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ABSTRACT

Collaborative problem solving (CPS) is considered a necessary
skill for students and workers in the 215 century as the advent of
technology requires more and more people to frequently work in
teams. In the current study, we employed theoretically-grounded
data mining techniques to identify four profiles of collaborative
problem solvers interacting with an online electronics task. The
profiles were created based on 11 theoretically-grounded CPS
skills defined a priori. The resulting four profiles correlated in
expected directions with in-task performance and had interesting
relationships ~ with external measures associated with  prior
knowledge and CPS skills. These results inform and partially
replicate findings from our previous research using a similar
approach on a smaller dataset. Implications and comparisons
between the two studies will be discussed.
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1. INTRODUCTION

With the increasing need for technology in workplace contexts,
collaborative problem solving (CPS) is considered an important
21 century skill as workers are often required to complete complex
tasks in teams to solve complicated, often technical problems.
Accordingly, the need to teach and assess CPS has gained increased
attention by researchers [4,5]. In research seeking to assess or teach
CPS skills, researchers often employ digital technologies to capture
evidence and improve assessment of CPS, as this skill is complex
and includes many facets.

Assessment,

In defining the facets of CPS there is little dispute that the construct
includes social and cognitive dimensions [1,22]. The social
dimension is meant to be interpersonal, including features such as
sharing information and perspective taking. These types of features
are associated with building a shared understanding among team
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members which is essential for building common ground, an
important component of completing a task [6]. The cognitive
dimension includes components such as planning, representing the
problem, and formulating hypotheses. These components are
complex in nature and therefore difficult to assess with traditional
assessments such as multiple-choice questions  without
compromising fidelity and generalizability [7]. Therefore,
assessment researchers have turned to online environments,
including games and simulations, which allow for collaboration
among team members to capture the discourse and complex actions
necessary to evaluate CPS competency.

To evaluate CPS competency in online environments, both a
competency model and advanced analytic techniques are often
needed. Specifically, a competency model is necessary to identify
skills and features aligning to specific constructs. Analytic
approaches are needed to deal with the large streams of data stored
in log files while also accounting for the underlying competency
model and theoretical explanations [12].

Accordingly, in an effort to assess students’ CPS skills in an online
environment, we employ a theoretically-grounded data mining
approach [9] incorporating a conceptual model and machine
learning approaches in an iterative process. Specifically, we define
a competency model based on existing literature that identifies
features a priori. Our competency model is based on our prior work
[1,2,3] and used to extract features in a meaningful way, and
machine learning algorithms are used to profile students. We then
interpret and refine algorithms based on theoretical interpretations.
Thus, the process is a collaborative effort between computer
scientists, learning scientists, psychometricians, and cognitive
psychologists. In the current study, this principled process is used
to replicate findings from a previous study [2] by discovering
profiles of collaborative problem solvers that are strongly grounded
in theory associated with cognitive and social psychological
research. We then validate these profiles with external measures
and compare these profiles with our previous findings from
students interacting with the same online collaborative electronics
task.

2. METHODS

2.1 Participants

Students in electronics, engineering, and physics programs were
recruited from universities and community colleges across the
United States to complete the study. In total, there were 378
students who participated. Of those students who reported their
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gender, 76% were males and 21% were females with 3% other,
preferring not to respond, or unreported. Of those who reported
their race, 62% were White, 7% were Black or African American,
8% were Asian, 10% reported being more than one race, 1%
reported Other, with 4% preferring not to answer or unreported. For
ethnicity, 7% reported being Hispanic. The modal age range among
students was 18 to 20 years old.

2.2 Tasks and Measures

To complete the study students first completed a pretest about
electronics concepts to gather information about their content
knowledge, next progressed to the online electronics task, and then
completed self-report measures where they rated themselves and
their teammates on CPS capabilities along social and cognitive
dimensions. We will first discuss the external measures and then
the online electronics task.

2.2.1 External Prior Knowledge Test

The external prior knowledge test was created by a group of
experts concerning the series circuit problem. First a conceptual
map of the problem was created. Then, a g matrix defining skills
and complexity was devised to create an equal number of
questions for each electronics skill necessary to solve the series
circuit problem. Next, the final items were validated by experts as
well as through psychometric analysis. As a result, the original
test included 28 items but only 23 saliently reflected the original
intent of the test developers based on a CFA [24]. Thus, the total
score per student for the 23 items is the measure of prior

knowledge.

