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Abstract

Understanding how individuals collaborate with others is a complex undertaking, because
collaborative problem-solving (CPS) is an interactive and dynamic process. We attempt
to identify distinct collaborative problem-solver profiles of Chinese 15-year-old students
on a computer-based CPS task using process data from the 2015 Program for Interna-
tional Student Assessment (PISA, N=1,677), and further to examine how these profiles
may relate to student demographics (i.e., gender, socioeconomic status) and motivational
characteristics (i.e., achieving motivation, attitudes toward collaboration), as well as CPS
performance. The process indicators we used include time-on-task, actions-on-task, and
three specific CPS process skills (i.e., establish and maintain shared understanding, take
appropriate action to solve the problem, establish and maintain team organization). The
results of latent profile analysis indicate four collaborative problem-solver profiles: Disen-
gaged, Struggling, Adaptive, and Excellent. Gender, socioeconomic status, attitudes toward
collaboration and CPS performance are shown to be significantly associated with profile
membership, yet achieving motivation was not a significant predictor. These findings may
contribute to better understanding of the way students interact with computer-based CPS
tasks and inform educators of individualized and adaptive instructions to support student
collaborative problem-solving.
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Introduction

Collaborative problem-solving (CPS), as one of the most prominent competencies in the
twenty-first century, has received widespread attention in recent years (Dindar et al., 2020;
Gao et al., 2022; Herborn et al., 2020). Many recent calls for education reform have called
for fostering CPS skills among students and transforming schools into CPS support organi-
zations or communities. For instance, the US Center for Research on Evaluation and Stu-
dent Testing (CRESST) identified interpersonal and teamwork skills and problem-solving
as crucial workforce skills (Care et al., 2016). The National Assessment Center for Edu-
cation Quality (NAEQ) in China proposed a framework for students’ twenty-first century
core competencies specifying that collaboration is one of the important skills and advocat-
ing that schools should devote themselves to creating a supportive learning environment
(Ma & Corter, 2019). In addition, there is also an increasing amount of educational and
psychological research dealing with a variety of CPS-related topics, such as the construc-
tion of CPS framework (e.g., Cukurova et al., 2018), the examination of the effectiveness
of CPS as a pedagogical approach (e.g., Rosen et al., 2020), the formative assessment of
CPS skills (e.g., Stoeffler et al., 2020), and the exploration of potential factors that may
facilitate or impede CPS outcomes (e.g., Tang et al., 2021).

Despite the demonstrated abundance of research on CPS in the literature, several issues
or challenges exist in evaluating and interpreting these prior results. First, typical methods
used to explore CPS include questionnaires, self-ratings or peer ratings, situational judge-
ment tests, and coding and counting approaches (e.g., Gu & Cai, 2019; Sun et al., 2020;
Ferguson-Patrick, 2020). These methods can yield limited information, as they lack con-
sideration for the actual CPS processes (von Davier, 2017). The rapid development of com-
puter technologies in recent years creates new possibilities for exploring CPS processes; for
instance, the Program for International Student Assessment (PISA) launched a computer-
based CPS assessment in 2015, in which students’ interactions with teammates (computer
agents) are recorded with time stamps. The process data generated in the CPS assessment
contains rich information of individual CPS behaviors. Key features extracted from indi-
viduals’ collaborative processes can be used to predict individuals’ potential competency
and analyze the reasons behind their performance differences (Andrews-Todd & Forsyth,
2020; von Davier, 2017). In this regard, more empirical studies concerning CPS processes
are needed (Du et al., 2022).

Second, most prior empirical studies on CPS have been conducted using variable-
centered approaches (e.g., linear regression, structural equation models), exploring the
potential factors of CPS for the overall sample (Ma, 2021). These variable-centered studies
might ignore important differences among subgroups of the overall sample. On one hand,
this may cause inconsistent results across prior studies (Ma, 2022). On the other hand,
practical implications or interventions aimed at improving individual CPS skills may be
limited, as they tend to treat individuals in the same way. It would be desirable to consider
person-centered approaches (e.g., cluster analysis, latent profile analysis) to identify sub-
group differences in individual CPS behaviors and accordingly develop individualized and
adaptive strategies.

Finally, many prior studies related to CPS have been conducted in Western cultures, such
as in the USA (e.g., Avry et al., 2020), Sweden (e.g., Schindler & Bakker, 2020) and Ger-
many (e.g., Stadler et al., 2019). Increasing global interest in promoting CPS skills makes it
important to investigate CPS for non-Western students. It also seems important to explore
whether the results from prior CPS studies conducted in Western countries generalize
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beyond Western cultures. China would seem to be a promising testing venue, as a typi-
cal Eastern country in which a collective culture is predominant, and where the historical
emphasis on rote knowledge acquisition in school education makes it urgent to provide evi-
dence-based advice on supporting and fostering student CPS skills (Ma & Corter, 2019).

To address the above questions, the present study was designed to utilize a person-cen-
tered approach (i.e., latent profile analysis) to investigate unique collaborative problem-
solver profiles of 15-year-old Chinese students based on fine-grained process indicators
(i.e., time-on-task, actions-on-task, three specific CPS skills) from the PISA 2015 CPS
assessment, and further to examine how these profiles may relate to student demographic
and motivational characteristics, as well as CPS performance. This study may contribute to
deeper understanding of individual CPS behaviors and shed light on practical interventions
to improve student CPS skills.

Prior research on collaborative problem-solving
Definition of collaborative problem-solving

In PISA 2015, collaborative problem-solving (CPS) is defined as “the capacity of an indi-
vidual to effectively engage in a process whereby two or more agents attempt to solve a
problem by sharing the understanding and effort required to come to a solution and pooling
their knowledge, skills and efforts to reach that solution” (OECD, 2017, p. 49).

In this definition, CPS competency is considered as a combination of three core skills
(Stadler et al., 2019): (1) establishing and maintaining shared understanding (EMSU),
which refers to the competency to “identify the knowledge and perspectives that other
group members hold and establish a shared vision of the problem states and activities”
(OECD, 2017, p. 50); (2) taking appropriate action to solve the problem (TASP), which
refers to the competency to “identify the type of collaborative problem solving-related
activities that are needed to solve the problem and carry out these activities to achieve the
solution” (OECD, 2017, p. 50); and (3) establishing and maintaining team organization
(EMTO), which refers to the competency to “understand one’s own role and the roles of
other agents, follow the rules of engagement for one’s role, monitor group organization,
and facilitate the changes required to optimize performance or to handle a breakdown in
communication or other obstacles to solving the problem” (OECD, 2017, p. 50).

To objectively assess the abovementioned CPS skills, PISA develops a range of indi-
vidual computer-based CPS tasks (e.g., Xandar), which requires individuals to collaborate
with one to three virtual computer agents (human—agent assessment approach, H-A) to
solve problems in simulated real-life scenarios.

Prior research on CPS process

With the rapid development of computer technologies, researchers have tried to explore
CPS processes in addition to its outcomes (e.g., Cukurova et al., 2018; Sun et al., 2022;
Haataja et al., 2022). Compared with CPS performance outcomes that may solely provide
information about what has been achieved during CPS, CPS process data can provide addi-
tional insights into how the responses or outcomes are produced.

Researchers have proposed and utilized certain CPS process indicators to evaluate
individual CPS skills (e.g., Cukurova et al., 2018; Stoeffler et al., 2020). For instance,
Cukurova et al. (2018) put forward four nonverbal indexes of physical interactivity (i.e.,
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synchrony, individual accountability, equality, and intra-individual variability) to measure
student CPS competence in practice-based activities, and empirically validated the indexes
using a multimodal learning analytics system. Stoeffler et al. (2020) designed a computer-
based assessment to evaluate individuals’ CPS skills in which individuals were required to
interact with a virtual agent to solve a series of challenges in a first-person maze environ-
ment. Based on telemetry-based (e.g., log file, clickstream) and item response data, such
CPS skills as reaching the goal, persistence, problem feature awareness, perspective taking,
and strategy were assessed.

Researchers have also shown that process indicators can be used to identify unique CPS
interaction patterns (e.g., Dowell et al., 2020; Rosen et al., 2020). For instance, Herborn
et al. (2017) identified three types of collaborators during CPS: passive low-performing
(non-) collaborators, active high-performing collaborators, and compensating collabora-
tors. The process indicators they utilized include student performance in knowledge acqui-
sition, knowledge application, questioning, requesting, and asserting. Similarly, Dowell
et al. (2020) proposed four socio-cognitive roles during CPS interactions, i.e., drivers,
influential actors, lurkers, and socially detached. These profiles were shown to have distinct
features related to participation, social impact, overall responsibility, newness, internal
cohesion, and communication density.

