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Abstract
Process data are becoming more and more popular in education research. In the 
field of computer-based assessments of collaborative problem solving (ColPS), 
process data have been used to identify students’ test-taking strategies while working 
on the assessment, and such data can be used to complement data collected on 
accuracy and overall performance. Such information can be used to understand, for 
example, whether students are able to use a range of styles and strategies to solve 
different problems, given evidence that such cognitive flexibility may be important in 
labor markets and societies. In addition, process information might help researchers 
better identify the determinants of poor performance and interventions that can help 
students succeed. However, this line of research, particularly research that uses these 
data to profile students, is still in its infancy and has mostly been centered on small- 
to medium-scale collaboration settings between people (i.e., the human-to-human 
approach). There are only a few studies involving large-scale assessments of ColPS 
between a respondent and computer agents (i.e., the human-to-agent approach), 
where problem spaces are more standardized and fewer biases and confounds 
exist. In this study, we investigated students’ ColPS behavioral patterns using latent 
profile analyses (LPA) based on two types of process data (i.e., response times 
and the number of actions) collected from the Program for International Student 
Assessment (PISA) 2015 ColPS assessment, a large-scale international assessment 
of the human-to-agent approach. Analyses were conducted on test-takers who: (a) 
were administered the assessment in English and (b) were assigned the Xandar unit 
at the beginning of the test. The total sample size was N = 2,520. Analyses revealed 
two profiles (i.e., Profile 1 [95%] vs. Profile 2 [5%]) showing different behavioral 
characteristics across the four parts of the assessment unit. Significant differences 
were also found in overall performance between the profiles.
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Collaborative problem-solving (ColPS) skills are considered crucial 21st century skills 
(Graesser et al., 2018; Greiff & Borgonovi, 2022). They are a combination of cognitive and 
social skill sets (Organization for Economic Co-operation and Development [OECD], 
2017a), involving “an anchoring skill—a skill upon which other skills are built” (Popov 
et al., 2019, p. 100). Thus, it makes sense that the importance of ColPS has been con-
tinually emphasized in research and policy spheres. Modern workplaces and societies 
require individuals to be able to work in teams to solve ill-structured problems, so having 
a sufficient level of the skills and the ability to effectively execute them are expected and 
required in many contexts in people’s lives (Gottschling et al., 2022; Rosen & Tager, 2013, 
as cited in Herborn et al., 2017; Sun et al., 2022). Consequently, interest in research and 
policies on ColPS has grown in the past few years.

In 2015, the Program for International Student Assessment (PISA), managed by the 
OECD, administered an additional, computer-based assessment of ColPS alongside the 
core assessment domains of mathematics, reading, and science. The PISA 2015 ColPS 
assessment was administered in 52 education systems, targeting 15-year-old students 
(OECD, 2017a, 2017b). It has provided a substantial body of theory and evidence related 
to computer-based assessments of the skills involved in the human-to-agent approach 
(i.e., H-A approach), which makes test-takers collaborate with a couple of computer 
agents to tackle simulative problems. A great deal of subsequent theoretical and empiri-
cal studies on ColPS have followed, drawing on the established framework of the PISA 
2015 ColPS assessment and the data that were generated (e.g., Chang et al., 2017; Child 
& Shaw, 2019; Graesser et al., 2018; Herborn et al., 2017; Kang et al., 2019; Rojas et al., 
2021; Swiecki et al., 2020; Tang et al., 2021; Wu et al., 2022).

Despite a growing body of research on ColPS, an unexplained aspect of ColPS revolves 
around the question, “What particular [ColPS] behaviors give rise to successful prob-
lem-solving outcomes?” (Sun et al., 2022, p. 1). To address this question, a few studies 
have used students’ process data (e.g., response times) and specifically attempted to pro-
file these students on the basis of their data to investigate behavioral patterns that go 
beyond performance. Indeed, analyzing test-takers’ process data makes it possible to 
understand the characteristics of performance in depth, for instance, how 15-year-old 
students interacted in problem spaces, such as incorrect responses despite overall effec-
tive strategies or correct responses that relied on guessing (He et al., 2022; Teig et al., 
2020). However, such studies are still in the embryonic stage and have mostly revolved 
around the relatively small- to medium-scale assessments with the human-to-human 
approach (i.e., H-H approach), which entails naturalistic collaboration with people (e.g., 
Andrews-Todd et al., 2018; Dowell et al., 2018; Han & Wilson, 2022; Hao & Mislevy, 
2019; Hu & Chen, 2022). Little research has been carried out on the process data from 
large-scale assessments that have used the H-A approach, such as the one employed in 
PISA 2015.

Therefore, in this research, we aimed to investigate test-takers’ profiles to address the 
aforementioned question about the behaviors that lead to successful collaborative prob-
lem solving. To do so, we conducted an exploratory latent profile analysis (LPA), a profil-
ing methodology that is based on the two types of process data collected in PISA 2015: 
(a) response time (i.e., the sum of “the time spent on the last visit to an item” per part; 
OECD, 2019, p. 3) and (b) the number of actions (e.g., “posting a chat log” or “conducting 
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a search on a map tool”; De Boeck & Scalise, 2019, p. 1). As described in the previous lit-
erature, PISA 2015 has several advantages, including automated scoring and easier and 
more valid comparisons in standardized settings, although it simultaneously has draw-
backs (e.g., it is limited in its ability to deliver an authentic collaboration experience; Han 
et al., 2023; Siddiq & Scherer, 2017). It should be noted that PISA 2015 is just one of 
many (large-scale) H-A assessments on ColPS. Thus, there will be myriad possible ways 
to find behavioral patterns. As a steppingstone, we hope the results of this study will be 
helpful for clarifying the behaviors of (un)successful participants in ColPS and will thus 
be conducive to the development of appropriate interventions (Greiff et al., 2018; Hao & 
Mislevy, 2019; Hickendorff et al., 2018; Teig et al., 2020). Furthermore, as we identified 
subgroups on the basis of the process data, the subgroups will be used to design better 
task situations and assessment tools in terms of validity and statistical scoring rules in 
the future (AERA, APA, & NCME, 2014; Goldhammer et al., 2020, 2021; Herborn et al., 
2017; Hubley & Zumbo, 2017; Li et al., 2017; Maddox, 2023; von Davier & Halpin, 2013).

Literature review
The ColPS assessment in PISA 2015 and the Xandar unit

ColPS in PISA 2015 is defined as “the capacity of an individual to effectively engage in a 
process whereby two or more agents attempt to solve a problem by sharing the under-
standing and effort required to come to a solution and pooling their knowledge, skills 
and efforts to reach that solution” (OECD, 2017a, p. 6). To design and implement the 
assessment, the OECD defined a matrix of four individual problem-solving processes 
and three collaboration processes, for a total of 12 different skills (OECD, 2017a; see 
Fig.  1). The four individual problem-solving processes came from PISA 2012 and 
entail (a) Exploring and understanding, (b) Representing and formulating, (c) Plan-
ning and executing, and (d) Monitoring and reflecting, whereas the three collaborative 

Fig. 1 The overall composition of the Xandar unit and a general guideline of weighting. Note. The number in 
Figure 1(a), highlighted in grey and italics, indicates the item number of the Xandar unit corresponding to each 
subskill. The item difficulty values in Figure 1 (b) are reported on the PISA scale. The framework of Figure 1 is 
based on the OECD (2016, 2017b). Adapted from the PISA 2015 collaborative problem-solving framework, by the 
OECD, 2017 (https://www.oecd.org/pisa/pisaproducts/Draft%20PISA%202015%20Collaborative%20Problem%20
Solving%20Framework%20.pdf ). Copyright 2017 by the OECD. The data for the descriptions of the Xandar unit 
are from OECD (2016). Adapted from Description of the released unit from the 2015 PISA collaborative problem-
solving assessment, collaborative problem-solving skills, and proficiency levels, by the OECD, 2016 (https://www.
oecd.org/pisa/test/CPS-Xandar-scoring-guide.pdf ). Copyright 2016 by the OECD
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competencies are (a) Establishing and maintaining shared understanding, (b) Taking 
appropriate action to solve the problem, and (c) Establishing and maintaining team 
organization.

