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Abstract: This study reported the development and evaluation of an intelligent math mobile computer-supported collaborative
learning (mCSCL) system for solving fractions. The software included a recommender system and a guessing detector. The
aggregated model of a content-based filtering (CBF) algorithm for a group was used to build the recommendation function of the
software. The dice coefficient was utilized to determine the dissimilarity of the selected game settings vis-à-vis the problem space
PPP. Meanwhile, the guessing detector comprised the Rasch model and computational fluency (CF). CF, in turn, had two
components: response time and accuracy. All three indicators had to be flagged as true to classify a student as guessing. Fifty-five
Grade 5 students from the elementary departments of four universities inManila participated in the study. Results showed that the
software was able to detect the guessing behavior of each student and provided individualized feedback to those who exhibited
guessing. The software also generated recommendations (i.e., game settings), confirming the effectiveness of the CBF and dice
coefficient. Content analysis revealed that the software received favorable remarks from the students, implying its relevance to
their mathematics learning. However, despite these capabilities, students still exhibited under- and over-practice of certain skills.
Limitations of the software were also discussed.
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1. INTRODUCTION
Computer-supported collaborative learning (CSCL) is an approach
where computers and other digital tools support and enhance group
learning activities [1]. With the proliferation of digital devices like
cell phones and tablets, mobile CSCL (mCSCL) has emerged [2].
Mathematics education is one of the fields that leverage the
functionalities of mCSCL. It has long been established that it
has a positive impact on both mathematics academic performance
and social aspects (e.g., group cohesion, group interactions, confi-
dence, motivation, interest, satisfaction, and others) [3].

AlthoughmathmCSCL has existed for some time, it is noticeable
that the focus on developing math mCSCL intelligence has been
overlooked. In the study conducted by Bringula and Atienza [3], they
found that the math mCSCL developed from 2007 to 2021 did not
incorporate artificial intelligence (AI). Due to the current state of
existing math mCSCL applications that adopt a one-size-fits-all
approach, various research gaps have emerged. The current math
mCSCL treats all learners the same, without being adaptive to
individual and group proficiency levels or pace. Without AI func-
tionality in math mCSCL, it is difficult to monitor the group and
provide effective support to facilitate group collaboration (e.g.,
balancing participation, detecting guessing, and detecting over-/
under-practice). Students are also not provided with timely prompts
and feedback suited to their individual and group performance.
Finally, educators may have limited insights into what is happening

in the math mCSCL environment, which consequently prevents them
from providing appropriate manual interventions.

This study was designed to address the issues identified in the
earlier discussions. Its objectives were to manage under- and
over-practice, detect instances of guessing during the game, and
recommend problems based on the performance of the group.
Various algorithms were implemented in the development of the
math mCSCL, specifically for solving fractions. The developed
software was called Ibigkas! Math, which is subsequently referred
to interchangeably as “the software” or “the game.” This study
reported the design, development, and evaluation results of the
software.

The succeeding sections are organized as follows. The Related
Work section reviews earlier studies. The Design and Development
of the Software section explains the development process. The
Testing, Software Usage, and Evaluation section describes
the testing procedures, user experiences, and evaluation metrics.
The Results of the Content Analysis are then presented, followed
by the Discussion section. The paper ends with the Conclusion,
Recommendations, and Future Works, which summarize the
results, suggest practical actions, and indicate directions for future
research.

2. RELATED WORK
A. MOBILE CSCL

Several studies have examined the scope of research on mCSCL.
Amara et al. [4] reviewed 12 studies published between 2005 andCorresponding author: Rex P. Bringula (e-mail: rex.bringula@ue.edu.ph).
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2013 that focused on group formation strategies. Learners were
most often grouped by personal characteristics such as age, gender,
interests, preferences, and prior learning experiences, including
performance scores. In addition, more than 20 types of learning
behaviors were used to form groups, and context information was
also a common basis for grouping students.

