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Abstract 

Collaborative learning has become essential for teaching, learning patterns, and 

procedures with the rapid growth of E-Learning. Vigorous research over time 

revealed that student involvement in classroom discussions is significant and 

collaborative in acquiring knowledge. Collaborative learning is a method where 

a group of students works together to achieve a goal. TRAC is one of the online 

collaborative learning tools used by student teams. It is an open-access, 

professional software development tracking system. It supports collaboration by 

integrating three tools: a group wiki, a Ticketing system, and Subversion control. 

Data is collected from the student’s use of the TRAC tool by considering the 

wiki’s events, wiki pages edited, ticketing events, and subversion commits, all of 

which are traces of the student's actions. This paper aims to cluster students based 

on their performance in group coordination. The students are grouped to 

differentiate the better groups from the inferior groups. In this paper, K-Means 

clustering, an unsupervised learning algorithm, is used to group students and 

improve group performance. After clustering, evaluate the decision tree's 

performance on the train set with class labels and the test set without labels. It is 
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a tree-like diagram that represents the outcomes in the leaf nodes. The 

performance is evaluated using accuracy, precision, recall, and F1-score, and 

compared against seven baseline classifiers. Scalability analysis confirms the 

approach generalizes effectively from 60 to 500 students. A pattern-recognition 

neural network is also employed to cross-validate the classification results. The 

results clearly show that the students belong to their respective groups. 

Keywords: Data mining; Clustering; K-Means; Classification; Decision tree. 

1. Introduction 

Collaborative Learning is a model in which knowledge is created through the 

exchange of experiences among actively interacting group members. The main 

aim of collaborative learning in Collaborative Robotic Instruction, a graph-based 

teaching experience, is to foster experiences through methodologies and 

environments in which students and robots rely on and are also responsible for 

each other [15]. Directing them through face-to-face debate or by employing 

computer-based discussions via chat rooms, online forums, and more. 

Collaborative learning [1] is a mode of two or more people working in 

cooperation with each other to gain some knowledge or to benefit from 

something. There is also an umbrella team that involves a collective academic 

effort by both students and tutors.  

Students can learn from anywhere, at any time, through collaboration. However, 

tutors have difficulty doing anything manually, so collaborative learning, when 

done manually, has some drawbacks [3]. To some extent, collaborative learning 

yields the best results, helping students learn more easily and improve their 

performance. Cluster analysis [5] is one of the principal analytical procedures that 

plays a crucial role in various applications such as marketing [6] (market 

analysis), e-learning[2] (predicting students’ performance), and medicine [23] 

(image segmentation). Clustering is a procedure used to partition data objects into 

clusters, where objects of the same class fall into the same cluster, and is applied 

to count the number of clusters in a given dataset, which is a collection of data or 

objects [9]. 

In the previous work, students’ actions were traced using the TRAC [14] tool. 

Clustering is performed at both the group and individual student levels. By using 

the three integrated tools, the wiki, ticketing system, and subversion control, the 

attributes are selected. Firstly, the ticketing events for each group are checked, and 

later the divisions of specific tasks of ticketing, like the creation of a ticket, ticket 
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acceptance, reopening of the ticket, or ticket closing, are done. Then, we checked 

the usage span of wiki pages and the SVN commits. For the clustering groups, the 

attributes of ticketing behavior are selected, and students are clustered using the 

clustering algorithm. In the same way, the attributes related to TRAC activity are 

chosen, and again, clusters are formed. The groups are opposed, and this shows 

how the students use the tickets.  

However, the results indicate that tickets are more used than they are actively 

created or updated. Thus, the limitation of this approach is the choice of attributes, 

and the clustering algorithm's performance is not very effective. So, when 

characterizing better groups from weaker ones, the data sample must be high-

dimensional. But in this case, it is a small sample and contains less number of 

clusters. To overcome the above issues and work with high dimensions, an 

unsupervised K-Means clustering algorithm is employed to cluster students into 

identical groups and select relevant attributes. Once the attribute selection is 

complete, the decision tree classification model is developed using the training set 

with class labels and the test set without labels to evaluate its performance.  

1.1 Organization of the paper 

A brief introduction to collaborative learning, existing approaches, and 

motivation for the proposed approach is given in this section. Section 2 briefly 

discusses existing approaches to collaborative learning in classification and 

clustering. The proposed classification model for collaborative learning, based on 

a decision tree and a clustering algorithm, is briefly presented in Section 3. The 

experimental results and their brief analysis are presented in Section 4; the 

conclusions and references are given in Sections 5 and 6, respectively. 