Researchers have also suggested that CPS processes have statistically significant rela-
tionship with CPS outcomes (e.g., Haataja et al., 2022; Hao et al., 2016; Reilly & Sch-
neider, 2019; Zheng et al., 2020). For instance, Sun et al. (2022) examined the effects of
particular CPS behaviors among triads on CPS outcomes. They found that talking about
appropriate ideas contributed to desirable outcomes, while discussing inappropriate ideas
might divert the team in a nonproductive direction. Li et al. (2022) investigated the effects
of action transitions on CPS outcomes among sixth graders in Finland. The actions in the
sequential processes of computer-based CPS tasks included using a mouse to drag objects
and typing texts in chat windows. Results indicated that pairs having at least one mem-
ber with high social and high cognitive CPS skills completed more actions and showed
more action transitions, indicating that they attempted more ways to solve the problem and
achieved more productive CPS than other pairs.

As noted above, individuals may experience different CPS processes and demonstrate
different CPS performance, which may in fact depend on a variety of personal and contex-
tual factors such as task difficulty, individual motivation, and competency. One of the semi-
nal theories that explains why individuals show different behaviors and performance while
they work on a specific task is Weiner’s (1972) attribution theory. According to the theory,
two major factors that may determine the success or failure of one’s behaviors are ability
and effort. Ability is one of the relatively invariant properties of a person, while effort is
largely determined by the momentary intentions of the person (Weiner, 1972). In achieve-
ment-related contexts, success might be attributed to high ability and/or effort, while fail-
ure might be due to low ability and/or lack of effort. In this study, we take Weiner’s (1972)
attribution theory as the theoretical framework to help classify and interpret the profiles of
collaborative problem-solvers.

Prior research on potential factors associated with CPS
Demographic and motivational characteristics play important roles in CPS processes and

outcomes. Specifically, the relationship between gender and CPS competency was found to
be inconsistent across prior studies (e.g., Ahonen & Harding, 2018; Li & Liu, 2017; Tang
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et al., 2021). For instance, Ahonen and Harding (2018) reported no significant difference
in cognitive and social CPS skills between female and male students in Finland. However,
Li and Liu (2017) found that female students were significantly better than male students
in CPS skills in Taiwan. Similarly, Tang et al. (2021) found that female students tended
to excel more in CPS skills than male students based on Chinese data from PISA 2015.
Socioeconomic status was found to be positively correlated with CPS competency, with
consistent results across studies (e.g., Tang et al., 2021; Wang, 2018).

Moreover, researchers (e.g., Tang et al., 2021; Wang, 2018; Xu & Li, 2019) have
also investigated how motivational factors may affect CPS processes and outcomes. For
instance, Xu and Li (2019) found that, while collaborating with others to solve problems,
students who put more value on interpersonal relationships and teamwork tended to per-
form better in the CPS assessment. Tang et al. (2021) also found that students who valued
interpersonal relationships more performed better in CPS assessments, however, they also
found that students who valued teamwork more tended to perform worse. They argued that
students who thought highly of interpersonal relationships would be highly motivated and
would utilize more communication skills to ensure the collaboration would be carried out
more smoothly.

Method
Data source

Data used in this study was retrieved from the PISA 2015 website (https://www.oecd.org/
pisa/data/2015database/). It is worth noting that student CPS process data was based on
one CPS unit called Xandar, which is the only released CPS task in PISA 2015. A total
of 9841 students from China [Beijing, Shanghai, Jiangsu, and Guangdong (BSJG)] par-
ticipated in the CPS assessment, yet only 1677 students (799 female students, 47.6%; 878
male students, 52.4%) were assigned the Xandar task due to test design.

The Xandar task

In the Xandar unit, a three-person team comprising a student and two computer agents
named Alice and Zach takes part in a contest where they must collaborate to explore and
answer questions related to the geography, people, and economic situation of the fictional
country of Xandar (OECD, 2017). The unit consists of four parts, and the student needs to
make decisions and coordinate the task by making multiple-choice selections to respond to
the team members (OECD, 2017). Specifically, in Part 1, the student is familiarized with
the chat interface and the task space so that they know how the contest will proceed. The
student first needs to click “Join the chat” in the task space. Then the team member Zach
indicates that he wants to go ahead and start answering questions without a strategy, and
the student should choose to state their preference for developing a strategy.

In Part 2, the student is informed that each team member will be responsible for ques-
tions in one of the three subject areas (i.e., “Geography,” “People,” and “Economy”), and
they will apportion the subject areas among themselves. However, both Alice and Zach
show preference for taking the subject of “People,” and they give reasons as to why they
both want to do so. Hence, the student should advance the problem-solving process and
use the information provided by Alice and Zach to assign the subject “People.” Then after
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Alice and Zach have each claimed a subject area, the student needs to claim the last subject
area for themselves.

In Part 3, the student knows that their assigned subject is “Geography,” and they must
enter the contest and answer questions about Xandar’s geography. The student first must
click on the button “Geography” in the task space to start the questions, and then click
on the icons on the map of Xandar to obtain answers. After clicking the “Click Here to
Continue” button but before the student has a chance to click on of the icons on the map,
a checkmark is placed on the scorecard to indicate that one of the questions on Xandar’s
geography has been answered. The previously agreed upon rules of engagement stated that
it should be the student answering the geography questions. Alice makes a remark to this
effect in the chat interface, and the student should come up with an appropriate response,
which in fact tests whether the student has observed that the previously agreed upon rules
of engagement have not been followed. After answering the item, the student is interrupted
and informed that they have made progress in some, but not in all, subjects and that Alice
has sent another message. This is the end of Part 3.

Part 4 picks up from Part 3, and the student is required to evaluate the team progress
and fix any problems that have resulted. First, Alice asks the team about its progress, so
the student should provide an accurate response to Alice’s question. Then Zach responds
that he is having trouble with the questions in his assigned subject area of economy. Then
the student should choose to encourage Zach and propose how the student and Alice might
help him.

Finally, the student is informed that their team won the contest by answering all the
questions correctly. The task ends here. For more details, a complete version of the Xandar
task (with the chat interface, task space, and exact items) is presented in the Appendix.

Measures
Gender Gender was dichotomously recorded, with 1 =female and 2 =male.

Economic, Social, and Cultural Status (ESCS) The PISA index of ESCS was derived from
three variables: “parents’ highest occupational status,” “parents’ highest level of edu-
cation,” and ‘“home possessions” (OECD, 2017). The average of the index is 0 and the
standard deviation is 1 across Organisation for Economic Co-operation and Development
(OECD) countries. Higher ESCS scores indicate better socioeconomic status.

Attitudes toward collaboration Attitudes toward collaboration were assessed from two
dimensions: valuing relationships, with four items (i.e., “I am a good listener,” “I enjoy
considering different perspectives,” “I take into account what others are interested in,” and
“I enjoy seeing my classmates be successful”’); and valuing teamwork, with four items (i.e.,
“I prefer working as part of a team to working alone,” “I find that teamwork raises my
own efficiency,” “I find that teams make better decisions than individuals,” and “I enjoy
cooperating with peers”). A four-point Likert scale was utilized in the questionnaire, with
1 ="“strongly disagree,” 2="disagree,” 3 ="‘‘agree,” and 4 = “‘strongly agree.” Higher scores
indicate more positive attitudes toward collaboration.

Achievement motivation Students were asked to answer five questions related to achieve-

ment motivation: “I want top grades in most or all of my courses,” “I want to be able to
select from among the best opportunities available when I graduate,” “I want to be the
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best, whatever I do,” “I see myself as an ambitious person,” and “I want to be one of the
best students in my class.” A four-point Likert scale was used in the questionnaire, with
1 ="*strongly disagree,” 2 ="“disagree,” 3 ="agree,” and 4 ="“strongly agree.” Higher scores
indicate stronger achievement motivation.

Collaborative problem-solving skills The three types of CPS process skills were assessed
based on a total of 12 dichotomously scored items in PISA 2015: (1) establishing and
maintaining shared understanding, which in the Xandar unit was assessed using five items,
with O=no credit and 1 =full credit, and then the total score of the five items was used to
represent a student’s proficiency level for this specific skill; (2) taking appropriate action
to solve the problem, which in the Xandar unit was assessed using one item, with 0=no
credit and 1=full credit, and the score was utilized to represent a student’s proficiency
level for this specific skill; and (3) establishing and maintaining team organization, which
in the Xandar unit was assessed using six items, with 0=no credit and 1 =full credit, and
then the total score of the six items was used to represent a student’s proficiency level for
this specific skill. Please see the Appendix for the exact content of the above CPS items.