2.2.2 CPS Inventory

The CPS Inventory serves as a self-report measure of CPS skills
that aligns to a competency model of CPS (which will be discussed
in more detail in the next section). The Inventory consists of 14
items, seven of which correspond to social CPS behaviors (e.g., |
tried to establish a good relationship with my teammates) and seven
of which correspond to cognitive CPS behaviors (e.g., | helped
develop a plan to solve the problem). There is a “self” version of
the Inventory where participants rate their own CPS behaviors on a
4-point Likert scale (1=strongly disagree, 4=strongly agree) and a
“team” version where participants rate their team’s CPS behaviors
as a whole on a 4-point Likert scale (1=strongly disagree,
4=strongly agree). The CPS Inventory was administered after
students completed the electronics task described next.

2.2.3 Three-Resistor Activity

Students solved a collaborative problem on electronics concepts
associated with Ohm’s Law and Kirchhoff’s Voltage Law. Each
student in a team of three worked on a separate computer, each
running a simulation of an electronics circuit. Each student’s circuit
was connected to form a series circuit.

Teaching Teamwork: Three Resistors - Level A

Circuit 3 (User: Bear, Group: Animals)
@ ovien

Circuit 1 Circuit 2 Circuit 3

Ri | R2 | R3

Figure 1. Screenshot of Three-Resistor Activity

Students were randomly assigned into teams by their instructors
and team members were anonymized with provided usernames
(e.g., Lion, Tiger, Bear). Within the interface, each student had a
chat window, a digital multi-meter (DMM), probes extending from
the DMM (red and black), a resistor, a zoom button, a calculator,
and a submit button (See Figure 1 for a screenshot of the task
interface). These features of the interface made it possible for
students to communicate with teammates, take measurements, view
and change the resistance on their boards, zoom out to view other
teammates’ boards, perform calculations, and submit answer
choices.

In the task, students had the goal of reaching a specified goal
voltage value on each of their circuit boards. Because each of the
circuits were connected in series, any changes made on one circuit
board would affect readings on all teammates’ circuits which
required the need for collaboration around coordinating actions so
that everyone could reach their goal voltage values. The task has
four levels which increase in difficulty as one variable changes in
the task interface. In Level 1 each student had the same goal voltage
value to achieve and the values of the resistance (R0) and supply
voltage (E) of an external, fourth circuit in the series that students
could not control were provided. In Level 2 the resistance and
supply voltage of the external, fourth circuit were still provided, but
each teammate now had a different goal voltage to reach. In Level
3, teammates had different goal voltages, the external resistance
was provided, but the external supply voltage was unknown and
needed to be found to solve the problem. In Level 4, teammates
again had different goal voltages, but now both the external
resistance and supply voltage were unknown and needed to be
found. The task was designed so that students may only proceed to
attempt the next level after completing the previous level.
Therefore, levels attempted can be used as a proxy measure for
performance on the electronics task. To identify the CPS skills
exhibited while solving the Three-Resistor Activity, a CPS
conceptual framework outlined in the form of an ontology was
created, as described next.

2.2. CPS Conceptual Framework

A CPS ontology (similar to a concept map) was created using the
In-Task Assessment Framework (I-TAF) approach [3,12]. This
approach is an augmented version of evidence-centered design
(ECD) that supports identification of features of complex
constructs in online environments.
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Creating the ontology required iterative refinement with the support
of subject matter experts and data. The ontology was created based
on literature from areas such as computer-supported collaborative
learning, organizational psychology, individual problem solving,
and linguistics [11,14,15, 18,19,20,21,22,23]. Data collected from
the Three-Resistor Activity then informed changes to the ontology
so that it most accurately reflects the construct as well as associated
skills, strategies, tactics, and features based on real data collected
from students interacting with the task.