With the matrix of four problem-solving and three collaboration processes in mind, 
the assessment was designed and consisted of assorted items, that is, a single communi-
cative turn between the test-taker and agent(s), actions, products, or responses during 
ColPS (OECD, 2016). With difficulty ranging from 314 to 992, each item measured one 
(or sometimes more than one) of the 12 skills, and a score of 0, 1, or 2 was assigned (Li et 
al., 2021; OECD, 2016, 2017a). Diverse sets of items referred to each task (e.g., consensus 
building), and each task covered one component of each (problem scenario) unit with 
a predefined between-unit dimension (e.g., school context vs. non-school context) and 
various within-unit dimensions (e.g., types of tasks, including jigsaw or negotiation; see 
details in OECD, 2017a).

In the computer-based assessment mode of PISA 20151, each test-taker worked on 
four 30-min clusters (i.e., 2  h in total), two of which were in the domain of science, 
whereas the rest involved reading, mathematics, or ColPS (OECD, 2017a; see Fig.  2). 
Thus, one test-taker could have had one or two ColPS units—with different positions 
depending on an assessment form—if their countries or economies were participating 

1  In the main PISA 2015 assessment, there were two modes: paper-based and computer-based. The domain of ColPS 
was included in only the computer-based mode (see OECD, 2017c).

Fig. 2 The computer-based assessment design of the PISA 2015 main study, including the domain of ColPS. Note. 
R01-R06 = Reading clusters; M01-M06 = Mathematics clusters; S = Science clusters; C01-C03 = ColPS clusters. From 
PISA 2015 Technical Report (p. 39), by the OECD, 2017 (https://www.oecd.org/pisa/data/2015-technical-report/
PISA2015_TechRep_Final.pdf ). Copyright 2017 by the OECD
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in the ColPS assessment (see OECD, 2017c). Among the ColPS units in the main PISA 
2015 study, only one unit was released in the official OECD reports, called Xandar, 
with additional contextual information included to help interpret the findings (e.g., the 
unit structure or item difficulty) beyond the raw data, which included actions, response 
times, and performance levels (e.g., OECD, 2016). Consequently, this unit was utilized in 
the current study because the valid interpretations of the behavioral patterns we identi-
fied relied on each item’s specific contextual information (Goldhammer et al., 2021).

In the Xandar unit, each test-taker worked with two computer agents to solve prob-
lems on the geography, people, and economy of an imaginary country named Xandar 
(OECD, 2017b; see Fig. 3). It should be noted that performance in the Xandar unit was 
assessed as correct actions or responses in the ColPS process, not as the quality of group 
output. According to the OECD, this unit is “in-school, private, non-technology” con-
text-based and is composed of four separate parts of “decision-making and coordination 
tasks” in the scenario of a contest (OECD, 2017b; p. 53). The detailed composition of the 
unit is described in Fig. 1(b).

As Fig. 1 shows, the unit did not cover all 12 skills from the competency framework 
but covered the skills only partially across the four parts of the assessment. More infor-
mation about each part is as follows.

1. In Part 1 (i.e., the stage for agreeing on a strategy as a team), participants get 
accustomed to the assessment unit, including the chat interface and task space (De 
Boeck & Scalise, 2019; OECD, 2017b). The stage aims to establish common strategies 
for ColPS under the contest rules (De Boeck & Scalise, 2019). Part 1 contains five 
items, whose item difficulty ranges from 314 to 524 (OECD, 2016).

2. In Part 2 (i.e., reaching a consensus regarding preferences), participants and the 
computer agents each allocate a topic to themselves (i.e., the geography, people, or 

Fig. 3 An example screenshot of the PISA 2015 Xandar unit. Note. Adapted from Description of the released unit 
from the 2015 PISA collaborative problem-solving assessment, collaborative problem-solving skills, and proficien-
cy levels (p. 11), by the OECD, 2016 (https://www.oecd.org/pisa/test/CPS-Xandar-scoring-guide.pdf ). Copyright 
2016 by the OECD
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economy of Xandar; OECD, 2017b). In this process, they should reach a consensus by 
resolving disagreements within their team (OECD, 2017b). The purpose of this stage 
is to establish a mutual understanding (De Boeck & Scalise, 2019). There are three 
items in Part 2, with a difficulty of 381, 537, and 598, respectively (OECD, 2016).

3. In Part 3 (i.e., playing the game effectively), participants respond to the questions 
about the geography of Xandar (OECD, 2017b), regardless of their choice in Part 2. 
In this part, they proceed with the contest and should respond appropriately to the 
agents who violate common rules and raise issues (De Boeck & Scalise, 2019). Part 3 
consists of two items (i.e., one with a difficulty of 357 and the other with a difficulty of 
992; OECD, 2016).

4. In Part 4 (i.e., assessing progress), participants are required to monitor and assess their 
team’s progress (OECD, 2017b). In this part, the computer agents pose challenges to 
the progress evaluation and ask for extra help for the team to solve problems on the 
economy of Xandar (De Boeck & Scalise, 2019). Part 4 is composed of two items (i.e., 
one with a difficulty of 593 and the other with a difficulty of 730; OECD, 2016).

Process data and profiling students on the basis of response times and actions

Process data refer to “empirical information about the cognitive (as well as meta-cogni-
tive, motivational, and affective) states and related behavior that mediate the effect of the 
measured construct(s) on the task product (i.e., item score)” (Goldhammer & Zehner, 
2017, p. 128). These data can thus indicate “traces of processes” (e.g., strategy use or 
engagement; Ercikan et al., 2020, p. 181; Goldhammer et al., 2021; Zhu et al., 2016). Such 
information is recorded and collected via external instruments and encompasses diverse 
types of data, such as eye-tracking data, paradata (e.g., mouse clicks) or anthropologi-
cal data (e.g., gestures; Hubley & Zumbo, 2017). Process data have recently been spot-
lighted, as technology-based assessments have advanced with the growth of data science 
and computational psychometrics, thereby increasing the opportunities for their exploi-
tation across the entire assessment cycle (Goldhammer & Zehner, 2017; Maddox, 2023).

A substantial number of studies on response times and the number of clicks (i.e., 
defined as actions in this study) along with test scores have been published, specifically 
in the field of cognitive ability testing (e.g., studies on complex problem-solving). For 
instance, according to Goldhammer et al. (2014), response times and task correctness 
have a positive relationship when controlled reasoning-related constructs (e.g., com-
puter-based problem-solving) are being measured, in contrast to repetitive and auto-
matic reasoning (e.g., basic reading; Greiff et al., 2018; Scherer et al., 2015). Greiff et al. 
(2018) also argued that the number of interventions employed across the investigation 
stages can be used as a way to gauge the thoroughness of task exploration because they 
indicate in-depth and longer commitments to the complex problem-solving task.