It is worth noting that all the items are independent of one another. No matter which
response a student selects for a particular item, the computer agents respond in a way so
that the unit converges. All students are therefore faced with an identical version of the
next item.

Total collaboration time (time-on-task) In the PISA 2015 CPS assessment, the time a
student spent on the CPS task was recorded numerically. Consistent with prior studies
(e.g., Boeck & Scalise, 2019), we used a log transformation of the total time spent for the
following statistical analyses to correct for nonnormality.

Total number of actions (actions-on-task) In the PISA 2015 CPS assessment, the num-
ber of actions a student made while working on the CPS task (e.g., keystrokes, clicks and
double-clicks, drag and drop) was recorded numerically. Consistent with prior studies (e.g.,
Boeck & Scalise, 2019), we used a log transformation of the total number of actions for the
following statistical analyses to correct for nonnormality.

Collaborative problem-solving performance In PISA 2015, student collaborative prob-
lem-solving performance was estimated as plausible values (PVs) by drawing on all the
questions in the CPS assessment, and a total of 10 PVs was generated. Similar to many
prior studies (e.g., von Davier et al., 2009), we used the average of the 10 PVs to represent
student overall collaborative problem-solving performance.

Data analysis

Data in this study were analyzed in Mplus 8.3 (Muthen & Muthen, 1998-2019). First, a
latent profile analysis (LPA) was utilized to identify the appropriate number of collabora-
tive problem-solver profiles within the BSJG-China sample. LPA is an advanced person-
centered method that can be used to obtain different clusters or profiles of observations that
have similar levels on measures of interest (Ma, 2022). The person-centered approach (e.g.,
LPA, cluster analysis) differs from the more traditional variable-centered approach (e.g.,
linear regression, path model) in several ways. Notably, the variable-centered approach
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assumes that all individuals from a sample are drawn from a single population and that a
single set of averaged parameters are estimated (Meyer & Morin, 2016). In other words,
the variable-centered approach allows for the detection of complex relationships among
variables, yet it overlooks population diversity. In contrast, the person-centered approach
considers the possibility that the sample might in fact reflect multiple subpopulations char-
acterized by different sets of parameters (Meyer & Morin, 2016). The objective of person-
centered approach, therefore, is to identify potential subpopulations presenting differenti-
ated profiles with regard to a set of variables. Typical person-centered approaches include
cluster analysis and LPA. Compared with cluster analysis, LPA utilizes model-based tech-
nique, and thus it can generate more robust and reliable results (Bamaca-Colbert & Gay-
les, 2010). LPA is now regarded as one of the most flexible person-centered methods, and
researchers have utilized LPA to address a wide range of research questions (Cowden et al.,
2021).

In this study, five collaborative process indicators (i.e., time-on-task, actions-on-task,
and three CPS process skills) were entered into the LPA models. Model fit indices include
maximum log-likelihood (LL), Akaike information criterion (AIC), Bayesian information
criterion (BIC), sample-adjusted Bayesian information criterion (SABIC) and entropy. LL,
AIC, BIC, and SABIC are information criteria that penalize model complexity, and thus
models with lower values are regarded to be better. However, these fit indices may not
always arrive at the lowest values. In this case, the best model can be determined by using
the elbow criterion. Entropy examines the model classification accuracy, and higher values
indicate more clear classification of profiles.

After the optimal LPA model was determined, students were categorized into specific
collaborative problem-solver profiles. We further validated profile differences by explor-
ing how demographic variables (e.g., gender, ESCS) and motivational characteristics (e.g.,
achievement motivation, attitudes toward collaboration) may predict profile membership
through conducting multinomial logistic regression, and by examining how these profiles
may differ in their overall mean CPS performance.

Results
Descriptive statistics

Table 1 presents the descriptive statistics of the variables used in this study.

Latent profile analysis

Latent profile analyses with two to six profile solutions were performed based on the five
CPS process indicators: time-on-task, actions-on-task, EMTO, EMSU, and TASP. The
results are presented in Table 2, Fig. 1, and Table 3.

The four-profile model was determined to be the best solution because first the AIC,
BIC, and SABIC values dropped dramatically at the three-profile and four-profile model
(Fig. 1). However, the four-profile solution had a higher entropy value (Table 2), indi-
cating better classification accuracy. Second, the probability that each student belonged
to a given class would be correctly categorized for the four-profile solution that ranged
from 0.863 to 0.999 (> 0.80, see Table 3), indicating that incorrect classification was
unlikely and that the model had good reliability. Third, the sizes of the four profiles
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Tl Desripihe Sasi 0 fncaon Ve Sbn e
(N=1677) CPS processes
Time-on-task 12.58 027 11.86 14.32
Actions-on-task 3.96 4.18 3.26 8.20
EMSU 2.85 127 0 5
EMTO 3.96 133 0 6
TASP 0.31 046 O 1
Predictors
Gender, % female 47.6 - 1 2
ESCS —0.88 1.13 —-4.02 3.04
Value relationship 0.08 099 -333 229
Value teamwork 0.41 0.97 —-2.83 2.10
Achievement motivation 0.17 0.86 -3.09 1.85
QOutcome
CPS performance 495.84  89.83  253.73  768.17

Table 2 Model fit indices for
LPA models across profile

solutions

15200

15000

14800

14600

14400

14200

14000

Fig. 1 Information criteria change patterns of different profile solutions

SD standard deviation, EMTO establish and maintain team organiza-
tion, EMSU establish and maintain shared understanding, TASP take

appropriate action to solve problem

Profile LL AIC BIC SABIC Entropy
2 —7478.82 14,989.65 15,076.44 15,025.61 0.95
3 —7241.09 14,526.18 14,645.52 14,575.63 0.85
4 —7114.86 14,285.73 14,437.62 14,348.67 0.88
5 —7052.84 14,173.68 14,358.13 14,250.11 0.86
6 —6990.60 14,061.19 14,278.18 14,151.11 0.87
a— AIC
e BIC
SABIC
2 3 4 5 6

Profile Solution
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e e e e Profle 1 2 3 4

model 1 0.863 0.018 0.000 0.119
2 0.053 0.907 0.001 0.039
3 0.000 0.001 0.999 0.000
4 0.048 0.002 0.000 0.950

The diagonal values in bold indicate the average class probability of
most likely latent profile membership by profile (column) ranging
from O to 1

Table 4 Descriptive statistics for the latent profiles

Mean (SE)

Profile 1 Profile 2 Profile 3 Profile 4
Time-on-task 12.48 (0.03) 13.18 (0.14) 12.71 (0.19) 12.59 (0.01)
Actions-on-task 4.11 (0.04) 4.91 (0.26) 7.37 (0.40) 3.85(0.01)
EMSU 1.23 (0.08) 1.46 (0.24) 2.99 (0.76) 3.39 (0.05)
EMTO 3.12(0.15) 2.19 (0.17) 4.20 (1.01) 4.29 (0.04)
TASP 0.14 (0.02) 0.19 (0.08) 0.40 (0.22) 0.36 (0.01)

SE =standard error

were 351 (20.93%), 64 (3.82%), 35 (2.09%), and 1227 (73.17%), respectively. No pro-
file size was lower than the threshold of 1% of the total sample size or 25 cases (Spurk
et al., 2020). Finally, in terms of interpretability, the four-profile solution characterized
an additional profile that was qualitatively different from the remaining three profiles
and can be supported theoretically (further discussed in the Results and Discussion
section).

Descriptive statistics for latent profiles

Based on the four-profile model, the Chinese sample was divided into four latent groups.
Descriptive statistics for the four latent profiles are shown in Table 4.

For a better illustration, we transformed the above raw data into standardized mean val-
ues. Specifically, we first generated standardized z-scores for each variable in the full sam-
ple, and then calculated and plotted the standardized mean values for each profile in Fig. 2.
Values at the 0 mean indicate average performance. Values below 0 indicate lower perfor-
mance, and values above 0 indicate higher performance than the average.