Sung et al. [5] conducted a meta-analysis of 48 peer-reviewed
journal articles and doctoral dissertations published between 2000
and 2015. Their results showed that mCSCL produced an above-
average impact on academic performance (i.e., an overall mean
effect size= 0.516). Learning achievement was the most frequently
assessed outcome (66%), followed by learning attitudes (22%)
and interaction (12%). Participants were primarily college students
(35%) and elementary students (33%). Only five studies focused
on mathematics. Group sizes most often included mixed
groups (29%) and triads (21%). Interventions usually lasted
one to four weeks (33%), most often in classroom settings
(73%). A notable limitation was that more than half of the studies
(56%) did not report group composition. Although students
worked collaboratively, rewards were given individually in most
cases (81%).

More recently, Peramunugamage et al. [6] reviewed 48 studies
on mobile collaborative learning (CL) in engineering education.
The most frequently addressed topics were mobile application
development and agent-based systems. Common research designs
included mixed methods, case studies, and experimental ap-
proaches. Reported sample sizes varied widely, ranging from 26
to 1,121 participants.

B. MATHEMATICS mCSCL

CL enhances students’ understanding of mathematical concepts by
encouraging interaction and knowledge exchange [7]. The use of
mobile devices extends these benefits by creating interactive
environments that facilitate collaboration. In mCSCL, students
engage with mathematical ideas in real-world contexts through
situational learning, which makes abstract concepts more accessi-
ble [8].

Mobile tools also promote negotiation and strengthen social
interaction skills, as students discuss and solve mathematical
problems together [9]. Unlike desktop computers, handheld de-
vices support face-to-face communication, enabling learners to
coordinate more effectively and to understand their peers’ per-
spectives [10]. These advantages highlight the potential of mathe-
matics mCSCL. However, research in this field remains scarce, and
existing studies provide only partial insights without conclusive
evidence.

C. DESIGN IMPROVEMENTS FOR mCSCL

The design of CSCL and mCSCL systems presents several
challenges that limit their benefits. One issue concerns the balance
between over-practice and under-practice of skills [11]. Groups
often select tasks that they already find manageable, which
narrows opportunities for growth and reinforces existing
strengths rather than addressing weaknesses [11,12]. This behav-
ior is partly shaped by group conformity, where members align
with collective choices even when those choices are suboptimal
for learning [13]. Another challenge lies in the limited ability of
current systems to detect reduced participation, which can distort
team outcomes [14]. Members may also overestimate their indi-
vidual contributions, which creates a misleading sense of

productivity that does not match actual group performance
[15]. Furthermore, these systems often lack the capacity to adapt
to the evolving needs of groups or to assess real-time team
underperformance [16].

A further concern is the phenomenon of gaming the system
(GTS), which remains underexplored in CSCL and mCSCL
contexts. GTS involves students exploiting regularities in the
software to succeed without engaging meaningfully with the
material [17]. Guessing represents one common form of this
behavior [18]. Studies in intelligent tutoring systems have exam-
ined GTS extensively, applying models such as decision trees,
Bayesian methods, neural networks, and latent response models to
detect it [18].

Researchers have also investigated design strategies to reduce
GTS. Effective approaches include integrating pedagogical agents
to discourage gaming [19], providing textual feedback [20], in-
forming students that their actions are being monitored [21], and
making students aware of peers’ gaming behaviors [22]. Delaying
access to hints has shown less promise [23], while withholding
points from students who engage in off-task behaviors has also
been proposed as a corrective measure [24].

Addressing these limitations may require system designs that
are more adaptive and responsive to group dynamics. One prom-
ising direction is the integration of group collaborative filtering
within recommender systems. This approach enables systems to
suggest tasks aligned with desired learning states and group
progress, encouraging balanced participation and improved
engagement [25]. Another strategy involves applying Item
Response Theory (IRT) to detect behaviors such as guessing.
IRT can identify cases where students provide correct answers
despite lacking the ability level needed for the task, indicating
potential guessing [26,27]. The predictive accuracy of IRT may be
enhanced by incorporating measures of computational fluency
(CF), assessed through accuracy and response speed [28,29].
Combining these methods could strengthen system feedback
and provide more reliable indicators of student progress, which
can support adaptations that better align with both individual and
group needs.

