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Abstract. This study investigates student engagement profiles in a collaborative-competitive learning environment  
within an Industrial Statistics course at a university in Indonesia. The research employed a quantitative survey 
design  involving  200  undergraduate  students  who  experienced  a  pedagogical  model  combining  within-group 
collaboration  and  inter-group  competition.  Cluster  analysis  using  K-means  algorithm  identified  three  distinct 
engagement profiles based on four constructs: collaboration quality, attitude toward group work, learning outcome, 
and competitive orientation. Reliability analysis showed good internal consistency across all constructs (Cronbach's 
α = 0.802–0.850). The optimal cluster solution was determined using the elbow method and silhouette coefficients. 
The  three  profiles  represent  students  with  high  engagement,  moderate  engagement,  and  disengagement  
respectively.  As  a  supplementary  analysis,  case  study scores  from 89 students  were  examined to  explore  the 
relationship between engagement profiles and academic performance. Pearson correlation analysis revealed weak 
positive correlations between learning outcome and case study scores (r = 0.228). The findings suggest that while  
the  collaborative-competitive  model  effectively  engages  the  majority  of  students,  approximately  one-third  of 
students has low engagement and require differentiated pedagogical support. This study contributes to the growing 
body of research on student engagement in collaborative learning environments and provides practical implications  
for designing inclusive instructional strategies.
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statistics; student engagement

Abbreviations: ATGW (Attitude toward Group Work); CO (Competitive Orientation); CQ (Collaboration Quality); LO 
(Learning Outcome)

INTRODUCTION

Quantitative courses are often perceived by students as challenging, with statistics being among the 
most demanding. In the field of industrial engineering, students are required to master statistical concepts to 
support data-driven decision making. Industrial Statistics demands an understanding of abstract concepts, 
numerical analytical skills, and integrated problem-solving abilities. However, this level of complexity is 
frequently  difficult  to  achieve  through  traditional  lecture-centred  instructional  approaches,  in  which 
students tend to function as passive recipients  of information.  Such patterns not  only risk diminishing 
student engagement but also increase cognitive overload, thereby hindering the optimal development of 
conceptual  understanding  [1].  In  the  context  of  quantitative  modelling,  these  conditions  may  impede 
students’ ability to solve real-world industrial problems.

One  approach  recommended  to  address  low levels  of  student  engagement  in  learning  activities  is 
collaborative  learning.  Through  group  work,  students  have  opportunities  for  social  interaction,  peer 
explanation, and active participation in meaning-making processes. This approach is consistent with Social 
Constructivism  and  Social  Interdependence  Theory,  which  emphasize  the  importance  of  positive 
interdependence among group members in achieving shared goals  [2]. Although collaboration has been 
shown  to  enhance  participation,  its  implementation  does  not  always  yield  uniform  responses.  Some 
students benefit  from group discussions, whereas others may feel uncomfortable, dominated by certain 
members,  or insufficiently engaged. Phenomena such as social loafing and individual dominance often 
hinder the realization of inclusive learning objectives [3].

Conversely, the incorporation of competition in learning is often viewed as a driver of motivation. 
Competitive elements can stimulate greater effort and focus through achievement-oriented incentives [4]. 
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However, competition may also increase student anxiety and reduce psychological safety. The concept of 
collaborative–competitive learning (coopetition) seeks to reconcile this tension by combining cooperation 
within groups with competition between groups. Within this instructional design, students are encouraged 
to support one another in striving for superior performance relative to other groups. This approach has been 
shown to enhance engagement while simultaneously strengthening intrinsic and extrinsic motivation  [5], 
[6].

Nevertheless,  the  systematic  investigation  of  coopetition  in  quantitative  courses  such  as  Industrial 
Statistics remains limited. Most prior studies have examined the effectiveness of collaborative learning or 
competition in isolation, with a primary focus on aggregated improvements in average learning outcomes 
[7].  Few studies have explicitly examined this combined approach using data-driven methods to capture 
heterogeneity  in  student  responses.  Common analytical  approaches  continue  to  rely  predominantly  on 
regression or Structural Equation Modeling (SEM), which assume student populations to be homogeneous 
[8]. In reality, student engagement profiles are highly heterogeneous.