As seen, the four latent profiles had distinct features in collaborative processes. Specifically,
(1) Profile 1 (N=351, 20.93%) could be referred to as a “Disengaged Collaborative Problem-
Solver” because students in that profile spent least time on the task, performed relatively fewer
number of actions, and demonstrated lower CPS skill levels. Hence, it may be the case that
students in that profile were not interested in or even not willing to pay attention to the col-
laborative task. (2) Profile 2 (N=64, 3.82%) could be referred to as a “Struggling Collabora-
tive Problem-Solver” because students who fit that profile spent a relatively longer amount of
time and performed more actions on the task. However, their demonstrated CPS skill level was
not satisfactory. It is likely that students in Profile 2 struggled a lot during the CPS process
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Fig.2 Standardized mean values for the latent profiles

but failed in the end. (3) Profile 3 (N=35, 2.09%) could be referred to as an “Adaptive Col-
laborative Problem-Solver” because students in that profile spent a relatively longer amount
of time and performed the greatest number of actions on the CPS task, and they also demon-
strated relatively high levels of CPS skills. It seemed that students in that profile were able to
complete the task after many trials and explorations. (4) Profile 4 (N=1227, 73.17%) could
be referred to as an “Excellent Collaborative Problem-Solver” because students in that profile
demonstrated the best CPS skill performance while spending an average amount of time and
performing relatively fewer actions.

It is worth noting that the frequency of students in each of the four profiles was not well-
balanced, which might occur due to the fact that the Xandar task is relatively easy, and the
path to solve the problem is designed to be relatively more structured so that students do
not necessarily need to conduct many actions to attempt different paths (OECD, 2017).
Therefore, a majority of students (N=1227, 73.17%) were able to successfully complete
the task and were categorized into the Excellent profile, while the number of students who
fit the Struggling (N=64, 3.82%) and the Adaptive (N=35, 2.09%) profiles were relatively
few. If the tasks are more complex, it is expected that students should be more evenly dis-
tributed. For example, in the study by Herborn et al. (2017), it was found that students
had been roughly evenly distributed into three different profiles: the low-performing (non)
collaborator profile (N=163, 33.89%), the active high-performing collaborator profile
(N=171, 35.55%), and the compensating collaborator profile (N=147, 30.56%).

Latent profile analysis with predictors

The four profiles were validated by exploring how student demographic and motiva-
tional characteristics may relate to profile membership. Five covariates were added to the
extracted four-profile model and regressed on the latent profiles. The results are presented
in Table 5.

It can be seen from Table 5 that the profile membership can be differentially affected
by demographic and motivational variables. Specifically, girls were more likely to be
classified into the Excellent profile than into the Struggling profile (OR =0.42) or into
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Fig.3 Overall CPS performance of students in the four latent profiles. Notes: The OECD average CPS per-
formance was set at 500 score points, and the standard deviation across the OECD countries at 100 score
points

the Disengaged profile (OR =0.23). Students with higher ESCS were more likely to
be classified into the Excellent profile than into the Struggling (OR =1.75) profile or
into the Disengaged profile (OR =2.62). Students who put more value on interpersonal
relationships were more likely to be classified into the Adaptive profile than into the
Disengaged profile (OR=1.50) or into the Struggling profile (OR =2.15). Similarly,
they were more likely to be classified into the Excellent profile than into the Strug-
gling profile (OR =1.70). As for students who put more value on teamwork, they were
less likely to be classified into the Adaptive profile than into the Struggling profile
(OR=0.37), the Disengaged profile (OR=0.46) or the Excellent profile (OR =2.13).
No significant results were found for achievement motivation (p > 0.05).

Latent profile analysis with outcomes

We further validated the four profiles by comparing the average CPS performance of
students in the four latent profiles (Fig. 3).

For a better illustration, we transformed the above raw data into standardized mean
values. Specifically, we first generated standardized z-score for CPS performance in
the full sample, and then calculated and plotted the standardized mean values for each
profile in Fig. 4. Values at the 0 mean indicate average performance. Values below 0
indicate lower performance, and values above 0 indicate higher performance than the
average.

As seen from Figs. 3 and 4, on average, students who fit the Excellent profile
showed the highest CPS performance, followed by students who fit the Adaptive pro-
file and then the Disengaged profile, and those who fit the Struggling profile scored
the lowest. Significant mean differences in CPS performance were found between all
of the profiles (p <0.05) except between the Adaptive profile and the Excellent profile
(»>0.05).

@ Springer



478 Y.Ma et al.

0.4 0.31

0.22
] B
0

Di d S| g Adaptive Excellent
-0.2

-0.4
-0.6

-0.8

-1.2
-1.18

-1.4

Fig.4 Standardized overall CPS performance of students in the four latent profiles

Discussion

The purpose of this study was to identify unique student profiles of collaborative problem-
solvers by jointly considering five CPS process indicators, i.e., time-on-task, actions-on-
task, and three CPS process skills, from the computer-based Xandar task in PISA 2015.
Moreover, this study also validated the four profiles by exploring how profile membership
may relate with student demographic and motivational characteristics, as well as the over-
all CPS performance.

Four latent profiles of collaborative problem-solvers

In this study, we have identified four distinct profiles of collaborative problem-solvers, i.e.,
Disengaged, Struggling, Adaptive, and Excellent, based on CPS process indicators, which
may deepen our understanding of individual behaviors while they work on a computer-
based CPS task.

Specifically, students who fit the Disengaged profile are characterized as spending the
least time, performing few actions, and demonstrating poor CPS skills. In other words,
these students seemed to be unwilling to engage in the CPS task and lack necessary CPS
skills to work with others (Eichmann et al., 2020; Greiff et al., 2018; Scherer & Gustafsson,
2015; Teig et al., 2020), which is similar to such undesirable effects for collaborative tasks
as social loafing (Petty et al., 1977) and free riding (Delton et al., 2012). For one thing, this
might occur because the PISA 2015 CPS assessment is low stakes in nature, so students
in this profile might not attach great importance to the task. For another, the human—agent
assessment approach in PISA 2015 may make these students feel less pressured and moti-
vated to get involved in the collaborative task, as they do not have to take responsibility for
other “human” teammates (Jacobs & Goh, 2007; Johnson & Johnson, 2003).

Students who fit the Struggling profile are characterized as spending substantial time
and effort on the collaborative task, but they demonstrate poor CPS skills. In other words,
students who fit the Struggling profile may have difficulties in delving into the Xandar
task and lack necessary CPS skills to respond better to the teammates (computer agents).
In fact, the difficulty might come from the fact that the CPS assessment in PISA 2015 is
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Fig.5 Four latent profiles of col- 13
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delivered in a computer-based format (OECD, 2017). These students may not be comfort-
able with using computers or not familiar with the new human—agent collaborative task.
In addition, this may also relate to their limited collaboration practices or experiences in
school education.

Students who fit the Adaptive profile are characterized as spending a large amount
of time and effort on the CPS task and demonstrating high levels of CPS skills. In other
words, students who fit the Adaptive profile managed to solve the CPS task after trials and
explorations even though they may not be able to do so at first.

Finally, students who fit the Excellent profile can be considered to be the most efficient
collaborative problem-solvers because they demonstrate excellent CPS skills while using
an average amount of time and performing relatively fewer actions (Greiff et al., 2018).

In fact, the identification of the four latent profiles fits well with Weiner’s (1972) attri-
bution theory in psychology. As mentioned previously, the attribution theory states that
two of the major factors that may determine the success or failure of one’s behaviors are
ability and effort. On the basis of ability and effort, students can be categorized into four
quadrants as shown in Fig. 5, which in fact corresponds well with the four latent profiles
identified in this study.

As seen in Fig. 5, the Disengaged profile is characterized as being low in both ability
and effort; the Struggling profile is characterized as being low in ability but high in effort;
the Adaptive profile is characterized as being high in both ability and effort; and the Excel-
lent profile is characterized as being high in ability and low in effort. The attribution theory
may validate and support the four profiles identified in this study to some extent, and in
turn the result may provide empirical evidence for the attribution theory, as well. Moreo-
ver, this classification may also help deepen the understanding of why students have differ-
ent CPS performance.

It is worth noting that the three-profile solution (Fig. 1) could also be arguably viable
for the Chinese sample in PISA 2015. Compared with the four-profile solution, the three-
profile solution keeps the Disengaged and the Excellent profiles, but it does not discrimi-
nate between students who fit the Struggling and the Adaptive profiles. In other words,
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the three-profile solution combines the students who fit the Struggling and the Adaptive
profiles, and this new profile could be characterized as the Middle profile, in which stu-
dents tend to devote time and effort on the task but show a medium level of CPS skills. We
adopted the four-profile solution in this study, as it contains richer and more detailed cat-
egorization information than the three-profile solution, and we believe that the difference
between students who fit the Struggling profile and the Adaptive profile is meaningful, and
it can also be supported by the attribution theory in psychology.