3. DESIGN AND DEVELOPMENT OF THE
SOFTWARE

A. SOFTWARE DESCRIPTION

The software is a web-based, game-based learning application for
Grade 5 students. It is a collaborative game that covers addition,
subtraction, multiplication, and division of fractions. The applica-
tion generates arithmetic problems, and it displays on one of the
teammembers’mobile devices (Fig. 1). The player must read aloud
the arithmetic problems. The answers are presented in multiple-
choice format. The correct answer only appears on one of the team
members’ devices. The game could be played by 2 to 4 mem-
bers [30].

The game settings included the types of arithmetic problems
(addition, subtraction, multiplication, and division), difficulty
levels (very easy, easy, medium, hard, and very hard), and speed
(very slow, slow, medium, fast, and very fast). The game scores
were based on the speed setting. The untimed speed had no
equivalent points. The points for the other settings were as
follows: very slow corresponds to 2 points, slow for 5 points,
medium for 10 points, fast for 15 points, and very fast for 20
points.
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B. GUESSING DETECTION USING THE RASCH
MODEL AND COMPUTATIONAL FLUENCY

“GTS” refers to a student’s intentional use of the properties of the
software to complete a task, rather than engaging in deep thinking
or understanding of the material [31]. Guessing is a form of GTS
[18,32]. Prior works extensively investigated guessing behavior in
an ITS and used different models (e.g., decision tree, Bayesian
method, latent response model, etc.) to detect this behavior [18,33].

Guessing has been observed both at the individual and group
levels. In an individual setting, guessing is related to the learner’s
competency and intention [34]. At the group level, a member
makes guesses because they want the team to succeed (i.e., to win a
prize in a competition) [12]. Hence, the guessing detection of each
member should be implemented in the software. The Rasch model
(RM) of IRT is an appropriate model for detecting individual
students at the group level.

The RM is a statistical approach that provides a probabilistic
model that attempts to explain the response of a person to an item
[35,36]. It has been applied to evaluate and improve the validity,
accuracy, and reliability of items in a test [37]. It is based on the
assumption that the performance of a person on a test item can be
predicted (or explained) by latent variables like abilities [38]. In
other words, a person may find the items on a certain instrument
easy or difficult depending on their abilities relative to all those
taking the same test. The relationship between the abilities of the
person and the probability that the item can be answered correctly
makes this model appropriate for detecting guessing. RM is
mathematically defined below (Equation 1). Equation 1 is a
one-parameter logistic model:

PiðθÞ =
eθ−bi

1þ eθ−bi
i = 1,2,3, : : : ,n (1)

where

• Pi(θ) is the probability that a randomly chosen student with
ability θ answers item i correctly;

• θ is the ability of the student (measured in logits);

• bi is the item’s difficulty parameter (measured in logits);

• n is the number of items in the test;

• e is Euler’s number with a value of 2.718 (rounded off to three
decimal digits).

This model can detect misfits. Misfit occurs when the ability of
the students does not match the difficulty of the item. If the
students’ ability is less than the difficulty of the item, and yet
that student correctly answered an item, this is considered a misfit
[27]. This test behavior is construed as guessing [39].

However, RM only uses the final response data (right or
wrong) to detect guessing. It does not account for the CF of the
students. CF)is an indicator of mathematics mastery. It is defined as
the ability of the students to answer math problems quickly and
accurately [40,41]. Based on this definition, CF was measured in
terms of response time (RT) and accuracy (Acc). RT is the time
spent by the students in answering an item test [42]. Rapid guessing
is characterized by the RT to answer an item being very short
relative to the amount of time required for the items [43]. However,
RT alone does not indicate CF. The Acc of answers should also be
included alongside RT. Acc is the ratio between correct attempts
and the number of attempts [43].