In the sphere of ColPS assessments—related to and not mutually exclusive from the 
domain of complex problem-solving—there is also currently active research on these 
data, particularly in the contexts of assessments that employ the H-H approach. One 
such research topic involves profiling students on the basis of their data to examine the 
behavioral patterns that occur during ColPS. For instance, Hao and Mislevy (2019) found 
four clusters via a hierarchical clustering analysis of communication data. One of their 
results was that participants’ performance level tended to improve (i.e., the scores on 
the questions about the factors related to volcanic eruption) through more negotiations 
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after the team relayed information. Andrews-Todd et al. (2017) also discovered four 
profiles through the analysis of chat logs from applying Andersen/Rasch multivariate 
item response modeling: cooperative, collaborative, fake collaboration, and dominant/
dominant interaction patterns. They reported that the propensities for displaying the 
cooperative and collaborative interaction patterns were positively correlated with the 
performance outcomes (r = .28 and 0.11, ps < 0.05), in contrast to the dominant/domi-
nant interaction pattern, which was negatively correlated with performance outcomes 
(r = − .21, p < .01). However, there was no significant correlation between outcomes and 
the inclination to exhibit the fake collaboration pattern (r = − .02, p = .64). Such results 
cannot be directly applied to assessments that have applied the H-A approach due to the 
differences in interactions.

Compared with studies that have employed the H-H approach, there is still not much 
research that has attempted to identify behavioral patterns on the basis of the process 
data collected in ColPS assessments that have employed the H-A approach. One of the 
few studies is De Boeck and Scalise (2019). They applied structural equation modeling 
to data on United States students’ actions, response times, and performance in each part 
of the PISA 2015 Xandar unit. Consequently, they found a general correlation between 
the number of actions and response times, a finding that suggests that “an impulsive 
and fast trial-and-error style” was not the most successful strategy for this unit (p. 6). 
They also demonstrated specific associations for each part of the unit. For example, per-
formance was related to more actions and more time in Part 4 (i.e., the last part about 
assessing progress), in contrast to Part 1 on understanding the contest, where the associ-
ation between actions and performance was negative (De Boeck & Scalise, 2019; OECD, 
2016). Notably, these findings resonate with earlier studies in other settings employing 
different tools. For instance, despite being implemented in the H-H setting, Chung et al. 
(1999) reported that low-performing teams exchanged more predefined messages than 
high-performing teams during their knowledge mapping tasks. However, De Boeck and 
Scalise (2019) showed the general patterns of their entire sample of students and did 
not delve into the distinctiveness of the patterns, in contrast to the current study, which 
was designed to explore unobserved student groups and their behavioral characteristics 
via LPA. Furthermore, the patterns they identified in their study were associated with 
the performances in each part, thereby making it difficult to determine the relation-
ship between the patterns and the overall level of performance. Their participants were 
also limited to only individuals from the United States. Therefore, there is still a need 
to uncover behavioral patterns on the basis of process data and their relationships with 
overall performance in detail, relying on more diverse populations in more standardized 
settings and by taking advantage of the H-A approach.

Research questions
The objective of this research was to investigate different behavioral profiles of test-tak-
ers by drawing on the two types of process data that are available (i.e., response time and 
the number of actions) collected during the PISA 2015 ColPS assessment, particularly in 
the four parts across the Xandar unit. To achieve the objective, we posed two research 
questions: (a) Which profiles can be identified on the basis of students’ response times 
and the number of actions in the Xandar unit? and (b) How do the profiles differ in 
terms of overall performance?
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Methodology
Participants and sampling

The current study examined the PISA 2015 ColPS assessment participants, specifi-
cally those who (a) took the assessment in English and (b) had the Xandar unit as 
the first cluster because we wanted to control for potential sources of bias (i.e., lan-
guages, item position, and fatigue). Out of the total of 3,065 students belonging to 11 
education systems (i.e., Australia, Canada, Hong Kong, Luxembourg, Macao, New 
Zealand, Singapore, Sweden, the United Arab Emirates, the United Kingdom, and 
the United States)2, 539 outliers were excluded via the robust Mahalanobis distance 
estimation with a 0.01 cutoff for the p-value (see Leys et al., 2018) to avoid the influ-
ence of outliers on the profile solution (Spurk et al., 2020).3 In addition, six inac-
tive students were subsequently excluded (i.e., those who did not exhibit any activi-
ties across the indicators). Hence, the final sample consisted of 2,520 students (see 
Table 1). The student samples were chosen according to the specific two-stage sam-
pling procedures employed by the OECD (De Boeck & Scalise, 2019; OECD, 2009) 
that bring about different probabilities of each student’s participation (Asparouhov, 
2005; Burns et al., 2022; Scherer et al., 2017). Given the OECD’s official guidelines 
and the previous literature related to PISA and LPA (e.g., Burns et al., 2022; OECD, 
2017c; Wilson & Urick, 2022), we included the sampling hierarchy and the sampling 
weights of the students in the analyses (see also the Statistical Analyses section).

Materials and indicators

We employed a total of eight indicators for the analyses: (a) the total response time (i.e., 
one indicator per part for a total of four indicators; the sum of “the time spent on the 
last visit to an item” per part; OECD, 2019) and (b) the total number of actions (i.e., 
one indicator per part for a total of four indicators). For the distal outcome variables, 
we utilized the 10 plausible ColPS values (i.e., PV1CLPS-PV10CLPS), which have “a 
weighted mean of 500 and a weighted standard deviation of 100” (OECD, 2017c, p. 234). 
The plausible values are “multiple imputed proficiency values” given the test-takers’ pat-
terns of responses, which thus include probabilistic components and indicate their pos-
sible level of ability (i.e., a latent construct; Khorramdel et al., 2020, p. 44). To analyze 
the plausible values, we referred to the recommendations made in the official guidelines 
of the OECD (e.g., OECD, 2017c) and the previous literature on large-scale assessments 

2  Note that English-speaking samples from Scotland, Malaysia, and Cyprus were not included in the current study. 
Reviewing the data and information, we confirmed that Scotland is part of the sample of the United Kingdom. Cyprus 
data were not in the PISA international database and had to be requested ad hoc to the Cypriotic authorities. We 
decided not to pursue this avenue because we worried about data quality for process data since the dataset has not 
undergone the same level of scrutiny that is standard for the international database. We were also concerned about 
reproducibility since researchers would not be able to replicate our findings. Lastly, Malaysia was included alongside 
Kazakhstan and Argentina separately from the other countries and with a note in the PISA reports and publications 
because coverage in Malaysia was deemed too small to ensure comparability. Thus, we decided not to include Malay-
sia because response rates problems may mean that the sample is selected and contains bias in like with the OECD 
recommendations.
3  Note that we conducted sensitivity analyses on three data sets that differed in the method applied to exclude outli-
ers. In addition to the robust Mahalanobis distance estimation, we implemented the basic Mahalanobis distance esti-
mation from which 92 outliers were identified (i.e., the final sample had N = 2,967; Leys et al., 2018), and we deleted 
six inactive students without applying any outlier detection procedure (i.e., the final sample had N = 3,059). Compar-
ing the fit indices between the different data sets, the results of the robust Mahalanobis distance estimation showed 
the best indices in Step 1 of the three-step approach. Consequently, in further analytic steps, we decided to use the 
data set from which we excluded the outliers on the basis of the robust estimation.
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(e.g., Asparouhov & Muthén, 2010; Rutkowski et al., 2010; Scherer, 2020; Yamashita et 
al., 2020, see also Statistical Analyses section). All measures included in this study were 
open to the public and can be found in the PISA 2015 repository database (https://www.
oecd.org/pisa/data/2015database/).