The  same  instructional  model  may  therefore  yield  differential  effects  depending  on  students’ 
psychographic characteristics. The application of unsupervised learning methods such as cluster analysis 
offers a novel means of objectively profiling patterns of student engagement based on empirical data, an 
approach that  remains  underutilized in  higher  education,  particularly  within  engineering programs  [9]. 
Insights  into  such  segmentation  are  crucial  for  enabling  instructional  differentiation  and  supporting 
adaptive teaching practices. Building on this research gap, the present study aims to identify profiles of 
student engagement in collaborative–competitive learning within an Industrial  Statistics course using a 
cluster analysis approach.

METHODS

Research Design and Context

This  study  employed  a  quantitative,  cross-sectional  survey  design  to  identify  student  engagement 
profiles in a collaborative-competitive learning environment. The research was conducted in an Industrial 
Statistics  course  during  the  2025/2026  academic  semester  at  a  university  in  Indonesia.  The  course 
implemented  a  collaborative-competitive  learning  model  that  systematically  combined  within-group 
collaboration and inter-group competition. At the beginning of the semester, students were organized into 
small  groups  of  4–5  members  and  remained  in  these  groups  throughout  the  course  to  facilitate  the 
development of trust, communication, and collaborative problem-solving skills. Within-group collaboration 
involved completing statistical case studies and problem-solving tasks or quizzes. Inter-group competition 
was structured through a series of problem-solving challenges named StatWars, in which groups competed 
to solve increasingly complex statistical problems within limited time frames.

Participants

A total of 200 undergraduate students enrolled in the Industrial Statistics course participated in this 
study through convenience sampling. The sample comprised 167 male students (83.5%) and 33 female 
students (16.5%), reflecting the typical gender distribution in engineering programs at the institution. All 
participants were in their second year of study and had completed prerequisite statistics courses. For the 
supplementary analysis examining academic performance, case study scores were available for 89 students.

Instrumentation

The questionnaire was developed through adaptation from established framework in the literature. The 
instrument comprised 13 items measuring four constructs, namely Collaboration Quality (3 items), Attitude 
toward Group Work (3 items), Learning Outcome (3 items), and Competitive Orientation (4 items). CQ and 
ATGW were informed by the UWE Entry Level Interprofessional Questionnaire (ELIQ), which measure 
communication,  teamwork,  and  attitudes  toward  cooperation  [10].  LO was  grounded  in  Johnson  and 
Johnson’s framework of cooperative learning outcomes, which links structured group work to cognitive 
gains  [2].  CO was  adapted  from the  Cooperative  and  Competitive  Orientation  Scale,  which  captures 
motivational and affective aspects of competition [11]. All items were measured on a 6-point Likert scale 
ranging from 1 (strongly disagree) to 6 (strongly agree). 

Reliability analysis using Cronbach's alpha demonstrated good internal consistency for all constructs: 
Collaboration Quality (α = 0.802),  Attitude toward Group Work (α = 0.819),  Learning Outcome (α = 
0.824), and Competitive Orientation (α = 0.850). These values exceed the recommended threshold of 0.70 
for exploratory research [12].

Case study scores were obtained from course instructors as indicators of academic performance. These 
scores were derived from individual case study assessments completed during the semester.
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Data Collection Procedures

Data were collected during the final week of the semester to ensure students had sufficient experience 
with the collaborative-competitive learning model. Students were informed about the research purpose, and 
the questionnaire was administered in LMS. Case study scores were obtained from course instructors with 
student consent, using a standardized rubric that had been agreed upon with students at the beginning of the 
semester. These scores reflected students'  individual performance on case-based assessments completed 
throughout the course.