Combining the results of the RM, RT, and Acc, the student’s
guessing behavior is defined below (Definition 1). The guessing
behavior of a student s (Gs) is a dichotomous classification based on
the results of the RM, RT, and Acc. The authors determined in their
separate study the threshold values for RT and Acc to detect if a
student is guessing [30]. They found that if a student’s RT is less
than 1.7 seconds and the average Acc is greater than 13%, then RM
and Acc will be flagged as 1 (i.e., possibly guessing). All three
indicators must be true for the software to determine that the
student is guessing. Fig. 2 shows a screenshot of a student who
was detected guessing.

Definition 1. The guessing behavior of a student s (Gs) is a
dichotomous classification and is a function of guessing (RM),
response time (RT), and accuracy (ACC) of computational
fluency:

Fig. 1. Selected game settings of a student.
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Gs =
�
guessing, RM ∧ RT ∧ Acc = 1
not guessing, otherwise

C. AVOIDING UNDER-/OVER-PRACTICE OF SKILL
THROUGH A RECOMMENDER SYSTEM

A recommender system was developed to avoid under- and over-
practice of mathematics skills. The recommender system was
developed based on the aggregated model of a content-based
filtering (CBF) algorithm for a group (Fig. 3). As shown in
Fig. 3, the selected problems of the individual user (ui) comprised
the user profile (up). A user profile was composed of problems
solved (sij) by ui. These user profiles were then combined using the
aggregate model. The collected user profiles would form the
aggregated profile (gp). The aggregated model of CBF for groups
was then applied to the group profile to generate a recommendation
(i.e., the problems to be solved by members of the group).

The aggregated CBF algorithm is a three-tuple R= (U, S, P),
where R is a recommendation task, U= {u1, u2, u3, : : : , un} is a set
of users, Sij= {s1j, s2j, s3j, : : : sij} is a set of problems solved, and
P= {p1, p2, p3, : : : , pn} is a set of recommended problems to solve.
The recommended problem P is a finite set of game settings. There
are 100 possible game settings (4 arithmetic operations× 5 difficulty
levels× 5 speed settings). To generate the recommended problem P
game setting, it was based on the prior problems solved (sij) by the
individual users (un). The recommended problem Pwas solved using
the dice coefficient (Equation 2), where gp represents the group
profile and pn is the game setting. The dice coefficient can have a
value from 0 to 1 (Equation 2; [25]). The lowest similarity value

between gp and pnwas recommended since this means that it was the
least problem-solved among the user profiles up:

similarityðgp,pnÞ =
2 � jcategoriesðgpÞ ∩ categoriesðpnÞj
jcategoriesðgpÞj+jcategoriesðpnÞj

(2)

Implementing the aggregate CBF, the software was able to
provide a game recommendation setting (Fig. 1). This was generated
based on the sample profiles of the users. To further clarify
this concept, a sample computation is provided below (Table I,
Table II, Fig. 4). For example, Student50 (u1) and Student51 (u2)
used the game. Student50 hosted the game and initially selected
the following game settings: Addition, Very Easy, and Very Slow
(Fig. 1). These game settings are p1 (Table I). Based on this selection,
the group profile gp is generated (Table II). The aggregated CBF
algorithm then used all possible game settings (Table II) and the
group profile gp to compute the dice coefficient (Fig. 4). Based on the
sample computation, the game settings Subtraction, Easy, and Slow
will have the lowest (zero) similarity index. Thus, the software
recommended these game settings (see Fig. 5).

It is worth noting that although the software provided recom-
mendations, students still had the option to accept or reject them.
This game setting was based on initial interviews with elementary
math teachers.