To visually display the various components of CPS, the ontology is
designed hierarchically. The construct (i.e., CPS) sits at the top with
the two dimensions of CPS (social and cognitive) as second layer
nodes. The social and cognitive nodes are linked to CPS skills
associated with each dimension. Specifically, there are four skills
in the social dimension and five skills in the cognitive dimension.
The social dimension includes maintaining communication,
sharing information, establishing shared understanding, and
negotiating. The cognitive dimension includes exploring and
understanding, representing and formulating, planning, executing,
and monitoring. For a more in- depth discussion of this work, please
refer to [1,2,3].

The nine high-level CPS skills are linked to 23 sub-skills on the
fourth and fifth layers of the ontology. These sub-skills more
explicitly define each of the nine CPS skills. For example, the
sharing information CPS skill includes three sub-skills, sharing
one’s own information, sharing task or resource information, and
sharing understanding. The sub-skills are connected to an evidence
model which provides nodes corresponding to strategies or
behaviors needed to indicate evidence of each sub-skill. The
strategy nodes are then linked to tactic nodes which correspond to
in-task affordances available to carry out a given strategy and
subsequently feature nodes that can be inferred from individuals’
behaviors. These features are identified in the log files for
extraction and additional analysis. See Figure 2 for an example of
the structure of a portion of the CPS ontology.

Colsborative Preblem
Solving

aten,

Figure 2. CPS Ontology Fragment

For this particular ontology, the majority of the skills are
represented by discourse features associated with team members
chatting amongst each other. As there are limited natural language
processing tools to identify such low level and abstract features of
CPS, qualitative coding was conducted.

2.3 Qualitative Coding

The qualitative coding was conducted on 51,805 rows of log data
corresponding to student-generated chats and actions (e.g., resistor
changes, calculations) to identify the 23 CPS sub-skills.
Specifically, three raters coded each log file event, with each event
only receiving one code. To examine inter-rater reliability, a
random sample of 20% of the data were triple coded. The inter-rater
reliability among the raters was found to be Kappa = .93, indicating
substantial agreement [13]. All discrepancies among the coders
were discussed to reach consensus for a final code. The remaining
data were coded individually by the raters.

During qualitative coding, raters were looking for evidence of one
of 23 sub-skills within nine high-level CPS skills under the social
and cognitive dimensions of CPS. We next describe each of the
sub-skills in turn. In the social dimension, maintaining
communication  corresponds to  content-irrelevant  social
communication [15,16] and includes three sub-skills, rapport
building communication (e.g., greeting teammates), off-topic
communication (e.g., talking about homework from another class),
and inappropriate communication (e.g., denigrating teammates).
Sharing information corresponds to content-relevant information
used in the service of solving the problem [22,25] and includes
three sub-skills, sharing one’s own information (e.g., sharing one’s
goal voltage), sharing task or resource information (e.g., sharing
where the calculator is located in the task interface), and sharing
the state of one’s understanding (e.g., metacognitive statements
such as, “I don’t know”). Establishing shared understanding
corresponds to communication used to learn the perspective of
others and ensure that communication is understood by others [6].
This CPS skill includes two sub-skills, the presentation phase (e.g.,
requests for information) and the acceptance phase which includes
responses indicating comprehension or lack of comprehension of a
statement. Negotiating corresponds to communication used to
identify conflicts and resolve those that arise [11], and includes
three sub-skills, expressing agreement (e.g., “you are right”),
expressing disagreement (e.g., “that’s not right”), and resolving
conflicts.

In the cognitive dimension, exploring and understanding
corresponds to actions used to explore the task interface and
understand the problem [21] and includes two sub-skills, exploring
the environment (e.g., spinning the dial on the DMM) and
understanding the problem. Representing and formulating
corresponds to communication used to build a mental
representation of the problem and formulate hypotheses for how to
solve the problem [19,21]. There are two sub-skills for this CPS
skill, representing the problem (e.g., “this is a series circuit”) and
formulating hypotheses (e.g., “I think if everyone has 470 ohms it
will be 3.25”). Planning corresponds to communication used to
develop a strategy for solving the problem [11, 21], and includes
three sub-skills, setting goals (e.g., “We need 6.69 V across our
resistors”), managing resources (e.g., “We need to find numbers
and decide who does what”), and developing strategies (e.g., “Let’s
find E first using Kirchhoffs voltage law”). Executing corresponds
to communication and actions used in the service of carrying out a
plan [21]. This CPS skill includes three sub-skills, enacting
strategies (e.g., performing calculations), directing actions (e.g.,
“Adjust yours to 300 ohms”), and reporting actions (e.g., “I set
mine to 120”). Monitoring corresponds to communication and
actions in the service of monitoring teammates or progress toward
the goal [21,22], and includes two sub-skills, monitoring team
organization (e.g., checking on the status of teammates or clicking
the Zoom button) and monitoring success (e.g., “We got it” or
clicking submit).
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3. ANALYSES AND RESULTS