The association between student demographic and motivational characteristics
and profile membership

To validate the four profiles, we further explored how student demographic and motivational
characteristics may relate with the profile membership. In terms of demographic covariates,
it was found that girls were more likely to be in more successful CPS profiles (e.g., the
Excellent profile) than boys. In fact, the result is consistent with some prior studies (e.g.,
Emerson et al., 2015; Li & Liu, 2017; Tang et al., 2021), in which girls were found to have
better social skills and collaborative problem-solving performance than boys. In fact, the
gender differences may be explained by the gender socialization process described in social
learning theory (Bandura, 1977). Specifically, gender socialization is the process of learning
the social expectations and attitudes associated with one’s sex. Once children are known to
exist within a gender group, reinforcement from parents, teachers, and peers is differentially
applied when children’s behaviors conform to gender-based expectations (Hajovsky et al.,
2022). In Chinese society, girls are expected to be more cooperative, submissive, kind, gen-
tle, responsive, empathic, and prosocial than boys from an early age (Abdi, 2010). It is more
accepted for boys to be outgoing and less cooperative. Therefore, given stereotypic gender
roles prescribing more social traits and behaviors for girls than for boys, it is more likely for
girls to develop better social skills and display more social behaviors than boys.

Furthermore, limiting cross-gender friend selection may also lead to the abovemen-
tioned gender differences (Abdi, 2010). Extensive research has shown that there are dif-
ferences in gender-normative communication styles between girls and boys. Examinations
of cross- and within-gender conversations indicate a significant difference in interactional
style (Maltz & Borker, 1982). Girls’ conversation has been found to include fewer interrup-
tions, fewer statements of disagreement, more positive nonverbal and verbal content (e.g.,
nodding, short statements of agreement), and more question asking than that of boys. Fur-
thermore, girls’ question asking often serves to signal attentiveness to the conversational
partner rather than boys’ simple request for information (Hajovsky et al., 2022). These
interactional differences are likely to be bolstered given the higher frequency of child-
selected, same-gender play groups (Hajovsky et al., 2022).

In this study, we also found that students with better socioeconomic status were
more likely to be classified into more successful profiles (e.g., the Excellent profile),
which is in line with many prior studies (e.g., Wang, 2018; Tang et al., 2021). For
example, Wu et al. (2020) examined how family socioeconomic status (SES) was
related to children’s social skill development through family processes among 508
Chinese preschool children. Results indicated a significant indirect effect of family
SES on the initial levels of children’s social skills and growth mediated by maternal
depressive symptoms, marital relationships, and parenting practices. For one thing,
families with better socioeconomic status are more likely to provide rich experiences
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inside and outside the home (e.g., books, travel) that are important for the develop-
ment of children’s social skills. For another, higher family income and parents’ educa-
tional levels predict better parenting practices that are conducive to children’s social
development—that is, more warmth and less negativity (Emmen et al., 2013). In con-
trast, parents with financial difficulties are less likely to provide warm parenting and
sensitive and consistent responses to children’s needs (Conger & Donnellan, 2007).

Regarding motivational characteristics, first, student achievement motivation was found
to be not significantly associated with profile membership, which might occur due to the
low stakes nature of the CPS assessment in PISA 2015. In addition, some researchers
(Ames, 1992; Nichols & Miller, 1994; Summers et al., 2005; Hénze & Berger, 2007) have
suggested that a collaborative problem-solving environment may create a more mastery-
oriented context, leading students to adapt mastery/learning goal orientations instead of
performance/ability goals. The achievement motivation in PISA 2015 is similar to a perfor-
mance goal that measures student desire to demonstrate competence by outperforming oth-
ers (Kim et al., 2012). Hence, the achievement motivation may not effectively differentiate
students in the CPS assessment.

As for attitudes toward collaboration, it was found that students who valued interper-
sonal relationships were more likely to be classified into the Adaptive and Excellent pro-
files than those who did not, which is consistent with previous studies (e.g., Andrews-Todd
& Forsyth, 2020; Howard et al., 2017). This result makes sense because students who val-
ued interpersonal relationships tended to possess good collaboration qualities such as con-
sidering different perspectives, listening to others’ opinions, and taking into account what
others are interested in. These qualities are indeed conducive for effective CPS processes.

Moreover, we found that students who considered teamwork as a way to improve work
efficiency and bring benefits were more likely to be classified into the Excellent, Strug-
gling, and Disengaged profiles rather than the Adaptive profile. In other words, low-
achieving (i.e., the Struggling or Disengaged profiles) and high-achieving students (i.e.,
the Excellent profile) were more likely to appreciate teamwork compared with those aver-
age-achieving students (i.e., the Adaptive profile). This might occur because low-achieving
students could get assistance, encouragement, and stimulation from working with higher-
achieving students (Johnson & Johnson, 1989; Slavin, 1987; Webb, 1982), and thus could
perform above their current level of development (Vygotsky, 1978). For high-achieving
students (i.e., the Excellent profile), it is likely that they could improve their cognitive
skills through explaining and elaborating concepts to lower-achieving students (Johnson &
Johnson, 1989). However, for students in the middle (i.e., the Adaptive profile), they may
not participate well in collaborative groups, especially when working with both high- and
low-achieving students, because they tend to be excluded from the productive “teacher—stu-
dent” relationship.

The association between profile membership and CPS performance

We also further validated the four profiles by comparing the mean CPS performance among
the four profiles. The results indicated that all the profiles were significantly different from
one another in terms of CPS performance except for the Adaptive profile and Excellent
profiles. Students in more successful profiles tended to achieve better CPS performance,
which is consistent with many prior studies (e.g., Eichmann et al., 2020).
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One surprising result is that students who fit the Disengaged profile tended to have sig-
nificantly better overall CPS performance than those who fit the Struggling profile. In other
words, students conducting more collaboration actions were even less successful in terms
of their CPS performance. This result is consistent with some prior studies (e.g., De Boeck
& Scalise, 2019), yet contradictory to some others (e.g., Unal & Cakir, 2021). This may
occur because the PISA interactions are computerized human—agent interactions (i.e., a
student interacts with computer-simulated agents rather than with other students), which
results in limited opportunities for communication or negotiation among team members
and hinders the demonstration of CPS skills and the overall CPS performance when com-
pared with the human-human approach (i.e., a student interacts with other students; De
Boeck & Scalise, 2019; Dindar et al., 2020). In addition, there is no socio-cognitive con-
flict or structured assistance for students when they collaborate with computer agents, and
thus more actions may not improve student CPS performance (Caceres et al., 2018; Doise
& Mugny, 1984).

Implications, limitations, and future research

The CPS tasks developed in PISA 2015 aimed at assessing student CPS skills. To obtain
objective results, the assessment adopts a standardized human—agent assessment approach
in which students collaborate with computer agents to solve simulated real-life prob-
lems (OECD, 2017). The scenarios in the problems are typical ones that are expected to
be encountered by students when they collaborate with “human” students. For example,
students need to resolve disagreements between team members, monitor the progress of
the team, and so on. One major difference, however, between the human—agent assessment
approach in PISA 2015 and traditional human—human collaboration is that students in the
human-agent collaboration are instructed to choose their responses to team members from
a limited number of options instead of making their own reactions freely (Li et al., 2022).
In other words, the PISA CPS assessment in fact provides limited opportunities for stu-
dents to interact or communicate with the team members. Therefore, the PISA 2015 assess-
ment outcomes could represent individual CPS skill levels and behaviors well but may be
limited in terms of reflecting student collaborative learning results (that is not the focus of
the PISA assessment).

Despite the above limitation, the results of the present study can also contribute to the
computer-supported collaborative learning (CSCL) community in several ways. First, one
major contribution of the present study is the identification of the four profiles of collabo-
rative problem-solvers using CPS process indicators, which enhances our understanding of
individuals’ diversified CPS behaviors. In fact, students may undergo different CPS pro-
cesses and exhibit different CPS behaviors even if they both succeed and fail in the CPS
task. Therefore, performance in the task, which often influences human experts in their
evaluation of a learner’s progress in the CSCL literature, may not always be a reliable pre-
diction of learning. Process even matters.