Data cleaning and preparation

We used R 4.2.1 to prepare the data (R Core Team, 2022). As shown above, we extracted 
the sample students on the basis of two conditions: (a) whether they took the assessment 
in English and (b) whether they had the Xandar unit as the first cluster of the assess-
ment. We then used Mplus version 8.8 (Muthén & Muthén, 1998–2017) to conduct 
exploratory analyses for all indicators. Given that the variances between the response 
time indicators were too high, the analyses did not converge. Thus, we applied a loga-
rithmic transformation to the response time indicators in order to reduce the variance 
in further steps. Note that the action indicators could not be transformed because one 
student had none (i.e., 0 actions) in Part 4.

Statistical analyses

LPA was used to identify latent profiles of students on the basis of response time and 
action data measured in the Xandar unit (Morin et al., 2011; see the model in Fig. 4). 
LPA, a more person-centered and model-based approach, has many advantages over 
other traditional clustering methods, such as k-means clustering (Magidson & Vermunt, 
2002; Morin et al., 2011). In particular, it classifies individuals into clusters on the basis 
of the estimated probabilities of belonging to specific profiles, where other covariates, 
such as demographics, can also be considered (Magidson & Vermunt, 2002; Pastor et al., 
2007; Spurk et al., 2020). It also specifies alternative models, thereby making it possible 
to compare multiple models on the basis of various fit statistics (Morin et al., 2011).

Table 1 Participants’ characteristics
Descriptive N
Total sample 2,520

Birth year

1999 1,812

2000 573

Missing 135

Gender

Male 1,259

Female 1,261

Country/Economies

Australia 523

Canada 551

Hong Kong (China) 5

Luxembourga 9

Macao (China) 23

New Zealand 152

Singapore 210

Sweden 2

United Arab Emiratesa 200

United Kingdom 507

United States 338
a Countries whose performance was significantly below the OECD average (around 8% of the total); the rest performed 
significantly above the OECD average

https://www.oecd.org/pisa/data/2015database/
https://www.oecd.org/pisa/data/2015database/


Page 10 of 28Han et al. Large-scale Assessments in Education           (2023) 11:35 

Relying on these strengths of LPA, we conducted the statistical analyses with refer-
ence to syntax written by Burns et al. (2022) and Song (2021). We followed the default 
assumption of the traditional LPA that the residual correlations between the indicators 
can be explained only by profile membership (Morin et al., 2011; Vermunt & Magidson, 
2002). There was insufficient empirical and theoretical evidence that it would be accept-
able to relax assumptions related to the relationship between the two types of process 
data from the PISA 2015 ColPS assessment (Collie et al., 2020; Meyer & Morin, 2016; 
Morin et al., 2011). Therefore, we fixed (a) the covariances between the latent profile 
indicators to zero and (b) the variances to equality across profiles (i.e., default options; 
Asparouhov & Muthén, 2015; Muthén & Muthén, 1998–2017).

At the same time, because correlation coefficients greater than 0.50 were found 
between some indicators (see Table  2), we separately relaxed some assumptions (i.e., 
some indicators may be correlated within profiles) and tested them. According to Sinha 
et al. (2021), the cases with correlation coefficients over 0.50 may have an impact on 
modeling and fit statistics, so they should be examined carefully. Thus, we tried to for-
mally check the level of local dependence between the indicators but could get only 
some evidence from the factor loadings due to the constraints of the statistical program. 
Using the evidence we gathered and drawing on Sinha et al. (2021), we separately con-
ducted sensitivity analyses by relaxing the assumption (i.e., allowing local dependence 
between two specific indicators within profiles) or removing one of them. However, not 
all trials terminated well when based on the relaxed assumptions. When removing some 
indicators (e.g., C100Q01T and C100Q02A), the relative model fit statistics improved 
for some trials, but the overall profile membership did not change substantially. There-
fore, we decided to stick with the current model with all the indicators and the most 
conservative assumptions.

In this study, we inspected several models with one to 10 latent profiles, particularly 
employing the standard three-step approach, in line with best practices (Asparouhov & 
Muthén, 2014; Bakk & Vermunt, 2016; Dziak et al., 2016; Nylund-Gibson & Choi, 2018; 
Nylund-Gibson et al., 2019; Wang & Wang, 2019).4 According to the approach, (a) an 
unconditional LPA model is first specified on the basis of the indicator variables. Then, 
(b) the measurement errors and the most likely class variable of the latent profile C are 
allocated to the model. Finally, (c) the relationship between profile membership and the 
distal outcomes is estimated (Dziak et al., 2016). Specifically for Step 3, 10 data sets (i.e., 
each of which contains one of the 10 sets of plausible values, leaving the other variables 
the same) were prepared to utilize the PISA plausible values in Mplus (Asparouhov & 

4  Note that we also tried the BCH approach (see Asparouhov & Muthén, 2021; Bakk & Vermunt, 2016), a more 
advanced method, but it failed with errors in Step 3. Accordingly, we stuck to the three-step approach. For a compre-
hensive discussion of the BCH and the three-step approaches, see Nylund-Gibson et al. (2019).

Fig. 4 Full LPA model in this research. Note. C denotes the categorical latent variable describing the latent profiles
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Muthén, 2010; Yamashita et al., 2020). In this way, 10 analyses with each plausible value 
were conducted, and the final estimations were derived according to Rubin’s (1987) rules 
(Baraldi & Enders, 2013; Burns et al., 2022; Muthén & Muthén, 1998–2017; Rohatgi & 
Scherer, 2020; Mplus Type = IMPUTATION option).

Given the sampling design of PISA described earlier, we applied the final student 
weights (i.e., W_FSTUWT; Mplus WEIGHT option) and the hierarchical sampling 
structure (i.e., selecting schools first; cluster = CNTSCHID) to the models (Mplus 
Type = COMPLEX MIXTURE option). As can be seen from the kurtosis and skewness 
values in Table 2, the raw data were not normally distributed. Therefore, maximum like-
lihood estimation with robust standard errors (MLR) was used to address the nonnor-
mality and the possibility of nonindependence in the data (Spurk et al., 2020; Teig et 
al., 2020). Out of 2,520 students in the sample, four did not fully respond to the test 
unit (i.e., missing rates = 0.1%; 20 observations/20,160 records of all eight indicators). 
Despite their small numbers, these missing data were handled with the full information 
maximum likelihood estimation (i.e., the default in Mplus; Collie et al., 2020; Rohatgi & 
Scherer, 2020). Following the recommendations in earlier studies (e.g., Berlin et al., 2014; 
Nylund-Gibson & Choi, 2018; Spurk et al., 2020), we also used multiple starting values 
to avoid local solution problems. Thus, the models were estimated with at least 5,000 
random start values, and the best 500 were retained for the final optimization (Geiser, 
2012; Meyer & Morin, 2016; Morin et al., 2011). We report the results from the models 
that “converged on a replicated solution” (Morin et al., 2011, p. 65).