Data Analysis

Composite scores for each construct were calculated by averaging item responses for each respondent 
[13]. Preliminary data screening included examination of missing values, outliers using z-scores (threshold 
|z| > 3.29) [14], and multicollinearity using Variance Inflation Factor (VIF). Cluster analysis using the K-
means  algorithm was  performed on  standardized  composite  scores  (z-scores).  The  optimal  number  of 
clusters was determined using: (1) the elbow method examining within-cluster sum of squares (inertia); and 
(2) silhouette coefficients [15]. Cluster profiling was conducted by examining final cluster centres on the 
original 1-6 scale.

RESULTS AND DISCUSSION

Preliminary Data Screening

Preliminary screening revealed no missing values in the engagement questionnaire data. Outlier analysis 
using z-scores with threshold |z| > 3.29 identified no univariate outliers. Examination of multicollinearity  
using Variance Inflation Factor (VIF) showed all values below 5.0 (ranging from 1.89 to 2.45), indicating 
no  problematic  multicollinearity  [12].  The  correlation  matrix  revealed  moderate  to  strong  correlations 
among engagement constructs (r = 0.60–0.75), suggesting these constructs represent interrelated yet distinct 
dimensions of student engagement.

Reliability and Descriptive Statistics

Reliability analysis confirmed good internal consistency across all  constructs (Table 1).  Descriptive 
statistics showed that mean scores for all constructs were above the mid-point of the scale (3.5), indicating 
generally positive perceptions among students toward the collaborative-competitive learning experience.
Table 1. Descriptive Statistics and Reliability of Engagement Constructs (N=200)

Construct Mean SD Cronbach's α
Collaboration Quality 4.92 0.98 0.802
Attitude toward Group Work 4.76 1.12 0.819
Learning Outcome 4.85 1.05 0.824
Competitive Orientation 4.85 1.08 0.850

Cluster Analysis Results

The elbow method revealed a bend at k=2 to k=3, with the silhouette coefficient indicating k=3 as the 
optimal  solution  (silhouette  =  0.407).  The  three-cluster  solution  was  selected  for  its  theoretical 
interpretability and acceptable cluster separation. Table 2 presents the final cluster centres and distribution 
of students across the three profiles.
Table 2. Cluster Centers and Distribution (N=200)

Cluster n (%)
Collaboration 

Quality
Attitude toward Group 

Work
Learning 
Outcome

Competitive 
Orientation

0 112 (56.0%) 5.52 5.61 5.68 5.59
1 74 (37.0%) 4.71 4.50 4.60 4.52
2 14 (7.0%) 3.83 3.14 2.78 3.66

Figure  1  presents  the  clustering  results  of  students  projected  onto  a  two-dimensional  space  using 
Principal Component Analysis (PCA). Each point represents an individual student, while different colors 
indicate the cluster assignments obtained from the clustering process. The visualization shows three distinct  
groups with different spatial distributions. Cluster 0 (red) is mainly concentrated in the positive region of 
the first principal component, whereas Cluster 1 (blue) occupies the central region with a relatively wider  
dispersion.  Cluster  2 (green) is  positioned considerably farther  from the other two groups,  particularly 
along the first principal component. The relatively clear separation among the clusters suggests that the 
students exhibit different patterns across the variables used in the clustering analysis.
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Figure 1. Clustering Result

The following sections explain each cluster:

Cluster 0 (red): Highly Engaged Learners (56.0%)

Students in this cluster recorded consistently high scores across the measured constructs, ranging from 
5.52 to 5.68. They perceived group collaboration positively, reported strong learning gains, and showed 
high motivation toward competition. The consistency of these scores suggests that this group responded 
particularly  well  to  the  collaborative-competitive  learning  model,  with  both  the  collaborative  and 
competitive elements contributing positively to their learning experience.

Cluster 1 (blue): Moderately Engaged Learners (37.0%)

Students assigned to this cluster obtained moderate scores across the constructs, ranging from 4.50 to 
4.71. Overall, their responses remained positive, but the scores were lower than those observed in Cluster 0. 
This pattern suggests that these students were able to participate in the collaborative-competitive learning 
activities, although the perceived benefits and motivational effects were not as strong as those reported by 
the highly engaged group.