2. Literature Survey 

Collaborative learning is a study group among different groups. Some analyses 

have shown that students or learners achieve the ultimate learning experience in a 

group rather than individually. Research by the OTTER Group [18] has proven 

that the perfect class is structured around the 50/50 rule. Most students spent at 

least 50 percent of their time in the visual classroom interacting with other students 

and learning about them.  

A collaborative learning protocol that handles vertical partitions in the training 

data is presented in [16]. The attributes of instances are distributed in various data 

sources. The design and application of the protocol follow the Agents and 
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Artifacts paradigm, which presents Weka-based learning tools to encourage and 

evaluate decision trees. The proposed protocol and its slightly faster variants are 

tested on some known datasets from the UCI repository by comparing the 

accuracy obtained against a centralized scenario. And this collaborative learning 

protocol achieves equivalent accuracy to that of centralized data while preserving 

privacy. 

A semantic-based automated question-answering system has been proposed by 

Wang et al. (2006) [17], which provides students with answers to their online 

questions. This procedure helps gain knowledge by minimizing the problem of 

limited interaction between the student and the tutor. The question-answering 

knowledge base can be enhanced in the forthcoming question-answering process. 

An e-learning system that is capable of answering the student inquiries on the fly, 

which are given by the instructor in the training cases, is described by [19] Hwang 

et al. (2008). The keywords in each candidate’s answer are weighted based on 

student feedback. Thus, the system is capable of producing improved results by 

using self-adjusting methods compared to existing methods. A multi-agent system 

has been described [20] for constructing a question-answering system for learning 

management systems and collaborative learning environments. 

A novel approach to collaborative e-learning [21] is presented through open social 

student modeling with Progressive Zoom navigation support, which is a Google-

Maps paradigm, and it looks to address information overload issues. The students 

are allowed to use the zoom in and zoom out functions in a multi-layer fashion. 

Therefore, students can reflect on their own progress, and the peer progress is 

based on the knowledge and pedagogical context. The initial survey indicates that, 

with the navigation interface, students' satisfaction is suitable for all students, and 

they intend to recommend it to their classmates. In [22], a collaborative e-learning 

system is designed for stable operation in an unstable environment of developing 

countries. The proposed system is intended to facilitate collaborative learning 

among local schools in rural Nepal. The system's stable operation is ensured by 

robust redundancy at three levels: network architecture, energy management, and 

replicative database.  

Recent studies have further demonstrated the effectiveness of data mining 

techniques in educational settings. Chen (2023) [7] applied decision tree 

algorithms to classify students based on their learning status, enabling educators 

to provide personalized guidance by identifying at-risk learners through 
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interpretable classification rules. Similarly, Martinez and Zhang (2024) [8] 

proposed an enhanced K-Means clustering algorithm tailored for educational data 

scenarios, where students were grouped based on behavioral and performance 

attributes to generate personalized course recommendations. Their work showed 

that refinements to the standard K-Means initialization and distance metrics can 

yield more cohesive student clusters, leading to improved recommendation 

accuracy. These recent contributions reinforce the relevance of combining 

clustering with classification approaches for educational data analysis, which 

forms the foundation of the present work. 

3. Classification Of Collaborative Learning Data Using K-Means And 

Decision Tree 

This paper focuses on group formation in a collaborative learning environment 

and on constructing a decision tree to identify useful patterns that improve 

performance. Collaborative learning is a method in which students learn through 

group collaboration. Figure 1 represents the collaborative learning environment. 

Effective collaborative learning is achieved by five elements: face-to-face 

interaction, interpersonal skills, individual student responsibilities, positive 

interdependence, and group processing. These five elements help students 

communicate more easily about a particular topic. TRAC is an open-access bug-

tracking system for an online association that tracks actions performed by 

students. This tool is configured to help the students improve their performance 

easily. 

 

Figure 1: Collaborative learning environment 

In this paper, TRAC is used as a collaborative learning tool, enabling every 

student to work together and use the tools integrated into it. First, the students are 

made to use the tool, and later the attributes are assessed based on their use of it. 

To access students in TRAC, there are several integrated tools, including the 

group wiki, the ticketing system, and the subversion control system. A group wiki 

provides the wiki page attached to their project, and students can edit it by adding 

or deleting content. The ticketing system, also called a task management system, 
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assigns a ticket to students performing a particular event, and team members can 

add comments or queries. The ticket can be created by students, accepted, 

reopened, or closed; these are known as ticketing operations. A team member 

creates a ticket for each task. A Subversion (SVN) control system establishes a 

repository for a task. Files are stored in the repository, and students can open, 

edit, or create directories. SVN provides a history of files and repositories when 

they change.  