Second, the results of this study confirmed some of the findings in the CSCL lit-
erature: for example, better socioeconomic status is significantly associated with higher
CPS skill levels; girls tend to demonstrate better CPS skills than boys; and high- and
low-level students are more likely to appreciate teamwork. In addition, this study also
provides insights into some inconsistent results across previous CSCL studies. For
example, so far there is no consensus on whether more actions leads to better CPS per-
formance or not (De Boeck & Scalise, 2019; Unal & Cakir, 2021). Based on the results
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of this study, we argue that it may in fact depend on the nature of the actions. Specifi-
cally, the actions recorded in the Xandar task refer to all kinds of non-chat actions (e.g.,
keystrokes, clicks and double-clicks, drag and drop), including both necessary actions
(e.g., click on the “Join the chat” button to continue the task) and non-necessary actions
(e.g., random clicks that do not lead to actual progress or solution of the problem).
Hence, more actions may not necessarily be associated with better CPS skill levels or
performance, which is consistent with the results of prior studies (e.g., Chung et al.,
1999; Rummel et al., 2012; De Boeck & Scalise, 2019).

Third, this study has many practical implications regarding assessing and teaching
CPS skills in the school settings: (1) More authentic and interesting collaborative tasks
should be developed and used for the assessment of student CPS skills. (2) It would
be desirable for teachers to provide timely structured assistance to students while they
collaboratively solve problems, as leaving students to explore by themselves may not
improve their CPS performance. In particular, individualized strategies or interventions
should be exercised. To be more specific, it seemed important to enhance the engage-
ment of the Disengaged profile students in the CPS tasks by demonstrating to them the
benefits of collaborative problem-solving; for students who fit the Struggling profile,
it is critical for educators to diagnose their problems in a timely manner and provide
targeted guidance and appropriate exercises; for students who fit the Adaptive profile,
more exploration and collaboration time should be allowed; and for students who fit the
Excellent profile, more challenging CPS task exercises should be provided. (3) Educa-
tors should pay more attention to facilitating the social and group work skills of male
students and those from economically disadvantaged families, as well as providing more
care to average-achieving students to foster positive attitudes toward collaboration. For
example, teachers could provide these underperforming students with more opportuni-
ties to share ideas and opinions in class, reward them if they make progress during CPS,
etc.

Finally, from a methodological perspective, latent profile analysis has been shown
to be a feasible person-centered method that can be used to reveal individuals’ diverse
CPS behaviors (or other measures of interest), which may make a complementary con-
tribution to the CSCL literature in which more traditional variable-centered methods are
adopted.

This study has some limitations. First, the present study only focused on Chinese stu-
dents who were assigned to interact with the one released task, Xandar, in PISA 2015.
Therefore, only 17% of the total Chinese sample were included in this study. In this regard,
the results of this study may not generalize well even to the whole Chinese population (or
other populations) and to other CPS tasks. Second, we have identified four profiles of col-
laborative problem-solvers, which have been supported and validated to some extent from
both the theoretical and practical perspective in this study. However, the size of the four
profile groups is not even, particularly in the case of the small size of the Struggling and
the Adaptive profile groups. Hence, caution needs to be exercised when interpretating the
results. Future studies could further explore whether the profile results hold for students
in other countries or on other CPS tasks in PISA 2015. Third, the results of this study
were based on student interactions with computer agents; it is worth investigating whether
the results differ under other conditions where individuals interact with human teammates.
Finally, PISA 2015 has released a limited range of information regarding the CPS task—for
instance, actions were numbered but not described in the dataset. Hence, although we have
tried our best to explore student CPS behaviors using PISA 2015 process data (e.g., time-
on-task, actions-on-task, CPS process skills), further investigation of student collaborative
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processes using self-collected data, or other relevant PISA data when available, needs to be
made.

Conclusion

In this study, we have demonstrated that students may exhibit different behaviors and skill
levels during collaborative problem-solving. Four types of collaborative problem solvers
are identified in this study (i.e., Disengaged, Struggling, Adaptive, and Excellent), and
these profiles are found to be significantly correlated with student demographic (e.g., gen-
der, socioeconomic status) and motivational variables (e.g., achievement motivation, atti-
tudes toward collaboration), as well as CPS performance. Nonetheless, the results of this
study are based on the human—agent assessment approach of PISA 2015, and thus whether
the results can be generalized to traditional human—human interactions is clearly a topic
that merits further investigation. This study provides a starting point for such investigations.

Appendix PISA 2015 CPS sample unit: Xandar'

The detailed information of the PISA 2015 CPS sample unit, Xandar, can be found at
https://www.oecd.org/pisa/test/CPS-Xandar-scoring-guide.pdf.

The unit consists of four independent parts; all parts and all items within each part are
independent of one another. No matter which response a student selects for a particular
item, the computer agents respond in a way so that the unit converges. All students are
hence faced with an identical version of the next item.

Funding This work was supported and sponsored by Shanghai Pujiang Program [Grant Number 22PJC059].

Declarations

Competing interests The authors declare that they have no competing interests that could have appeared to
influence the work reported in this paper.

References

Abdi, B. (2010). Gender differences in social skills, problem behaviours and academic competence of Ira-
nian kindergarten children based on their parent and teacher ratings. Procedia: Social and Behavioral
Sciences, 5, 1175-1179.

Ahonen, A. K., & Harding, S. M. (2018). Assessing online collaborative problem solving among school
children in Finland: A case study using ATC21S TM in a national context. International Journal
of Learning, Teaching and Educational Research, 17(2), 138—158. https://doi.org/10.26803/ijlter.
17.2.9

' OECD (2017), PISA 2015 Results (Volume V): Collaborative Problem Solving, PISA, OECD Publish-
ing, Paris. http://dx.doi.org/10.1787/9789264285521-en

@ Springer


https://www.oecd.org/pisa/test/CPS-Xandar-scoring-guide.pdf
https://doi.org/10.26803/ijlter.17.2.9
https://doi.org/10.26803/ijlter.17.2.9
http://dx.doi.org/10.1787/9789264285521-en

Identifying collaborative problem-solver profiles based... 485

Ames, C. (1992). Classrooms: Goals, structures, and student motivation. Journal of Educational Psy-
chology, 84(3), 261-271. https://doi.org/10.1037/0022-0663.84.3.261

Andrews-Todd, J., & Forsyth, C. M. (2020). Exploring social and cognitive dimensions of collabora-
tive problem solving in an open online simulation-based task. Computers in Human Behavior, 104.
https://doi.org/10.1016/j.chb.2018.10.025

Avry, S., Chanel, G., Bétrancourt, M., & Molinari, G. (2020). Achievement appraisals, emotions and
socio-cognitive processes: How they interplay in collaborative problem-solving? Computers in
Human Behavior, 107. https://doi.org/10.1016/j.chb.2020.106267

Bamaca-Colbert, M. Y., & Gayles, J. G. (2010). Variable-centered and person-centered approaches to
studying Mexican-origin mother-daughter cultural orientation dissonance. Journal of Youth Adoles-
cents, 39(11), 1274-1292. https://doi.org/10.1007/s10964-009-9447-3

Bandura, A. (1977). Social learning theory. Prentice Hall.

Caceres, M., Nussbaum, M., Marroquin, M., Gleisner, S., & Marquinez, J. T. (2018). Building argu-
ments: Key to collaborative scaffolding. Interactive Learning Environments, 26(3), 355-371.
https://doi.org/10.1080/10494820.2017.1333010

Care, E., Scoular, C., & Griffin, P. (2016). Assessment of collaborative problem solving in education
environments. Applied Measurement in Education, 29(4), 250-264. https://doi.org/10.1080/08957
347.2016.1209204

Chung, G., O’Neil, H., Jr., & Herl, H. (1999). The use of computer-based collaborative knowledge
mapping to measure team process and team outcomes. Computers in Human Behavior, 15(3-4),
463-493.

Conger, R., & Donnellan, M. (2007). An interactionist perspective on the socioeconomic context of
human development. Annual Review of Psychology, 58(1), 175-199.

Cowden, R. G., Mascret, N., & Duckett, T. R. (2021). A person-centered approach to achievement goal
orientations in competitive tennis players: Associations with motivation and mental toughness.
Journal of Sport and Health Science, 10(1), 73-81.

Cukurova, M., Luckin, R., Millan, E., & Mavrikis, M. (2018). The NISPI framework: Analyzing col-
laborative problem-solving from students’ physical interactions. Computers and Education, 116,
93-109.