Model evaluation and selection

We examined multiple criteria and referred to the prior literature to evaluate the candi-
date models and select the best profile solution. First, we checked whether an error mes-
sage occurred (Berlin et al., 2014; Spurk et al., 2020). Second, we compared the relative 
information criteria, such as the Bayesian Information Criterion (BIC), across the can-
didate models. The lowest values of the relative information criteria suggest the best fit-
ting model (Berlin et al., 2014; Morin et al., 2011; Spurk et al., 2020). Third, we reviewed 
the level of entropy and average posterior classification probabilities of the models, both 
of which can represent the confidence level of the classification. If the values for a spe-
cific model are closer to 1, its classification accuracy is greater (Berlin et al., 2014; Morin 
et al., 2011). Fourth, we considered profile sizes. According to Berlin et al. (2014) and 
Spurk et al. (2020), the profile should be retained if the additional profile consists of (a) 
greater than or equal to 1% of the total sample or (b) greater than or equal to 25 cases. 
Fifth, we examined whether a “salsa effect” existed (i.e., “the coercion of [profiles] to fit 
a population that may not have been latent [profiles]”; Sinha et al., 2021, p. 26). In other 
words, the effect suggests that the differences in indicators between profiles are shown 
merely as parallel lines (Sinha et al., 2021). Thus, it indicates unreliable results of the 
profile analysis. Finally, we validated our identification by testing mean differences in the 
overall performance across the profile groups, which provided the answers to the second 
research question (Sinha et al., 2021; Spurk et al., 2020). We further tested mean differ-
ences in each indicator across the profile groups using the Wald test (Burns et al., 2022).

Due to limitations of the statistical program, we could not implement the boot-
strapped likelihood ratio test (i.e., BLRT) to determine the number of profiles. Moreover, 
the results from the other alternative tests (e.g., the Lo-Mendell-Rubin test) were not 
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statistically significant, which might be unreliable because our raw data deviated from 
the default assumption of normality (Guerra-Peña & Steinley, 2016; Spurk et al., 2020). 
Indeed, such tests for large-scale complex data, as in the current research, have yet to be 
thoroughly scrutinized (Scherer et al., 2017).

Results
Descriptive statistics and correlations for the behavioral indicators: response times and the 

number of actions

Prior to identifying the profiles, we checked the descriptive statistics for the indicators, 
as presented in Table  2. The correlations between the indicators were low to moder-
ate in size overall (Guilford, 1942). Specifically, we found high correlations between the 
response times in Parts 1 and 2 (r = .63, p < .01) and between the number of actions in 
Parts 2 and 4 (r = .55, p < .01).

The number of profiles based on the behavioral indicators and their descriptions

The number of latent profiles based on the behavioral indicators

Table 3 shows the model fit statistics across the models with one to 10 profiles specified 
in this study. As described in the Model Evaluation and Selection section, we evaluated 
the models on the basis of multiple criteria. First, we did not find any error messages 
across the 10 models. Second, the log-likelihood values and the relative information cri-
teria (i.e., AIC, BIC, SABIC, CAIC) kept descending with the increase in the number of 
profiles. The decline in the information criteria can imply the existence of diverse sub-
groups in the sample in terms of behavioral patterns but can also be natural as the mod-
els become more complex (Scherer et al., 2017; Yi & Lee, 2017). Following Morin and 
Marsh’s (2015) advice to find the best solution, we drew an elbow plot that illustrates 
the changes in the information criteria with the number of profiles (see Fig. 5). How-
ever, unfortunately, it was not easy to identify the flattened point in our case (i.e., the 
information criteria kept decreasing without the definite point). Third, when relying on 
a cutoff of 0.80 for entropy, all the models seemed to indicate better fits. Likewise, the 
average classification probabilities generally showed a satisfactory level of distinctiveness 
(i.e., over 0.90; Spurk et al., 2020). Next, we considered each model’s profile size, which 
was the most influential criterion in the end. Using the rule of thumb (Berlin et al., 2014; 
Spurk et al., 2020), we excluded the models that had a profile that accounted for less 
than 1% of the sample size or fewer than 25 cases. Then, only the two-profile solution 
remained. As depicted in Fig. 6, there was no salsa effect between the two profiles. As 
a result of validation from the Wald tests, the differences in most indicators (i.e., except 
for the response time indicator in Part 4) and the overall performance between the two 
profiles were statistically significant (see Table 4). Therefore, the two-profile solution was 
retained, even though it showed one major proportion (95%) and one small one (5%). 
The two profiles offered qualitatively contrasting interpretations, which will be discussed 
later.

The descriptions of the profiles and the differences in the indicators

As mentioned earlier, we extracted two profiles: one large-sized group (N = 2,395, 95%) 
and one contrasting one (N = 125, 5%). All in all, the latter group of students (N = 125, 5%) 
exhibited more actions and longer response times, except for the response times in Part 
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4 (see Figs. 6 and 7). To paraphrase, the first group of students (N = 2,395, 95%) spent 
more time in Part 4 than the other, although the differences were nonsignificant (p = .51). 
Interestingly, compared with other indicators for response times and actions, there were 
fewer disparities between the groups in Part 4 (∆Mresponse time_inverse log = 3005.70; ∆Mactions 
= 1.47; S.E. = 0.17 and 0.26; ns and p < .01, respectively). Conversely, Part 1 was the stage 
in which the most distinctive behavioral patterns emerged between the two groups 
(∆Mresponse time_inverse log = 58466.45; ∆Mactions = 21.54, S.E. = 0.08 and 3.37; ps < 0.01). To 
compare the two groups, we labeled them Profile 1 (95%) and Profile 2 (5%). We specifi-
cally took the inverse of the natural log transformation of response times to distinguish 
the two groups better and report the results in this subsection (see Table 4).

To elaborate on the differences between the two profiles in detail, for actions, we found 
distinct gaps in Part 1 (∆M = 21.54; S.E. = 3.37; p < .01; Mprofile 1 = 13.41; Mprofile 2 = 34.96) 
and Part 3 (∆M = 12.23, S.E = 2.21; p < .01; Mprofile 1 = 15.89; Mprofile 2 = 28.12). For response 
times, we also found the largest gap in Part 1 (∆M = 58466.45; S.E. = 0.08; p < .01; Mprofile 

1 = 131006.21; Mprofile 2 = 189472.66). However, the second largest gap was found in Part 
2 (∆M = 27454.92; S.E = 0.14; p < .05; Mprofile 1 = 74981.75; Mprofile 2 = 102436.67). Notably, 
the general trends of time spent and the gap between the two profiles kept diminishing, 
in contrast to the irregular patterns of action data shown across the four parts.

The differences in the distal outcome between the profiles

As reported earlier, there were significant differences in the distal outcome denoted by 
the 10 plausible values, the overall performance of ColPS (see Table 4). More precisely, 
Profile 1 showed better performance on average than Profile 2. The mean performance 
gap between the two profiles was 129.41 (S.E. = 21.66; p < .01; Mprofile 1 = 519.11; Mprofile 

2 = 389.70). Overall, the findings suggest that the participants of the PISA 2015 ColPS 
assessment (a) who took the assessment in English and (b) who had the Xandar unit 
as the first cluster could be divided into two distinct profiles (RQ1). Additionally, their 
ColPS performance was also partly related to their profile membership and its differen-
tiation (RQ2). Profile 1 accounted for 95% of the total and could usually be characterized 
by better performance with fewer actions and shorter response times. By contrast, the 
second latent profile (i.e., 5% of the total) generally displayed more actions and longer 
response times with lower performance.