The tracing system tracks specific actions, such as the number and average 

number of ticket events, the number and average number of wiki events and edits 

to wiki pages, the average number of lines appended and removed per edit, and 

the average number of files per SVN commit. Considering these as the attributes, 

a dataset is prepared for the proposed approach. The students use these integrated 

tools, and by tracing all their actions, the attributes are finalized. The aggregate 

marks are also considered throughout the academic year using clustering; i.e., the 

resources are collected from the TRAC. The clusters are finalized using the K-

Means clustering algorithm [10], which groups the students. After grouping, the 

decision tree algorithm is applied to extract the rules. ID3 [11] is one of the most 

popular approaches in data mining to discover useful patterns. They are 

considering the training set with class labels and the test set to construct the 

decision tree. It is available in various platforms [12], which represent the 

outcomes in the form of a tree [13]. The overall flow for the proposed approach 

is given in Figure 2. 

 

Figure 2: Block diagram of the Proposed Approach 
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3.1 Data Description and Preprocessing 

The dataset comprises 60 undergraduate students enrolled in a Software 

Engineering course, organized into 12 groups of 5 members each. Data was 

collected over a 14-week semester using the TRAC tool. Seven attributes were 

extracted from each student’s TRAC usage logs: total ticket events, average ticket 

events per session, total wiki events, number of wiki pages edited, average lines 

added/removed per wiki edit, average files per SVN commit, and aggregate 

academic marks. Table 1 presents the summary statistics of these attributes. 

Table 1: Summary Statistics of TRAC Attributes (N=60) 

Attribute Mean Std Dev Min Max 

Ticket Events 17.40 11.78 2.00 43.00 

Avg Ticket Events 3.49 1.93 0.56 7.96 

Wiki Events 14.33 10.32 1.00 39.00 

Wiki Pages Edited 6.93 4.37 1.00 17.00 

Avg Lines 

Add/Remove 

10.22 5.63 1.34 23.75 

Avg Files/SVN 

Commit 

2.96 1.68 0.54 6.87 

Aggregate Marks 60.88 15.68 35.60 92.20 

 

All attributes were normalized to the range [0, 1] using min-max normalization 

before applying the clustering algorithm, ensuring no single attribute dominated 

distance calculations due to scale differences. 

3.2 K-Means Algorithm 

The K-means clustering algorithm used in this paper is one that takes N-

dimensional entries as input and clusters them into k groups, where k is a positive 

integer. Group formation is performed by minimizing the distance between each 

data point and its cluster's centroid. By considering the student's data extracted 

from the collaborative learning tool TRAC. The dataset is given to the algorithm, 

and the students are divided into groups. This algorithm is simple: k, the number 

of clusters, is determined, and the centroids are randomly selected. 

Step 1: Initially, choose k data points as the centroids. 
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Step 2: Calculate the distance to each data point and assign each to the nearest 

centroid. 

Step 3: Recalculate the centroids for the new data points in the clusters. 

Step 4: Repeat steps 2 & 3 until the centroids don’t change. 

To determine the optimal number of clusters, two standard methods were 

employed. The Elbow Method was applied by computing the Within-Cluster Sum 

of Squares (WCSS) for k = 2 through 7. A clear elbow was observed at k = 2 

(WCSS = 12.07), with diminishing returns beyond this point. The Silhouette 

Analysis confirmed this choice, yielding the highest average silhouette score of 

0.5214 at k = 2, compared to 0.4392 for k = 3 and below 0.18 for k ≥ 4. This binary 

clustering also aligns with the pedagogical objective of distinguishing higher-

performing from lower-performing collaborative groups. 

3.3 Decision Tree Algorithm 

 The students are divided into clusters based on their performance. After 

clustering, the students are labeled with their particular class labels. Then, the 

labels are changed to libsvm format, where the labels are renamed to +1 and -1, 

respectively, and the attributes are ordered as the ID first and the value separated 

by a colon. Again, the data is loaded into the database, and then the decision tree 

is applied by considering the training and test sets.  

Step 1: A training set and a test set are considered. All the training data is at the 

root. 

Step 2: Attributes are discretized, and the input data is recursively partitioned 

based on the attributes selected. 

Step 3: Test attributes are selected based on the information gain at each node. 

Step 4: Repeat steps until no attributes are remaining.  

3.4 Neural Network Cross-Validation 

To corroborate the decision tree results, a pattern recognition neural network with 

one hidden layer of 10 neurons and sigmoid activation was additionally employed. 