De Boeck, P., & Scalise, K. (2019). Collaborative problem solving: Processing actions, time, and perfor-
mance. Frontiers in Psychology, 10, 1280. https://doi.org/10.3389/fpsyg.2019.01280

Delton, A., Cosmides, L., Guemo, M., Robertson, T., & Tooby, J. (2012). The psychosemantics of free
riding: Dissecting the architecture of a moral concept. Journal of Personality and Social Psychol-
ogy, 102(6), 1252.

Dindar, M., Jirveld, S., & Jiarvenoja, H. (2020). Interplay of metacognitive experiences and performance
in collaborative problem solving. Computers and Education, 154. https://doi.org/10.1016/j.compedu.
2020.103922

Doise, W., & Mugny, G. (1984). The social development of the intellect. Pergamon Press.

Dowell, N., Lin, Y., Godfrey, A., & Brooks, C. (2020). Exploring the relationship between emergent
socio-cognitive roles, collaborative problem-solving skills and outcomes: A group communication
analysis. Journal of Learning Analytics, 7(1). https://doi.org/10.18608/j1a.2020.71.4

Du, X., Zhang, L., Hung, J. L., Li, H., Tang, H., & Xie, Y. (2022). Understand group interaction and
cognitive state in online collaborative problem solving: Leveraging brain-to-brain synchrony data.
International Journal of Educational Technology in Higher Education, 19(1). https://doi.org/10.
1186/s41239-022-00356-4

Eichmann, B., Goldhammer, F., Greiff, S., Brandhuber, L., & Naumann, J. (2020). Using process data to
explain group differences in complex problem solving. Journal of Educational Psychology, 112(8),
1546-1562. https://doi.org/10.1037/edu0000446

Emerson, T. L. N., English, L. K., & McGoldrick, K. (2015). Evaluating the cooperative component in
cooperative learning: A quasi-experimental study. Journal of Economic Education, 46(1), 1-13.
https://doi.org/10.1080/00220485.2014.978923

Emmen, R., Malda, M., Mesman, J., Van Ijzendoorn, M., Prevoo, M., & Yeniad, N. (2013). Socioeco-
nomic status and parenting in ethnic minority families: Testing a minority family stress model.
Journal of Family Psychology, 27(6), 896-904.

Ferguson-Patrick, K. (2020). Cooperative learning in Swedish classrooms: Engagement and relation-
ships as a focus for culturally diverse students. Education Sciences, 10(11). https://doi.org/10.3390/
educscil0110312

Gao, Q., Zhang, S., Cai, Z., Liu, K., Hui, N., & Tong, M. (2022). Understanding student teachers’ col-
laborative problem-solving competency: Insights from process data and multidimensional item
response theory. Thinking Skills and Creativity, 45. https://doi.org/10.1016/j.tsc.2022.101097

@ Springer


https://doi.org/10.1037/0022-0663.84.3.261
https://doi.org/10.1016/j.chb.2018.10.025
https://doi.org/10.1016/j.chb.2020.106267
https://doi.org/10.1007/s10964-009-9447-3
https://doi.org/10.1080/10494820.2017.1333010
https://doi.org/10.1080/08957347.2016.1209204
https://doi.org/10.1080/08957347.2016.1209204
https://doi.org/10.3389/fpsyg.2019.01280
https://doi.org/10.1016/j.compedu.2020.103922
https://doi.org/10.1016/j.compedu.2020.103922
https://doi.org/10.18608/jla.2020.71.4
https://doi.org/10.1186/s41239-022-00356-4
https://doi.org/10.1186/s41239-022-00356-4
https://doi.org/10.1037/edu0000446
https://doi.org/10.1080/00220485.2014.978923
https://doi.org/10.3390/educsci10110312
https://doi.org/10.3390/educsci10110312
https://doi.org/10.1016/j.tsc.2022.101097

486 Y.Ma et al.

Greiff, S., Molnér, G., Martin, R., Zimmermann, J., & Csapd, B. (2018). Students’ exploration strategies
in computer-simulated complex problem environments: A latent class approach. Computers and
Education, 126, 248-263. https://doi.org/10.1016/j.compedu.2018.07.013

Gu, X., & Cai, H. (2019). How a semantic diagram tool influences transaction costs during collaborative
problem solving. Journal of Computer Assisted Learning, 35(1), 23-33. https://doi.org/10.1111/
jeal. 12307

Haataja, E., Malmberg, J., Dindar, M., & Jarvela, S. (2022). The pivotal role of monitoring for collabo-
rative problem solving seen in interaction, performance, and interpersonal physiology. Metacogni-
tion and Learning, 17(1), 241-268. https://doi.org/10.1007/s11409-021-09279-3

Hajovsky, D., Caemmerer, J., & Mason, B. (2022). Gender differences in children’s social skills growth
trajectories. Applied Developmental Science, 26(3), 488-503.

Hinze, M., & Berger, R. (2007). Cooperative learning, motivational effects, and student characteristics:
An experimental study comparing cooperative learning and direct instruction in 12th grade physics
classes. Learning and Instruction, 17(1), 29-41. https://doi.org/10.1016/j.learninstruc.2006.11.004

Hao, J., Liu, L., von Davier, A., Kyllonen, P. C., & Kitchen, C. (2016). Collaborative problem solving
skills versus collaboration outcomes: Findings from statistical analysis and data mining. EDM.

Herborn, K., Mustafic, M., & Greiff, S. (2017). Mapping an experiment-based assessment of collabora-
tive behavior onto collaborative problem solving in PISA 2015: A cluster analysis approach for col-
laborator profiles. Journal of Educational Measurement, 54(1), 103—122. https://doi.org/10.1111/
jedm.12135

Herborn, K., Stadler, M., Mustafi¢, M., & Greiff, S. (2020). The assessment of collaborative problem
solving in PISA 2015: Can computer agents replace humans? Computers in Human Behavior, 104,
105624. https://doi.org/10.1016/j.chb.2018.07.035

Howard, C., Di Eugenio, B., Jordan, P., & Katz, S. (2017). Exploring initiative as a signal of knowl-
edge co-construction during collaborative problem solving. Cognitive Science, 41(6), 1422-1449.
https://doi.org/10.1111/cogs.12415

Jacobs, G. M., & Goh, C. C. M. (2007). Cooperative learning in the language classroom. SEAMEO
Regional Language Centre.

Johnson, D. W., & Johnson, R. T. (1989). Cooperation and competition: Theory and research. Interac-
tion Book Company.

Johnson, D. W., & Johnson, R. T. (2003). Assessing students in groups: Promoting group responsibility
and individual accountability. Corwin Press.

Kim, J.-I., Kim, M., & Svinicki, M. D. (2012). Situating students’ motivation in cooperative learning
contexts: Proposing different levels of goal orientations. Journal of Experimental Education, 80(4),
352-385. https://doi.org/10.1080/00220973.2011.625996

Li, C. H,, & Liu, Z. Y. (2017). Collaborative problem-solving behavior of 15-year-old Taiwanese stu-
dents in science education. EURASIA Journal of Mathematics, Science and Technology Education,
13(10). https://doi.org/10.12973/ejmste/78189

Li, S., Poysd-Tarhonen, J., & Hékkinen, P. (2022). Patterns of action transitions in online collaborative
problem solving: A network analysis approach. International Journal of Computer-Based Collabo-
rative. Learning, 17(2), 191-223. https://doi.org/10.1007/s11412-022-09369-7

Ma, Y. (2021). A cross-cultural study of student self-efficacy profiles and the associated predictors and
outcomes using a multigroup latent profile analysis. Studies in Educational Evaluation, 71, 101071

Ma, Y. (2022). Profiles of student attitudes toward science and its associations with gender and academic
achievement. International Journal of Science Education, 1-20.

Ma, Y., & Corter, J. (2019). The effect of manipulating group task orientation and support for innovation
on collaborative creativity in an educational setting. Thinking Skills and Creativity, 33, 100587.

Maltz, D. N., & Borker, R. A. (1982). A cultural approach to male-female miscommunication. In J. J.
Gumperz (Ed.), Language and social identity (pp. 195-216). Cambridge University Press.

Meyer, J. P., & Morin, A. J. (2016). A person-centered approach to commitment research: Theory,
research, and methodology. Journal of Organizational Behavior, 37(4), 584-612.

Muthén, L., & Muthén, B. (2019). Mplus user’s guide (1998-2019). Muthén & Muthén.