Fig. 2. A student was detected guessing and was reminded not to engage
in a guessing behavior.

Fig. 3. Implementation of the aggregate model of content-based filtering
algorithm for group.

Table I. Sample problem P (game settings)

Problem P Game settings

p1 Add VE VS

p2 Add VE S

p3 Add VE M

p4 Add VE F

p5 Sub VE VS

p6 Sub VE S

: : : : : : : : : : : :

p32 Sub E S

: : : : : : : : : : : :

p100 Div VH VF

Table II. Problems solved (sij) by student50 (u1) generating the
group profile gp

Domain

sjj
gpu1 u2

Add x - x

Sub - - -

Mul - - -

Div - - -

VE x - x

E - - -

M - - -

D - - -

VD - - -

VS x - x

F - - -

Add – addition, Sub – subtraction, Mul –multiplication, Div – division, VE – very
easy, E – easy,M –medium, D – difficult, VD – very difficult, VS – slow, S – slow,
M – medium, F – fast, VF – very fast.
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4. TESTING, SOFTWARE USAGE, AND
EVALUATION

Two universities approved the ethics clearance for this study. After
securing the ethics clearance, testing, software usage, and evaluation
started. An alpha test was conducted [44]. The software was tested in
two phases. The purpose of the first phase of testing is to determine if
there are bugs in the software. The first part involved 80 software
testers who underwent orientation. They utilized a testing protocol.
The protocol involved testing which part of the module should be
scrutinized. The testers need to report and describe the bug in the
form, as well as their observations. Some of the observations
reported included unsuccessful joining a team, not being able to
see the group’s names, and slow Internet connection. These ob-
servations were not necessarily bugs since they are Internet connec-
tivity issues. Nonetheless, they are still worthy of note since they
could affect the group’s performance during the game.

After the first phase and all concerns were addressed, the
second phase commenced. The second part of software testing
involved checking whether the guessing and recommendation
algorithms were performing correctly. The second part of software
testing was also guided by a protocol (phase 2). Eight testers who

were not part of the 80 testers in the first testing evaluated the
software. They utilized a testing form that was intended to catch
possible bugs in the implementation of the algorithm. After this
phase, it was shown that the guessing detection and the recom-
mender system were working well. The forms for both phases can
be downloaded here.

After the testing phases, actual participants utilized the software.
Invitations were sent to the elementary education departments of five
universities, and four agreed to participate. Fifty-five Grade 5
students from the elementary departments of four universities
participated in a 5-day experiment. At the time the gaming sessions
were conducted, the topic had only been introduced to them about a
week earlier. They utilized the software for 15 minutes. The
participants had an average age of 10 years (SD= 0.47) and were
mostly male (n= 31, 56%). A total of 19 teams consisting of 2 or 3
members participated in the study. Twenty trained facilitators
assisted the students during the software utilization. The software
was utilized during their math classes in their classrooms. All
students utilized the software simultaneously. Five to six groups
are simultaneously sharing an Internet connection. The interactions
of the students (e.g., game setting selections, RT, selected responses,
etc.) with the software were logged into the system.

After the experiment, students answered eight open-ended
questions ([45]; Table III). The responses were tabulated in a
spreadsheet. The responses were analyzed through content analysis
[46]. In this method, the frequency of certain words across re-
sponses (e.g., how many students mentioned words directly
answering the questions, such as fun, learn, easy, etc.) was counted
[46]. The researcher encoded all unique terms in a word processor.
Afterward, the same researcher interpreted the terms in light of the
research questions and responses. Then, the second researcher read
the interpretations independently. Ameeting was then conducted to
discuss the disagreement in the interpretations.

5. RESULTS OF THE CONTENT ANALYSIS
This study designed, developed, tested, and implemented a math
mCSCL for fractions. Toward this goal, 55 students participated in
a 5-day experiment. After the experiment, students were asked
about their perceptions of the software using an open-ended
questionnaire. Only 44 students responded to the questionnaire.
Content analysis disclosed that there are 334 unique words identi-
fied through content analysis (Table IV). The five most frequent
words per question and sample responses are also shown in
Table IV.