Discussion
The objective of this study was to identify students’ behavioral patterns and the relation-
ships between these patterns and the overall ColPS outcomes. To attain this objective, 
we based the LPA on two aspects of behavioral process data collected from the PISA 
2015 ColPS assessment participants: (a) response time and (b) the number of actions. 
To our knowledge, this study is one of the first investigations into how process data from 
the PISA 2015 ColPS assessment can be used to identify test-takers’ profiles, which were 
collected via a computer-based environment with the H-A approach (cf. De Boeck & 
Scalise, 2019). Therefore, this study extends current research by offering information 
about students’ ColPS processes, in addition to the assessment results.
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The profiles of students’ response times and actions during ColPS (RQ1)

Through the LPA, we found evidence for two distinct profiles. The Profile 1 group 
accounted for most of our sample (95%). Such disproportionate results could be due 
to the limitations of the tasks the students engaged in or the students’ characteristics 
(i.e., they had similar proficiency levels), which should be investigated further and will 
be elaborated on later (see the Limitations and Future Directions section). Neverthe-
less, the differences in most indicators were significant (except for the response times in 
Part 4). The information about the profiles suggests that the students’ different behav-
iors and approaches to engaging in ColPS with the agents were associated with students’ 

Fig. 6 Profile plot for a two-profile model with estimated mean from the indicators. Note. T represents the re-
sponse time (with natural log transformation); A indicates the number of actions; each number following T or A 
means the order of the part (e.g., A2 = the number of actions in Part 2)

 

Fig. 5 Elbow plot of the akaike information criteria (AIC), bayesian information criteria (BIC), sample-size-adjusted 
bayesian information criteria (SABIC), and consistent akaike information criteria (CAIC)

 



Page 17 of 28Han et al. Large-scale Assessments in Education           (2023) 11:35 

performance levels and can be referenced for future research, assessments, and inter-
ventions on ColPS.

With respect to the actions, the students from Profile 2 displayed more actions than 
the others, and we specifically found considerable divergences between the two pro-
files in Part 1. As explained earlier, in Part 1, participants establish common strategies 
for ColPS and familiarize themselves with the assessment unit (De Boeck & Scalise, 
2019). In this situation, students explore and co-elaborate on the problem space with 
the agents, thereby obtaining a better understanding (Pöysä-Tarhonen et al., 2022). 

Table 4 Mean differences in indicators and overall performance between profiles
Category Variable Profile 1 Profile 2 Differences
Time
(inverse log values 
for T variables)

T1 11.78
(131006.21)

12.15
(189472.66)

-0.37**
(-58466.45)

T2 11.23
(74981.75)

11.54
(102436.67)

-0.31*
(-27454.92)

T3 11.18
(71825.87)

11.38
(87816.09)

-0.20**
(-15990.22)

T4 10.25
(28367.52)

10.14
(25361.82)

0.11
(3005.70)

Action A1 13.41 34.96 -21.54**

A2 8.29 16.26 -7.97**

A3 15.89 28.12 -12.23**

A4 5.11 6.58 -1.47**

Performance PVCLPS 519.11 389.70 129.41**
Note. T denotes the response time. The values in parentheses represent the inverse log values, in contrast to the natural 
log-transformed values. A indicates the number of actions; each number following T or A means the order of the part 
(e.g., T2 = the response time in Part 2); PVCLPS is the overall performance in the collaborative problem-solving assessment

*p < .05. **p < .01

Fig. 7 Profile Plot for a Two-Profile Model With Estimated Mean From the Indicators of Response Time (With In-
verse Log Transformation). Note. T represents the response time (with inverse log transformation); each number 
following T denotes the order of the part (e.g., T2 = the response time in Part 2)
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These processes are the “essence of collaboration” (Van den Bossche et al., 2011, p. 284) 
because the shared understanding and representations will act as a steppingstone for 
coordinating the diverse perspectives within a team (Fiore & Schooler, 2004; Van den 
Bossche et al., 2011). Our results suggest that the students in Profile 1 established the 
common presentation as a team and figured out how best to achieve the goal efficiently 
in Part 1, whereas the students in Profile 2 failed to do so, leading to more unnecessary 
actions and more time to respond. The reasons they needed to explore the problems 
repeatedly and for a relatively long time may be related to a single team mental model or 
to the mixture of models (i.e., the equipment, task, team interaction, and team models; 
Cannon-Bowers et al., 1993). However, it is not easy to conclude which mental models 
and the extent of their (dis)similarities are related to the different behavioral patterns 
identified in this context.

Given the limited time of the assessment, if students fail Part 1 in an unstructured way 
(i.e., as the Profile 2 group’s patterns indicated), their subsequent processes were likely 
to be hampered, which could be seen in the conspicuous differences in their actions 
in Part 3. In Part 3, students respond to the questions assigned to them (i.e., about the 
geography of Xandar) and the uncooperative actions of the agents. As demonstrated, 
the two profiles’ actions showed the second largest disparities in this part. The students 
in Profile 2 displayed almost two times as many actions as the other profile. This result 
indicates that the Profile 2 students implemented “an impulsive and fast trial-and-error” 
approach, in line with what De Boeck and Scalise (2019) reported.

There are several possible explanations for such results in Part 3. First, as noted ear-
lier, the results could be due to a failure to build a shared understanding and reach an 
agreement in previous parts. In other words, because of the (even partially) inaccurate 
team mental models, the students with Profile 2 could engage in many actions to catch 
up with the ColPS process and redress the gaps in their mental models. For instance, it 
is possible that they had a shared understanding with the computer agents about the 
given tasks but were not on the same page about how to tackle them (e.g., assigned roles 
and responsibilities; Fiore & Schooler, 2004; Mulder, 1999; Van den Bossche et al., 2011). 
Unless they disengaged during the tasks, they were likely to click multiple times in an 
attempt to quickly figure out how to proceed. In this case (e.g., when “team members’ 
understanding of task priorities is shared, but misguided”; Lim & Klein, 2006, p. 406), 
ColPS processes could be ineffective, as shown by a substantive number of actions in 
our results. Chung et al.’s (1999) findings resonate with this explanation. They found that 
low-performing teams exchanged more-defined messages during their knowledge map-
ping task, which suggests that the low-performing teams might not have benefitted from 
the discussions, notwithstanding many exchanges. However, our results are inconsistent 
with Jeong and Chi (2007), who reported that more interactions were responsible for 
common knowledge construction. These mixed results might be induced by differences, 
for example, in tasks and settings (i.e., collaborative text comprehension in the H-H set-
ting with free conversation). For example, disparate problem tasks may require different 
thresholds and upper limits of efficient interactions (i.e., actions) to accurately construct 
team mental models, set effective boundaries between their homogeneities and het-
erogeneities, and share them completely. These agendas should be delved into more in 
future studies.
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Related to the above but slightly different, the students from Profile 2 might have suc-
ceeded in establishing the shared understanding but might not have capitalized on it. 
In other words, they might have failed to maintain the pre-established mental models 
until Part 3, one reason for which they did not deliberate on them or come to a complete 
agreement but did not want to reveal their misunderstanding. Accordingly, they might 
have adopted the quick trial-and-error approach in this part. As pointed out by Jeong 
and Chi (2007), what was shared within the team does not necessarily correspond to 
what team members agreed on. Thus, more research is needed to examine whether the 
mental models were (in)accurately kept and fully agreed upon and influenced the iden-
tified disparities in actions, via measurements at multiple points (Kozlowski & Chao, 
2012).

Nevertheless, regardless of whether the students established and maintained a shared 
understanding, the students in Profile 2 might not have familiarized themselves with the 
assessment environment sufficiently before moving on to Part 3. For instance, they might 
have been less familiar with the computer-based assessment environment due to hav-
ing inadequate information and communication technologies (ICT) literacy and might 
consequently have engaged in a large number of actions. As we did not include any 
covariates in the model in the current research, further analysis should be conducted, 
including potential factors of influence and their interactions and applying an intersec-
tional perspective to judge the validity of this interpretation.