Nichols, J. D., & Miller, R. B. (1994). Cooperative learning and student motivation. Contemporary Edu-
cational Psychology, 19(2), 167-178. https://doi.org/10.1006/ceps.1994.1015

OECD. (2017). PISA 2015 Results (Volumn V): Collaborative Problem Solving. PISA, OECD Publish-
inghttps://doi.org/10.1787/9789264285521-en

Petty, R., Harkins, S., Williams, K., & Latane, B. (1977). The effects of group size on cognitive effort
and evaluation. Personality and Social Psychology Bulletin, 3(4), 579-582.

Reilly, J. M., & Schneider, B. (2019). Predicting the quality of collaborative problem solving through
linguistic analysis of discourse. International Educational Data Mining Society.

@ Springer


https://doi.org/10.1016/j.compedu.2018.07.013
https://doi.org/10.1111/jcal.12307
https://doi.org/10.1111/jcal.12307
https://doi.org/10.1007/s11409-021-09279-3
https://doi.org/10.1016/j.learninstruc.2006.11.004
https://doi.org/10.1111/jedm.12135
https://doi.org/10.1111/jedm.12135
https://doi.org/10.1016/j.chb.2018.07.035
https://doi.org/10.1111/cogs.12415
https://doi.org/10.1080/00220973.2011.625996
https://doi.org/10.12973/ejmste/78189
https://doi.org/10.1007/s11412-022-09369-7
https://doi.org/10.1006/ceps.1994.1015
https://doi.org/10.1787/9789264285521-en

Identifying collaborative problem-solver profiles based... 487

Rosen, Y., Wolf, L., & Stoeffler, K. (2020). Fostering collaborative problem solving skills in science:
The Animalia project. Computers in Human Behavior, 104. https://doi.org/10.1016/j.chb.2019.
02.018

Rummel, N., Mullins, D., & Spada, H. (2012). Scripted collaborative learning with the cognitive tutor
algebra. International Journal of Computer-Supported Collaborative Learning, 7, 307-339.

Scherer, R., & Gustafsson, J.-E. (2015). The relations among openness, perseverance, and performance
in creative problem solving: A substantive-methodological approach. Thinking Skills and Creativ-
ity, 18, 4-17. https://doi.org/10.1016/j.tsc.2015.04.004

Schindler, M., & Bakker, A. (2020). Affective field during collaborative problem posing and problem
solving: A case study. Educational Studies in Mathematics, 105(3), 303-324. https://doi.org/10.
1007/s10649-020-09973-0

Slavin, R. E. (1987). Ability grouping and student achievement in elementary schools: A best evidence
synthesis. Review of Educational Research, 57, 293-336.

Spurk, D., Hirschi, A., Wang, M., Valero, D., & Kauffeld, S. (2020). Latent profile analysis: A review
and “how to” guide of its application within vocational behavior research. Journal of Vocational
Behavior, 120, 103445.

Stadler, M., Herborn, K., Mustafic, M., & Greiff, S. (2019). Computer-based collaborative problem solv-
ing in PISA 2015 and the role of personality. Journal of Intelligence, 7(3). https://doi.org/10.3390/
jintelligence7030015

Stoeffler, K., Rosen, Y., Bolsinova, M., & von Davier, A. A. (2020). Gamified performance assessment
of collaborative problem-solving skills. Computers in Human Behavior, 104. https://doi.org/10.
1016/j.chb.2019.05.033

Summers, J. J., Beretvas, S. N., Svinicki, M. D., & Gorin, J. S. (2005). Evaluating collaborative learning
and community. Journal of Experimental Education, 73(3), 165—188. https://doi.org/10.3200/jexe.
73.3.165-188

Sun, C., Shute, V. J., Stewart, A., Yonehiro, J., Duran, N., & D’Mello, S. (2020). Towards a generalized
competency model of collaborative problem solving. Computers and Education, 143. https://doi.
org/10.1016/j.compedu.2019.103672

Sun, C., Shute, V. J., Stewart, A. E. B., Beck-White, Q., Reinhardt, C. R., Zhou, G. J., Duran, N., &
D’Mello, S. K. (2022). The relationship between collaborative problem solving behaviors and solu-
tion outcomes in a game-based learning environment. Computers in Human Behavior, 128, 14,
Article 107120. https://doi.org/10.1016/j.chb.2021.107120

Tang, P., Liu, H., & Wen, H. (2021). Factors predicting collaborative problem solving: Based on the data
from PISA 2015. Frontiers in Education, 6. https://doi.org/10.3389/feduc.2021.619450

Teig, N., Scherer, R., & Kjernsli, M. (2020). Identifying patterns of students’ performance on simu-
lated inquiry tasks using PISA 2015 log-file data. Journal of Research in Science Teaching, 57(9),
1400-1429.

Unal, E., & Cakir, H. (2021). The effect of technology-supported collaborative problem solving method
on students’ achievement and engagement. Education and Information Technologies, 26(4), 4127—
4150. https://doi.org/10.1007/s10639-021-10463-w

von Davier, A. A. (2017). Computational psychometrics in support of collaborative educational assess-
ments. Journal of Educational Measurement, 54(1), 3—11. https://doi.org/10.1111/jedm.12129

von Davier, M., Gonzalez, E., & Mislevy, R. (2009). What are plausible values and why are they useful.
IERI Monograph Series, 2(1), 9-36.

Vygotsky, L. (1978). Interaction between learning and development. Readings on the Development of
Children, 23(3), 34-41.

Wang. (2018). Collaborative problem-solving performance and its influential factors of 15-year-old stu-
dents in four provinces of China- Based on the PISA 2015 dataset. Research in Educational Devel-
opment, 38(10), 60—68.

Webb, N. M. (1982). Peer interaction and learning in cooperative small groups. Journal of Educational
Psychology, 74(5), 642.

Weiner, B. (1972). Attribution theory, achievement motivation, and the educational process. Review of
Educational Research, 42(2), 203-215.

Wu, Z., Hu, B., Wu, H., Winsler, A., & Chen, L. (2020). Family socioeconomic status and Chinese
preschoolers’ social skills: Examining underlying family processes. Journal of Family Psychology,
34(8), 969-979.

Xu, S. H., & Li, M. J. (2019). Analysis on the student performance and influencing factors in the PISA
2015 collaborative problem-solving assessment: A case study of B-S-J-G (China). Educational
Approach, 277, 9-16.

@ Springer


https://doi.org/10.1016/j.chb.2019.02.018
https://doi.org/10.1016/j.chb.2019.02.018
https://doi.org/10.1016/j.tsc.2015.04.004
https://doi.org/10.1007/s10649-020-09973-0
https://doi.org/10.1007/s10649-020-09973-0
https://doi.org/10.3390/jintelligence7030015
https://doi.org/10.3390/jintelligence7030015
https://doi.org/10.1016/j.chb.2019.05.033
https://doi.org/10.1016/j.chb.2019.05.033
https://doi.org/10.3200/jexe.73.3.165-188
https://doi.org/10.3200/jexe.73.3.165-188
https://doi.org/10.1016/j.compedu.2019.103672
https://doi.org/10.1016/j.compedu.2019.103672
https://doi.org/10.1016/j.chb.2021.107120
https://doi.org/10.3389/feduc.2021.619450
https://doi.org/10.1007/s10639-021-10463-w
https://doi.org/10.1111/jedm.12129

488 Y.Ma et al.

Zheng, Y., Bao, H., Shen, J., & Zhai, X. (2020). Investigating sequence patterns of collaborative prob-
lem-solving behavior in online collaborative discussion activity. Sustainability (Basel, Switzer-
land), 12(20), 8522.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Springer Nature or its licensor (e.g. a society or other partner) holds exclusive rights to this article under
a publishing agreement with the author(s) or other rightsholder(s); author self-archiving of the accepted
manuscript version of this article is solely governed by the terms of such publishing agreement and applicable
law.

@ Springer



	Identifying collaborative problem-solver profiles based on collaborative processing time, actions and skills on a computer-based task
	Abstract
	Introduction
	Prior research on collaborative problem-solving
	Definition of collaborative problem-solving
	Prior research on CPS process
	Prior research on potential factors associated with CPS


	Method
	Data source
	The Xandar task
	Measures
	Data analysis

	Results
	Descriptive statistics
	Latent profile analysis
	Descriptive statistics for latent profiles
	Latent profile analysis with predictors
	Latent profile analysis with outcomes

	Discussion
	Four latent profiles of collaborative problem-solvers
	The association between student demographic and motivational characteristics and profile membership
	The association between profile membership and CPS performance
	Implications, limitations, and future research

	Conclusion
	Appendix PISA 2015 CPS sample unit: Xandar1
	References