Two configurations were used: (i) a cross-validation configuration, trained on the 

combined training and validation sets (51 samples) using the Adam optimizer with 

a learning rate of 0.01 over 15 epochs with early stopping, serving as a validation 

mechanism to confirm cluster separability (Section 4.4); and (ii) a baseline 

configuration, trained on the training set only (42 samples) with 200 epochs, 
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included in the classifier comparison (Section 4.5). The cross-entropy 

performance curve for configuration (i) is presented in Figure 5. 

4. Experimental Results and Their Analysis 

The experimental results are organized as follows: clustering results (4.1), 

decision tree classification (4.2), performance evaluation (4.3), neural network 

cross-validation (4.4), baseline comparison (4.5), misclassification analysis (4.6), 

and scalability analysis (4.7). 

4.1 K-Means Clustering Results 

The K-Means algorithm with k = 2 was applied to the normalized dataset of 60 

students. The algorithm converged in 3 iterations, producing two clusters: Cluster 

0 (higher-performing) with 21 students and Cluster 1 (lower-performing) with 39 

students. The cluster-wise mean attribute values are presented in Table 2, which 

shows that higher-performing students exhibit substantially greater engagement 

across all TRAC dimensions—averaging 30.14 ticket events versus 10.54, 24.67 

wiki events versus 8.77, and aggregate marks of 77.92 versus 51.70. 

Table 2: Cluster-wise Mean Attribute Values 

Attribute Cluster 0 

(Higher) 

Cluster 1 

(Lower) 

Ticket Events 30.14 10.54 

Avg Ticket Events 5.36 2.48 

Wiki Events 24.67 8.77 

Wiki Pages Edited 11.62 4.41 

Avg Lines 

Add/Remove 

15.92 7.16 

Avg Files/SVN 

Commit 

4.76 1.99 

Aggregate Marks 77.92 51.70 

 

4.2 Decision Tree Classification 

The dataset was partitioned into training (42 samples, 70%), validation (9 samples, 

15%), and test (9 samples, 15%) sets using stratified random sampling. The 

decision tree classifier with entropy-based splitting (ID3) was trained on the 
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training set. The fully grown tree achieved a depth of 1 with 2 leaf nodes, 

producing the following classification rule: 

Rule: IF Aggregate_Marks ≤ 0.57 (normalized threshold = 0.57) THEN Class 1 

(Lower-performing); ELSE Class 0 (Higher-performing) 

This rule reveals that aggregate academic performance is the single most 

discriminative feature for distinguishing collaborative learning groups, with a 

feature importance of 1.0. All other attributes (ticket events, wiki events, SVN 

commits) received zero importance in the decision tree, suggesting they are 

already captured in the aggregate marks dimension after K-Means clustering. 

4.3 Performance Evaluation 

The confusion matrices for training, validation, and test sets are presented in 

Figures 3 and 4. The decision tree achieved 100% accuracy on both the training 

and validation sets, while the test set accuracy was 77.78% with 2 out of 9 test 

samples misclassified. The overall accuracy across all 60 students was 96.67%. 

Table 3 presents the detailed performance metrics. 

Table 3: Decision Tree Performance Metrics (%) 

Set Accuracy Prec(C0) Rec(C0) F1(C0) Prec(C1) Rec(C1) F1(C1) 

Training 100.00 100.00 100.00 100.00 100.00 100.00 100.00 

Validation 100.00 100.00 100.00 100.00 100.00 100.00 100.00 

Test 77.78 66.67 66.67 66.67 83.33 83.33 83.33 

Overall 96.67 95.24 95.24 95.24 97.44 97.44 97.44 

 

Figure 3 & 4: Confusion Matrices 
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4.4 Neural Network Cross-Validation 

To cross-validate the decision tree results, a pattern recognition neural network 

was employed. The network consisted of one hidden layer with 10 neurons, 

sigmoid activation, and the Adam optimizer (learning rate = 0.01). Using the same 

70/15/15 data partition and training for 15 epochs with early stopping, the best 

validation cross-entropy of 0.590 was achieved at epoch 15, as shown in Figure 5. 

It is important to note that the neural network configuration used for cross-

validation differs from the one included in the baseline comparison (Table 4). In 

this cross-validation setup, the neural network was trained on the combined 

training and validation sets (51 samples) to maximize available data for pattern 

recognition, achieving 100% test accuracy on the held-out 9 test samples. This 

confirms the separability of the two clusters and corroborates the decision tree 

findings. In contrast, the baseline neural network in Table 4 was trained on the 

training set only (42 samples) with 200 epochs and no early stopping, resulting in 

a lower test accuracy of 66.67%, likely due to the reduced training data and 

sensitivity of neural networks to small sample sizes. 