On the one hand, our results imply that the students with Profile 2 might have been 
engaged across the entire assessment, given the remarkable number of actions. The 
number can be understood as the level of engagement with the tasks, as Greiff et al. 
(2018) suggested. In the study of a computer-based complex problem-solving assess-
ment, they proposed that the number of actions could indicate “deeper and longer 
engagement with the tasks” (p. 251). However, one difference between their study and 
the current one is the thoroughness of the explorations, which might be ascribed to the 
differences in the assessment tool and the construct of interest. As mentioned above, in 
the context of the Xandar unit, too many exploration steps suggest a shallowness of the 
exploration, that is, a failure to establish, agree upon, or maintain a shared understand-
ing. Nevertheless, as noted earlier, the extent to which an appropriate number of actions 
is important for being a good collaborator in this task should be investigated further. 
Triangulating the number of actions with other data (e.g., physiological metrics, think-
aloud data, or survey results) will be one way to determine the thresholds and upper lim-
its of efficient actions as well as students’ levels of engagement during this unit.

Turning to time-related aspects, the students with Profile 2 took more time across the 
assessment than the other group, except for Part 4. However, the overall trend for the 
time spent on the tasks kept decreasing for both profiles. This trend could indicate the 
levels of students’ engagement. In other words, the participants of both profiles might 
have shown more rapid guesses (i.e., “response occurring faster than an item’s thresh-
old”) in the later part of the 30-min ColPS assessment, which should be further exam-
ined (Wise et al., 2009, p.187; see also OECD, 2023). Notably, the gap in the response 
times between the two profiles also kept declining. These results suggest that both pro-
files might have become accustomed to the assessment environment, tasks, and collab-
oration processes as time went by. This waning pattern is in contrast to the irregular 
trend in the action data. It is more interesting to see the patterns when considering the 
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numbers of items and their levels of difficulty in each part. For instance, comparing Parts 
3 and 4, each of which consists of two items, it would be natural to spend more time in 
Part 3 because Part 3 has the item with the highest difficulty (i.e., 992 in Part 3).

Of the patterns we identified, we found the most noticeable disparities in response 
times between the two profiles in Part 1— and likewise for the actions. Given the item 
difficulty in this part (i.e., from 314 to 524; see Fig. 1), it would be interesting to figure out 
why the considerable differences in response times emerged here. One possible explana-
tion is that it was the stage in which students are supposed to explore and co-elaborate 
on the given tasks without any pre-existing procedures or strategies, as mentioned ear-
lier (Pöysä-Tarhonen et al., 2022). Particularly, in this part, students should lead the way 
by proposing a strategy for assigning responsibilities (i.e., Item 4; OECD, 2016), which 
could allow some of them to ponder how to do it. In addition, students should be getting 
used to the assessment environment in Part 1 (De Boeck & Scalise, 2019). Accordingly, 
students are more likely to exhibit differences in the time they spend in Part 1, depend-
ing on their proficiency in establishing a shared understanding and adapting themselves 
to the assessment.

Another interesting point to mention is with respect to Part 2, where we observed 
another significant difference in response times between the two profiles. As in Part 1, 
students continued to establish what the team models had in common, particularly on 
the roles and responsibilities of team members, factoring in their expertise and skills. 
Thus, for the same reason as above, it was very likely that differences in response times 
would be exhibited between the two profiles here. Specifically, the differences could be 
related to the conflict that arises between the agents at the beginning of this part (i.e., 
Item 6 with the difficulty of 598; OECD, 2016). This conflict requires students to seek 
members’ perspectives and negotiate solutions (OECD, 2016), but it might not be easy 
for students in Profile 2, which thus makes them expend a great deal of time clicking 
on incorrect messages (i.e., they engage in a large number of actions) or contemplat-
ing. However, the effect of this item on the response times should be scrutinized in the 
future. Unfortunately, the current form of the PISA 2015 ColPS assessment does not 
provide public information about process data at the item level.

To capitulate briefly, the identified profiles are different in the behavioral patterns of 
the action and time data collected for each part of the assessment. However, we could 
not provide unequivocal conclusions due to the limited amount of information. As 
Goldhammer et al. (2021) highlighted, there is a need for more science-backed and con-
textual evidence and information in order to provide definite explanations.

Differences in performance between the extracted profiles (RQ2)

In the current research, we found a significant relationship between profile member-
ship and overall performance in the PISA 2015 ColPS assessment. There were signifi-
cant mean differences in achievement between the two profiles. That is, Profile 1 (95%) 
outperformed the other. From a measurement standpoint, such results show that, based 
on the sample from the Xandar unit of PISA 2015, the identified behavioral patterns and 
the two types of process data can be utilized to identify students’ ColPS proficiencies to 
some extent. As described earlier, the part that differentiated the most between the pro-
files was Part 1. Given the general guidelines on how to assign the target weights to the 
target skills of the PISA 2015 ColPS framework (see Fig. 1; OECD, 2017a), higher weights 
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were allocated to the items in Part 1. Thus, it can be concluded that the behavioral pat-
terns in Part 1 were what best determined the differences in performance between the 
profiles. Put differently, a structured approach leads to better performance than the trial-
and-error approach in Part 1 of the Xandar unit, a finding that is consistent with De 
Boeck and Scalise (2019).

Conversely, there is a slight inconsistency between De Boeck and Scalise (2019) and 
our study, particularly regarding Part 4, where monitoring and reflecting processes were 
involved. They found significant positive relationships between the actions, response 
times, and performance in Part 4. In contrast to them, we found that (a) Profile 1 (i.e., 
the high-performing group) engaged in fewer actions than Profile 2 (i.e., the low-per-
forming group) in this part. Additionally, (b) the differences in the time devoted here 
were not statistically significantly different, although the students in Profile 1 expended 
more time here than Profile 2 did. These disparities may have multiple reasons. First, we 
extended the sample of students (i.e., students with diverse nationalities, including the 
United States) compared with De Boeck and Scalise’s study. Thus, the unknown differ-
ences in students’ characteristics, such as personalities, working styles, dispositions on 
ColPS, ICT skills, or cultural values, may have influenced the observed behavioral pat-
terns and led to differences between the studies. Given the purpose and content of the 
part, their findings and interpretation seem reasonable. However, provided that the ear-
lier stages are well-implemented, that is, team mental models are well-established and 
shared, the processes for monitoring and reflecting may be done with fewer actions in 
an organized way. It can be assumed that the participants in our sample show this point 
more clearly than in De Boeck and Scalise’s study.