Cluster 2 (green): Low Engagement Learners (7.0%)

This cluster represents a small proportion of students whose scores were considerably lower, ranging 
from 2.78 to 3.83. The lowest scores were observed for learning outcomes (2.78) and group collaboration 
(3.14), indicating fewer positive experiences with both the collaborative process and the resulting learning 
gains. Although this group accounts for only 7.0% of the sample, its profile suggests that the collaborative-
competitive learning model did not provide the same level of engagement and perceived benefit for these 
students as it did for the other groups.

Relationship Between Engagement and Academic Performance

As a supplementary analysis, case study scores were examined for the subset of 89 students. One-way 
ANOVA revealed no statistically significant difference in case study scores across engagement clusters (p 
= 0.662). Pearson correlation analysis revealed weak positive correlations between engagement constructs 
and case study scores (Table 3). Learning Outcome demonstrated the highest correlation with case study 
scores  (r  =  0.228).  Collaboration  Quality  showed a  very  weak positive  correlation  (r  =  0.126),  while 
Attitude toward Group Work (r  =  0.002)  and Competitive Orientation (r  =  -0.021)  showed negligible 
correlations.
Table 3. Correlations with Case Study Scores (N=89)

Construct r p-value Interpretation
Learning Outcome 0.228 0.131 Weak positive
Collaboration Quality 0.126 0.432 Very weak
Attitude toward Group Work 0.002 0.972 Negligible
Competitive Orientation -0.021 0.834 Negligible
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Discussion

Interpretation of Engagement Profiles

The three engagement profiles identified in this study reveal that students do not respond uniformly to 
the collaborative-competitive learning model. The Highly Engaged Learners (56%) represent the majority 
for whom the pedagogical approach was successful. Similar to findings from  [16], students with more 
positive learning orientations tended to engage more deeply with collaborative activities. The high scores  
on Competitive Orientation in this group  suggest that competition, when structured as inter-group rather 
than intra-group, can strengthen within-group collaboration [17].

The Moderate Engagement Learners (37%) represent a significant segment of students who participated 
adequately but without strong enthusiasm. Their moderate scores across all constructs suggest potential for 
improvement  through  targeted  pedagogical  interventions.  This  group  may  benefit  from  additional 
scaffolding or opportunities to develop collaborative skills [18].

The Disengaged Learners (7%) represent a small but concerning minority for whom the model failed. 
Their  low attitude toward group work is  particularly  critical,  suggesting prior  negative  experiences  or 
strong  individual  learning  preferences.  This  finding  echoes  concerns  raised  by  researchers  about  the 
potential  for  cooperative  learning  models  to  alienate  students  who  prefer  individualistic  learning 
approaches  [19], [20]. For this group, alternative pedagogical strategies or differentiated support may be 
necessary.

Engagement and Academic Performance

The  non-significant  difference  in  case  study  scores  across  clusters  and  weak  correlations  between 
engagement constructs and scores are consistent with findings from Han et al. [16], who reported that SNA 
centrality measures explained only small amounts of variance in academic achievement when assessments 
were predominantly individual. Similar to their study, most assessment tasks in this course were individual 
in nature, which may have attenuated the relationship between collaborative engagement and performance.

The positive correlation between Learning Outcome and case study scores (r = 0.228), although not 
significant, suggests that students who perceived greater learning gains from the model tended to perform 
slightly better. This finding aligns with self-efficacy theory [21], which posits that students' beliefs about 
their learning capabilities can influence their academic achievement.

Practical Implications

The identification of distinct engagement profiles offers practical guidance for instructors implementing 
collaborative-competitive  learning  models.  For  Highly  Engaged Learners,  providing greater  autonomy, 
increasing task complexity, and leveraging them as peer tutors may sustain their engagement. For Moderate 
Engagement Learners [18], explicit collaborative skills training and structured role assignments may help 
deepen  their  engagement.  For  Disengaged  Learners,  early  diagnosis,  intentional  group  formation  with 
skilled  peers,  and  individual  assessment  alternatives  may  prevent  complete  disengagement. The  non-
significant  engagement-performance  relationship  suggests  that  engagement  profiles  provide  valuable 
insights  into  students'  learning  experiences  beyond  what  grades  alone  can  capture.  Instructors  should 
recognize engagement as an important educational outcome in its own right [22] and not solely as a means 
to improve grades.