After completing the qualitative coding, the quantitative analyses
were conducted in two stages: profile discovery and then
validation. For the profile discovery, we performed a hierarchical
cluster analysis on the frequencies of each individual’s display of
the high-level CPS skills using the Ward method [26] as this was
an appropriate clustering method given the sample size [17]. We
collapsed the 23 sub-skills into the high-level CPS skills for the
cluster analysis in order to replicate the process used in previous
research [2]. Next, the revealed profiles were compared according
to their task performance as identified by number of task levels
attempted, performance on the electronics pre-test, and ratings on
the self and team CPS Inventory with Kruskal-Wallis tests and
Mont Carlo simulations to ensure accurate statistical significance.

3.1 Profile Discovery

We discovered profiles of various types of collaborative problem
solvers based on the CPS skills as determined by the competency
model (i.e., CPS ontology). Since two of the CPS skills (monitoring
and executing) each had both chat and actions as features to
determine these skills, we separated them into separate chat and
action skills (i.e., monitoring chats, monitoring actions, executing
chats, executing actions). Thus, the total number of CPS skills
clustered were 11. A hierarchical cluster analysis using the Ward
method [26] was conducted on the standardized frequencies of CPS
skills displayed for each student. The final number of resulting
profiles was determined based on a theoretical interpretation of
each of the profiles. Therefore, the profiles were not chosen by fit
metrics alone but rather how meaningful these profiles were with
respect to social and cognitive psychological research. This was a
similar approach to that which was used in our prior work [2].
Although the method was similar, the resulting profiles had some
differences. Four profiles emerged with varying sample sizes,
which were named Social Loafers, Active Collaborators, Super
Socials, and Low Collaborators. In our interpretation of the
profiles, we used standardized average frequencies of the CPS
skills to discuss patterns across the four profiles.

3.1.1 Social Loafers

The Social Loafers (n = 190) were a group of individuals that
displayed below average frequencies of every CPS skill. These
individuals did not contribute much to the team’s problem solving.
Social loafing has a long history in social psychology as a
phenomenon where individuals assume that other team members
will complete the task and therefore reduce their own effort [14].

3.1.2 Active Collaborators

The Active Collaborators (n = 24) displayed high frequencies on all
of the identified CPS skills in the competency model [3] except for
monitoring actions (z = -.28). Indeed, these individuals had z values
greater than 1 on two of the CPS skills, and greater than 2 on
another two CPS skills consistently indicating students being on
average, at least an entire standard deviation above the overall
mean. Specifically, sharing information (z = 1.44) and establishing
shared understanding (z = 1.08), were above the mean.
Furthermore, executing chats (z = 2.23) and monitoring chats (z =
2.83) were over a standard deviation above the mean. All other CPS
skills had positive standardized values, indicating that these
students were generally active in communicating with teammates
and helping solve the problem.

3.1.3 Super Socials

The Super Socials (n = 91) showed high frequencies on the social
dimension of CPS skills [1], but lower frequencies for the

cognitive CPS skills in comparison (except for representing and
formulating). Specifically, these individuals showed the highest
demonstration of negotiating behaviors in comparison to the other
profiles (z = 1.02) and had positive standardized values on all
other social skills, though not quite at the level of the Active
Collaborators. The only cognitive CPS skills with positive
standardized values were communication-based behaviors
representing and formulating (z = 1.08), planning (z = .51),
executing chats (z =.21), and monitoring chats (z =.09).

3.1.4 Low Collaborators

The Low Collaborators profile (n = 73) consisted of individuals that
did not appear to collaborate with their teammates based on the
features in the competency model [3]. However, they did show high
levels of action-based cognitive behaviors including exploring and
understanding (z =.77), monitoring actions (z = 1.21) and executing
actions (z =.76). The Low Collaborators had negative standardized
values for all other CPS skills. These individuals appeared to work
alone without communicating with their teammates which is
different from the Social Loafers who simply did not do much work
atall.