Fig. 4. Sample computations using the dice coefficient.

Fig. 5. The software provides game settings recommendations.

Table III. Open-ended questions (Q) asked of the participants
after using the software

Q# Question

Q1 What aspects of the game do you like?

Q2 What aspects of the game do you not like?

Q3 Any recommendations to improve the game?

Q4 Do you find the game useful in your studies?

Q5 Kindly explain your answer in the previous section.

Q6 What game settings do you usually choose?

Q7 Why do you choose those settings?

Q8 Are you comfortable playing with your teammates?
Why or why not?
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The analysis of Q1 reveals that the most common word is
“multiplayer” (10%). Students were expressing their enjoyment of
the multiplayer feature of the game. This is corroborated by the
other four respondents, who said that they were happy playing with
their classmates. The word “game” is the second most occurring
word, reflecting their awareness of the nature of the software.
Students feel “happy” while playing the game because they can
interact with their friends. The word “learn” was mentioned three
times, which suggests that the software was not only fun to use but
also helped the students learn math.

When asked about what aspect they do not like about the
game, the majority (20%) did not report anything. Issues relating to
the timer (13%) and the game being fast (11%) were the second and
third most reported issues, respectively. They also found that the
questions (9%) are hard (7%). Other issues reported (not shown in
the table) included that the game could not load properly due to a
poor Internet connection. Regarding the second question, they were
also asked what improvements could be made in the game. As
expected, the majority reported nothing (16%) to be improved. The
other recommendations align with the responses in Q2, such as
adding easier modes (9%), providing simpler fraction problems

(9%), and conducting a practice game (7%) before the actual game
session (7%).

In Q4, all students responded “yes” (100%) to the question of
whether the software is useful for their studies. When asked to
explain their response to Q4, the word “help” (8%) appeared the
most. They find the game (5%) useful (7%) in their math studies
since they could use it for practice (5%). It is worth noting that one
respondent attributed the game to improving his/her self-confi-
dence toward math.

Q5 validates the valuable support the application provides to
students in studying math more effectively. The students provided
a “help” (8%) response, that is, the application is helpful and
“useful” (7%) for their learning math. Also, for them, it is a
“practice” (6%) and a “game” (6%) at the same time. Lastly, it
“improves” (4%) their self-confidence in dealing with Math frac-
tion problems.

The responses in Q6 show that the most appealing words are
“addition” (50%), “slow” (32%), “medium” (32%), “easy” (25%),
and “multiplication” (18%). These words refer to the most selected
game settings. These most selected game settings are easier to solve
compared to subtraction and division of fractions. The responses to

Table IV. Top 5 frequently occurring words per question

Q# Total unique words Words (frequency, percentage) Sample sentences

Q1 69 1. multiplayer (7, 10%)
2. game (6, 9%)
3. fun (5, 7%)
4. happy (4, 6%)
5. learn (3, 4%)

1. I like the multiplayer because I can play with my friends.
2. I like the questions and how the game is designed.
3. It is fun and educational.
4. I’m happy playing with my friends.
5. I learn math.

Q2 45 1. none (9, 20%)
2. timer (6, 13%)
3. fast (5, 11%)
4. questions (4, 9%)
5. hard (3, 7%)

1. None.
2. The timer is so fast.
3. The questions are hard.

Q3 43 1. none (7, 16%)
2. add (4, 9%)
3. fractions (4, 9%)
4. game (3, 7%)
5. play (3, 7%)

1. None.
2. Add a less difficult mode for other students.
3. Easier fraction problems.
4. More practice before the game.
5. Play more before the game.

