scale empirical studies on Jordanian students' exploration
behaviour in a CPS environment, focusing on comparing problem-solving behaviour among

students from different cultural backgrounds.
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