3.2 Profile Validation

The profiles were validated with both log data performance metrics
as well as external measures.

3.2.1 In-Task Performance and Profile Membership
There was a significant relationship between profile membership
and the number of task levels attempted, a proxy for performance
in the task, (X? (3,370) = 7.66, p =.05, partial #*> = .02). The Monte
Carlo simulation for significance with 10,000 samples revealed a
significance level of p = .05 (lower bound p =.047, upper bound p
= .059). Specifically, the mean ranks, where higher values
corresponded to more levels attempted, were the lowest for the
Social Loafers (175.00) and highest for the Active Collaborators
(219.88) which is similar to our previous findings [2]. The mean
ranks for the Super Socials and Low Collaborators fell in between
the aforementioned profiles (194.87 and 189.57, respectively).
These patterns indicate that the Active Collaborators and Super
Socials had higher mean ranks on performance than Social Loafers
and Low Collaborators.

3.2.2 Pre-Test Performance and Profile Membership
The profiles were compared to the external electronics pre-test, a
measure of prior knowledge. The test included 23 items that were
summed to create a score for each student participant. Results
revealed that there was a significant relationship between profile
membership and performance on the electronics test (X? (3, 370) =
8.83, p < .05, partial n* = .02). The Monte Carlo simulation for
significance with 10,000 samples revealed a significance level of
.027 (lower bound p = .021, upper bound p = .031). The highest
mean rank for prior knowledge was for the Active Collaborators
(212.73) and the lowest was for the Low Collaborators (172.10).
Ranging in the middle, the Super Socials had higher mean ranks
than the Social Loafers (209.42 and 175.45, respectively). Post hoc
comparisons with a Bonferroni correction revealed a marginally
significant difference between Social Loafers and Super Socials
(p=.08). No other pairwise comparisons approached statistical
significance (all p’s > .10).

3.2.3 Post-Task Self-Report and Profile Membership

The profiles were compared to student’s ratings of their own CPS
behaviors (Self CPS Inventory) and their team’s CPS behaviors
(Team CPS Inventory).
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There was a significant relationship between self-ratings of CPS
skills (sum of ratings for Self CPS Inventory) and cluster
membership (X? (3,349) = 15.57, p < .05, partial n*> = .05). The
Monte Carlo simulation with 10,000 samples revealed a
significance level of p = .001 (lower bound p = .001, upper bound
p =.002). Mean ranks were highest for the Super Socials (210.18)
and lowest for the Social Loafers (160.58), with the Active
Collaborators having higher mean ranks than the Low
Collaborators as expected (184.96 and 162.22, respectively). Post
hoc comparisons with a Bonferonni correction revealed a
significant difference between Low Collaborators and Super
Socials (p < .02) and Social Loafers and Super Socials (p = .001).

There was a significant relationship between ratings on the Team
CPS Inventory and profile membership as well (X? (3,349) = 9.04,
p < .05, partial ?> = .03). Monte Carlo simulation with 10,000
samples revealed a significance of p =.028 (lower bound p = .024,
upper bound p = .032). The highest mean rank was for the Super
Socials (199.47) and the lowest was for the Social Loafers (161.53),
with Active Collaborators having higher mean ranks than Low
Collaborators as expected (191.74 and 171.78, respectively). Post
hoc comparisons with a Bonferroni correction revealed a
significant difference between the Super Socials and Low
Collaborators (p = .02).

4. CONCLUSIONS

Overall, we discovered four meaningful profiles of types of
collaborative  problem solvers: Social Loafers, Active
Collaborators, Super Socials, and Low Collaborators. These
profiles had significant relationships with in-task performance,
electronics prior knowledge, and self-reported CPS capabilities.