Q5 71 1. help (6, 8%)
2. useful (5, 7%)
3. practice (4, 6%)
4. game (4, 6%)
5. improves (3, 4%)

1. It will help us study better in math.
2. I find it useful because it helped me.
3. It is a way for me to practice [my math].
4. The game is useful because it helps me and my classmates
with fractions in math.
5. It improves my self-confidence.

Q6 28 1. addition (14, 50%)
2. slow (9, 32%)
3. medium (9, 32%)
4. easy (7, 25%)
5. multiplication (5, 18%)

1. I usually choose addition and slow settings.
2. I usually choose addition and slow settings.
3. I selected a medium setting.
4. I solved easy multiplication problems.
5. I solved easy multiplication problems.

Q7 44 1. easy (12, 27%)
2. answer (5, 11%)
3. comfortable (4, 9%)
4. fun (3, 7%)
5. know (3, 7%)

1. I chose those problems because it is easy.
2. I know the answer.
3. I am comfortable with the problem.
4. It is fun.
5. I know the answer.

Q8 34 1. help (6, 18%)
2. comfortable (5, 15%)
3. fun (5, 15%)
4. enjoy (4, 12%)
5. together (4, 12%)

1. Yes, because we help each other.
2. Yes, because we are comfortable playing with them.
3. It is fun playing with them.
4. I enjoy playing with my classmates.
5. Solving problems together makes it easy.

Total 334
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Question 7 explained why students chose these game settings. The
main reasons were that the problems were easy (27%), they already
knew the answer (11%), or they felt comfortable answering (9%).
Additionally, students selected easier problems because they found
them fun to solve (7%).

In Q8, 43 out of 44 students responded positively to the
question, that is, they find it comfortable working with their
team members. The words “help” (18%), “comfortable” (15%),
“fun” (15%), “enjoy” (12%), and “together” (12%) all indicate that
they are at ease working with their classmates. These words are
associated with their positive experience throughout the gaming
sessions.

6. DISCUSSION
This study developed a math mCSCL. It incorporated a guessing
detector and a recommender system. The guessing detector incor-
porated RM and CF, while the recommender system employed the
aggregated CBF for the group. The developed software was then
tested and evaluated by different sets of users. A series of tests
disclosed that the software was successfully developed and could
be deployed.

Actual users evaluated the software. It was shown that social
interaction, enjoyment, and learning are the primary reasons why
students were engaged in this platform. The most occurring terms
in Q1 highlight the students’ engagement in the game. It is worth
noting that the word “fun” is mentioned consistently throughout the
three questions. The fun component of the game facilitated their
positive learning experiences, implying that the software was
effective for these participants. The frequent mention of this
word and “multiplayer” reflects the core principles of game-based
learning [47] and appreciates the collaborative aspect of the game.
This suggests that students stay engaged because the game envi-
ronment offers interactivity and enjoyment. Their responses are
also to intrinsic motivation, as they choose to join the tasks for the
satisfaction they gain from the software [48]. The word “multi-
player” also aligns with the sociocultural perspective, which sees
learning as a result of social interaction [49,50]. This shows that the
social features of the game help maintain interest and support
meaningful learning through peer collaboration [51]–[54]. While
the word “learn” appeared less frequently relative to the other
words, its presence in the texts confirms that they recognize the
educational value of the game. Therefore, the software effectively
delivers both educational value and enjoyment.

The findings from Q2 show that some students are fully
satisfied with the game. However, feedback from both Q2 and
Q3 highlights areas for improvement—particularly in pacing,
question difficulty, and overall gamemechanics. Although students
can choose the timer speed and difficulty level, many still find the
game too fast and the “easy” mode still too challenging for their
current mathematical competency. The timer feature seems to
increase pressure, which may raise intrinsic cognitive load and
contribute to anxiety [55]. This added stress may cause students to
perceive the questions as more difficult than they are [55]–[57].
Although the content was validated by their teachers, the students
still felt the content was difficult. This is understandable because
the topic is relatively new to them. These reactions can also be
interpreted as students seeking better management of cognitive
load or striving for more experiences (i.e., more practice) that better
support their need for competence. This suggests a need to adjust
the time limits for each speed setting and the difficulty levels to
better match students’ capabilities.