From a construct and training perspective, our findings spotlight the importance of the 
subcompetency of ColPS called Establishing and maintaining a shared understanding. 
Our findings are consistent with points that have already been emphasized in numerous 
previous studies (e.g., Andrews-Todd et al., 2017; Van den Bossche et al., 2011). Over-
all and specifically for such a competency, we found that the organized approach used 
by the students in Profile 1 was associated with better performance than the other pro-
file’s approach, which involved trial and error. Although the relationship between the 
observed behavioral patterns and overall performance cannot be generalized because 
our sample was limited and we analyzed only a single task unit, our findings can be used 
as a reference for training students in ColPS. For instance, when designing instruction 
in ColPS, enough time and facilitating tools should be provided to establish a shared 
understanding, such as visual support or meta-cognitive questions, particularly in the 
early stage of ColPS (Dindar et al., 2022; Gergle et al., 2013; Newton et al., 2018). Fur-
thermore, given that ColPS processes can be iterative in reality, it is recommended that 
students revisit the established common understanding and recognize any gaps in their 
understanding if problems occur in the middle of ColPS (e.g., “What might your team-
mate know that you need to know?”, see the guiding questions in Table 2 in Newton et 
al., 2018, p. 47). In addition, since the findings can be related to the level of students’ 
engagement, it will be worthwhile considering ample scaffolding for the later parts of 
ColPS and effective assessment design (OECD, 2023; Wise et al., 2009). If more diverse 
types of ColPS tasks, process data, participants, and their backgrounds can be investi-
gated in the future, more practical guidelines can be established (Greiff & Borgonovi, 
2022).
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Limitations and future directions

There are several limitations in this exploratory study. First, the results should be con-
sidered to reflect the socioeconomic and cultural contexts of the populations included 
in the study and should not be assumed to generalize beyond them. In particular, most 
of the countries in the sample were fairly high-achieving, with students obtaining better 
scores than the international average (see Table 1). We tried to control for the potential 
effects of languages and selected the participants who took the assessment in English, 
thereby analyzing a limited range of proficiency levels. A different set of profiles might 
be identified if such a study is conducted on a different sample of countries with diverse 
social contexts (e.g., cultural values or the perceptions of the test) because the social and 
economic contexts individuals experience might affect respondents’ behavioral patterns 
(e.g., differences in cognitive processes or test-taking motivation and preferences for 
specific tactics; Borgonovi & Biecek, 2016; He et al., 2021; Xu et al., 2021). Indeed, there 
is evidence that the students from Hong Kong show different response processes, for 
instance, in Item 11 of the Xandar unit (see Annex G in OECD, 2017c). Future research 
could investigate behavioral profiles using a more diverse set of countries and student 
populations that differ in cultural or ethnic backgrounds and could compare the (dis)
similarities between the extracted profiles across diverse backgrounds based on the 
item-level information (e.g., Morin et al., 2016).

Second, we did not include covariates that may be associated with the profiles, and 
we conducted a single-level LPA. On the basis of the previous literature, it will be possi-
ble to get ideas for potential predictors of profile membership, such as gender, students’ 
ICT skills, self-perceived collaboration, and teamwork dispositions (Scalise et al., 2016) 
or school-level variables, including schools’ socioeconomic status (Tang et al., 2021). 
As noted earlier, the variables related to the different cultural backgrounds can also be 
included as covariates. Thus, it could be possible to include the potential covariates and 
examine their effects on profile membership in future analyses, thereby ensuring valid 
interpretations of the results (e.g., the effects of students’ ICT use and socioeconomic 
backgrounds; Borgonovi & Pokropek, 2021; Maddox, 2023). Furthermore, multilevel 
LPAs can be implemented to derive more definitive explanations, such as the use of 
school-level variables (e.g., Collie et al., 2020).

Third, from a statistical standpoint, more investigations of large-scale assessment data 
sets need to be conducted with LPA. As mentioned earlier, we encountered some prob-
lems, potentially due to the non-normality of the indicators and the complex structure of 
the data set. Although we took steps to mitigate the degree of non-normality (i.e., adopt-
ing the MLR estimator and the log transformation of some indicators), the high level 
of non-normality might influence the analytical procedures and findings. Furthermore, 
because we had to account for the nested structure of the samples, we could not apply 
a widely used statistical test (i.e., the BLRT test) to determine the number of profiles, 
but this avenue should be examined more in the future (Scherer et al., 2017). The local 
independence between the response time and action data from the PISA 2015 ColPS 
assessment should also be scrutinized further, as local independence is an underlying 
assumption for LPA. However, because there is little research on the topic of such indi-
cators, we had to rely on the levels of correlation coefficients and conduct sensitivity 
analyses. Therefore, further analyses based on more scientific and statistically stricter 
verifications are needed in the future.
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Fourth, the behavioral indicators used in this study are tailored to one specific assess-
ment unit that was based on the H-A approach in a computer-based assessment. As we 
relied on only one test unit, which partially covered the 12 skills and utilized computer 
agents, it is impossible to generalize our results. The specific assessment setting (i.e., 
exchanging predefined messages with computer agents about a certain problem-solving 
scenario) might not elicit behaviors that are as varied or as free-flowing as the behav-
iors that would occur in real ColPS situations. Furthermore, nonidentical types of col-
laboration can achieve different purposes, which may consequently lead to heterogenous 
behavioral patterns (Graesser et al., 2018; Han et al., 2021; Kapur, 2011). According to 
the OECD (2017a, p. 23), there might be other units in PISA 2015 involving different 
tasks (e.g., “group decision-making” or “group-production tasks”). Therefore, further 
investigations should be conducted on the data from the other test units, and the find-
ings should be compared with other ColPS studies to validate the current and previous 
findings. For instance, we can gain more insights into the levels of students’ engage-
ment by implementing another LPA on the next test unit and comparing the number of 
actions in the first part.

Lastly, the indicators used in this study indicate the total number of actions and the 
total response times in each of the various parts of the assessment (i.e., not on the item 
level) and are only two types of data, whose use and interpretation needs to be validated 
further (Zumbo et al., 2023). That is, we were able to utilize only the total number of 
actions and the response times for each part due to the constraints of the available data. 
We do not even know the contents of actions, which could be mistakes, help-seeking 
behaviors, or task-related behaviors. Likewise, what occurred during the time partici-
pants took to respond is unknown. Furthermore, the response time indicators in this 
study were calculated when students worked on an item for the last time. Thus, it 
might not always correspond to the total time spent on an item, such as when students 
moved back and forth across the items (OECD, 2019). If more information (e.g., at the 
item level) is provided and utilized, response sequences within/across test units can be 
investigated to better understand the behavioral patterns (e.g., Han & Wilson, 2022; He 
et al., 2021; He et al., 2022). It may also be possible to examine the specific number of 
thresholds and upper limits for effective behavioral patterns with respect to the shared 
mental models and the extent of their similarities and dissimilarities. Triangulations 
based on more diverse types of process data can also be considered by using additional 
apparati (e.g., eye movements, Maddox et al., 2018; chats, Shaffer et al., 2016) to val-
idate the results (and the utilized process data) and to gain a better understanding of 
the behaviors (Maddox, 2023; Zumbo et al., 2023). Such research should be grounded in 
theoretical and analytical considerations of process data—including the validity, fairness, 
and reliability of their use, the given assessment settings, purposes, and participants—
established in the design and development stage of the assessment (He et al., 2021, 2022; 
Maddox, 2023; Zumbo et al., 2023).

Conclusion
We conducted an LPA to shed light on students’ ColPS behavioral patterns, based on 
two types of process data (i.e., response times and the number of actions) measured in 
the PISA 2015 ColPS assessment, specifically for those who (a) took the assessment in 
English and (b) had the Xandar unit as the first cluster (N = 2,520). The results confirmed 
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the presence of two distinguishable groups of students (i.e., Profile 1 [95%] vs. Profile 
2 [5%]) with different behavioral patterns. We further confirmed that the disparities in 
behaviors were statistically significantly related to students’ overall ColPS performance. 
Thus, more organized and goal-driven behaviors (i.e., less time and actions) were associ-
ated with better performance than the trial-and-error-based approach (i.e., more time 
and actions) across the Xandar unit of PISA 2015. Whereas there is a need for further 
research that is aligned with diverse populations and types of process data, different 
tasks and covariates, and more contextual information for validation and triangulation, 
these exploratory findings provide initial insights into successful ColPS, extend the rel-
evant extant literature, and hence serve researchers, policymakers, and practitioners.
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