These  recommendations  can  be  embedded  into  the  course  structure.  In  the  first  week,  a  brief 
questionnaire helps identify students with negative attitudes toward group work [23]. In the second week, 
groups can be formed intentionally, placing disengaged students with highly engaged peers rather than 
leaving composition to chance  [24].  A short  workshop on collaborative skills  can be conducted early, 
ideally before the first major group assignment [12].

Throughout  the  semester,  instructors  can  assign  rotating  roles  within  each  group  to  ensure  every 
member contributes meaningfully [14]. After each session, groups can spend a few minutes reflecting on 
their teamwork to help students gradually recognize the value of collaboration  [25]. At mid-semester, a 
short  check-in  survey can help  identify  struggling groups,  allowing instructors  to  intervene early.  For 
students who remain unable to engage effectively in group work, individual assessment alternatives can 
prevent disengagement from turning into academic failure [26]. This integrated approach ensures that the 
collaborative-competitive model is adapted to the diverse needs revealed by the engagement profiles.

Limitation and Future Research

This study has several limitations that should be considered when interpreting the findings. First, the 
sample was drawn from a single course at one university, which may limit the generalizability of the results 
to other disciplinary or institutional contexts. Second, the cross-sectional design captures engagement at 
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one point  in  time,  so  the  data  do not  allow for  conclusions about  how profiles  might  change over  a  
semester. Third, the reliance on self-reported questionnaire data, while common in engagement research, 
may  not  fully  capture  actual  student  behaviours.  Fourth,  the  supplementary  analysis  on  academic 
performance was based on a smaller subsample (N=89), which reduced statistical power to detect small  
effects. Finally, the assessment tasks were predominantly individual in nature, which may have weakened 
the link between collaborative engagement and performance, consistent with previous observations by Han 
et al. [16].

Despite these limitations, the study offers meaningful insights into how students respond differently to 
collaborative-competitive learning models. Future research could strengthen these findings by employing 
larger and more diverse samples, using longitudinal designs to track engagement over time, incorporating 
observational or trace data alongside self-reports, and including collaborative assessments to better capture 
the  relationship  between  engagement  and  academic  outcomes.  Mixed-methods  approaches,  such  as 
combining  surveys  with  interviews,  would  also  help  clarify  the  reasons  behind  students'  engagement 
patterns and inform the design of targeted interventions.

CONCLUSION

This study identified three distinct engagement profiles among students in a collaborative-competitive 
learning  environment:  Highly  Engaged  (56%),  Moderate  Engagement  (37%),  and  Low-Engagement 
Learners (7%). The profiles differed significantly across collaboration quality, attitude toward group work, 
learning outcome, and competitive orientation. These findings demonstrate that students do not respond 
uniformly to the pedagogical model, with approximately 7% of students experiencing disengagement that  
may require differentiated support.

The supplementary analysis revealed no significant relationship between engagement profiles and case 
study performance, suggesting that engagement and academic achievement may be distinct constructs that 
are  not  directly  linked  in  individual  assessment  contexts.  This  finding  highlights  the  importance  of 
assessing engagement as a valuable educational outcome, rather than solely as a predictor of grades.

Practical  recommendations for instructors include early identification of  at-risk students,  intentional 
group  formation  to  model  desirable  collaborative  behaviours,  explicit  skills  training  for  effective 
collaboration,  and provision  of  individual  assessment  alternatives  for  students  who cannot  function  in 
group  settings.  Future  research  should  investigate  engagement-performance  relationships  using 
collaborative assessments and employ longitudinal designs to track engagement changes over time.
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