The students view the software as a study aid, as indicated in
their responses in Q4 and Q5. Their responses to these questions are
consistent with Q1. They perceived that the software reinforces
math learning. One student said that the software helps both them
and their classmates. This suggests that some students learn math
better when they work with others [58,59]. In addition to the
cognitive aspects of math learning, social aspects such as self-
confidence building were also mentioned. The software is capable
of boosting students’ confidence in solving math problems. This
finding is consistent with a previous scoping review that math
CSCL could improve social learning aspects [3].

The answers in Q6 and Q7 offer interesting insights about the
students. They chose tasks that they felt confident and capable of
answering. Learning was customized based on the group’s agreed
consensus and based on their collective abilities. This confirms that
peer interaction helps shape the learning environment. Students felt
more comfortable andmotivatedwhen supported by teammates,which
created a safe space for practicing skills [60]. Moreover, they prioritize
success and comfort over challenge because they are still building
foundation skills or confidence in math. They choose these game
settings as a strategic way to help them gain fluency before moving on
to more difficult problems. Students used the settings to regulate task
difficulty and reduce pressure. This reflects the kind of self-regulated
learning supported by adaptable scaffolding in mobile CSCL environ-
ments where learners benefit from tailoring tasks to match their
confidence and competence [61]. For example, one student chose
addition with a slow timer, which allowed more time to think and feel
confident in solving problems. In other words, the high preference for
easy-to-solve problem settings is an indication of self-aware learners.

In the last question, the repeated mention of the words “help”
and “together” shows that students were engaged in teamwork. It
further indicates a strong level of group cohesion. The keywords
“comfortable”, “fun”, and “enjoy” imply positive social dynamics
throughout the game sessions. Therefore, positive peer collabora-
tion is another social benefit the software could facilitate. This
insight shows that peer interaction contributes not only to comfort
but also to students’ willingness to engage in the task. When
learners feel supported by their teammates, they are more likely to
participate and persist [5]. This is again consistent with the findings
of several studies on the social benefits of math mCSCL [3].

7. CONCLUSION, RECOMMENDATIONS,
AND FUTURE WORKS

Based on the findings of the study, the software was able to detect
whether the student was exhibiting a guessing behavior. It was also
able to recommend game settings based on the group’s math perfor-
mance within the software. Hence, the core algorithms of the software
function effectively. The successful deployment of the software across
users validates the functionalities of the software. Therefore, it can be
concluded that the software performed its intended purpose.

Meanwhile, the software successfully combines both learning
and enjoyment. As such, students perceived the game as a learning
aid at both the individual and group levels. It fostered positive peer
interaction, strong group cohesion, and effective teamwork. It also
encouraged students to be self-aware of their current capabilities,
striking a balance between enjoyment and the desire to improve
their mathematics skills. In short, the software supports mathemat-
ics learning, builds confidence, and promotes collaboration. There-
fore, it can be concluded that the software effectively fosters both
academic and social aspects of learning.
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As suggested by the students, the timer settings need to be
adjusted, and easier problems should be included. In addition to
improvements in the software, the game mechanics also need to be
enhanced. Students recommend providing more practice time
before starting the actual game sessions. Another major challenge
is the Internet connection, so it is suggested to limit the number of
groups (about 2 to 3) using the game at the same time.

Additionally, the incorporation of a hybrid filtering algorithm
may be considered in the future. For instance, if Group A is
performing well in addition to using the medium-speed setting,
and Group B has a similar group profile, the system could recom-
mend the same settings to Group B. Finally, the plans include a
collection of more user feedback and integrate it into the system.
This feedback will be analyzed using natural language processing
(NLP) techniques to better understand the students’ sentiments.
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