The four profiles discovered partially replicate previous findings
[2]. Specifically, in our previous study, Social Loafers and Active
Collaborators also emerged as profile groups. The Social Loafers
could also be called “Free Riders” as these individuals do not
contribute much to solving the problem with their teammates.
Conversely, the Active Collaborators, which were a small subset of
the sample, performed well on all measured aspects of CPS. As
expected, Active Collaborators showed better in-task performance
than Social Loafers which replicates findings from our prior work
[2]. This makes sense as the Active Collaborators displayed high
frequencies of CPS behaviors and should therefore have performed
well on the task. Social Loafers may have been expecting others to
do the work and therefore should not have performed as well on the
task.

There were two new profiles that differed but still augmented our
previous findings. We attribute these differences to a change in
sample size and its diversity. The sample size was nearly three
times the size of the previous sample and included students in a
wider variety of domains, including electronics, engineering, and
physics. The new profiles that emerged in this experiment included
the third profile called the Super Socials which does align with
other profiles that have been examined. Specifically, in prior work
we have found what we termed a high social/low cognitive profile
that behaved similarly in displaying high levels of social CPS
behaviors and comparatively lower levels of cognitive CPS
behaviors. This profile was discovered by an examination of the
two dimensions based on means of the CPS features rather than
cluster analysis [1]. Beyond this, other work has found a profile
designated as “Compensating Collaborators” who had high
collaboration actions but performed poorly on problem solving
variables [10]. The last profile, the Low Collaborators, also did not
emerge in our prior cluster analysis work [2] but could be usefully
compared to the Chatty Doers from that work. Similar to the Low

Collaborators, the Chatty Doers demonstrated a high level of
executing actions, but in contrast, the Chatty Doers did engage in
communication with their teammates, though most of the
communication was in the maintaining communication category.
Interestingly, the Low Collaborators did not seek to engage with
their teammates and instead appeared to work alone by engaging in
executing and exploratory actions.

In regards to prior knowledge, Active Collaborators and Super
Socials demonstrated the first and second highest average scores on
the electronics pre-test. It is possible that their higher prior
knowledge enabled them to engage in more communication
behaviors and problem-solving behaviors (in the case of the Active
Collaborators) to contribute to solving the problem. The opposite
could be said for the Social Loafers and Low Collaborators, the
latter of which had the lowest average pre-test performance. For
example, perhaps the Low Collaborators did not want to collaborate
with others and preferred to work alone because they were
embarrassed of their low levels of content knowledge. On the other
hand, perhaps the Low Collaborators already had low content
knowledge because of their refusal to work with, and therefore
learn from, others on previous tasks. Causality and directionality
certainly cannot be determined by these analyses. However, these
findings do suggest that testing these hypotheses may provide
important insights for CPS researchers.

The Self and Team CPS Inventories required students to rate
themselves based on their own metacognitive judgments of their
own CPS behaviors as well as their team’s CPS behaviors. The
Super Socials had the highest ratings for CPS behaviors both for
themselves and for their team while the Social Loafers had the
lowest ratings on each inventory. These results were expected,
though we would also expect high ratings for the Active
Collaborators and lower ratings for the Low Collaborators (mean
ranks showed such patterns).

All of these findings together suggest that further research should
be conducted to explore whether the same kinds of patterns of
results emerge with relationships among profiles such as the ones
observed in this study, in-task performance, and other ratings. One
limitation of this study is that the in-task performance measure
includes aspects of the contributions from others while the CPS
profile is based on an individual’s contributions. Despite the
interdependent nature of the electronics task, we are continuing
work in developing an alternative in-task performance measure that
potentially  incorporates  only individual  contributions.
Furthermore, the CPS Inventory relies on self-judgments which can
sometimes have biases [8]; however, we did want to incorporate
some external measure of CPS behaviors that could be compared
to participants’ in-task CPS behaviors. Finally, the CPS skills used
to develop the profiles included only the higher aggregate level
CPS skills, as the sample size was not sufficient to include the lower
level coded data.

Overall, we found that this study, which included a larger sample
size and new external measures relative to our previous work,
partially replicated and informed our previous findings. Our
theoretically-grounded data mining approach appears to reveal
meaningful profiles on two separate data sets with students
completing the same electronics task. We hope that this work will
inform future work on ways to incorporate theory and data-driven
approaches to make inferences about individuals’ CPS capabilities,
and contribute to a better understanding of types of collaborative
problem solvers, including how certain CPS behaviors relate to
various relevant measures.
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