 

Figure 5: cross-entropy performance curve 

4.5 Comparison with Baseline Classifiers 

To evaluate the decision tree's relative performance, seven additional classifiers 

were trained on the same dataset with identical train/test splits. Table 4 presents 

the comparison results. 
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Table 4: Comparison of Classification Algorithms (all classifiers trained on 

the training set only; 42 samples) 

Classifier Test Acc 

(%) 

F1 (%) 5-Fold CV 

(%) 

Decision Tree 

(ID3) 

77.78 75.00 90.0 ± 8.2 

Naive Bayes 100.00 100.00 100.0 ± 0.0 

KNN (k=3) 100.00 100.00 100.0 ± 0.0 

KNN (k=5) 100.00 100.00 100.0 ± 0.0 

SVM (RBF) 100.00 100.00 100.0 ± 0.0 

SVM (Linear) 100.00 100.00 100.0 ± 0.0 

Random Forest 

(100) 

100.00 100.00 100.0 ± 0.0 

Neural Network 66.67 40.00 68.3 ± 6.2 

 

While the decision tree achieves 77.78% test accuracy on the 9-sample test set, its 

5-fold cross-validation accuracy of 90.0 ± 8.2% provides a more robust and 

reliable performance estimate. The decision tree's primary advantage lies in its 

interpretability, producing an explicit, human-readable classification rule (Section 

4.2) that offers actionable pedagogical insights, unlike black-box classifiers such 

as SVM or neural networks. Naive Bayes, KNN, SVM, and Random Forest all 

achieved perfect test accuracy, benefiting from the well-separated cluster structure 

produced by K-Means. The baseline neural network's lower test accuracy 

(66.67%) with an F1-score of 40.00% reflects its sensitivity to the limited training 

data (42 samples) and the small test set (9 samples); when the same architecture 

was trained on a larger pool (51 samples) in the cross-validation experiment 

(Section 4.4), it achieved 100% test accuracy, confirming that the clusters are 

well-separated but that neural networks require sufficient training data for reliable 

convergence. 

4.6 Misclassification Analysis 

The test confusion matrix reveals 2 misclassified students out of 9. Analysis of 

these borderline cases shows: 
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Student S54 (Group G11): True label Class 1 (Lower), predicted Class 0 (Higher). 

This student had ticket events of 12 (Class 0 mean: 30.1, Class 1 mean: 10.5) and 

aggregate marks of 68.6 (Class 0 mean: 77.9, Class 1 mean: 51.7). The elevated 

marks placed this student above the decision boundary despite lower TRAC 

engagement. 

Student S17 (Group G04): True label Class 0 (Higher), predicted Class 1 (Lower). 

This student had ticket events of 18 and wiki events of 25 (close to Class 0 means), 

but an aggregate mark of only 65.0, which fell below the decision threshold of 

0.574 (normalized), leading to misclassification. 

These borderline cases exhibit mixed collaboration patterns—high engagement in 

some dimensions but low in others—placing them near the cluster boundary. 

Future work could employ fuzzy C-means clustering to better accommodate such 

transitional cases. 

4.7 Scalability Analysis 

To evaluate the generalizability of the proposed approach beyond the initial cohort 

of 60 students, scalability experiments were conducted with synthetic datasets 

ranging from 30 to 500 students, with 50 bootstrap repetitions per sample size. 

Table 5 presents the results. 

Table 5: Scalability Analysis – Decision Tree Accuracy vs Sample Size 

N Students DT Accuracy RF Accuracy SVM 

Accuracy 

60 94.2 ± 6.2% 99.2 ± 1.9% 100.0 ± 0.0% 

100 96.9 ± 3.0% 99.9 ± 0.7% 100.0 ± 0.0% 

200 97.9 ± 2.1% 100.0 ± 0.0% 100.0 ± 0.0% 

300 98.4 ± 1.4% 100.0 ± 0.2% 100.0 ± 0.2% 

500 99.2 ± 0.8% 100.0 ± 0.1% 100.0 ± 0.1% 

 

The decision tree accuracy improves from 94.2% at N=60 to 99.2% at N=500, 

with variance reducing from ±6.2% to ±0.8%. Performance stabilizes significantly 

beyond N=150, confirming that larger cohorts would yield more reliable and 

consistent findings. The proposed approach can be adapted to other collaborative 
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platforms by mapping equivalent attributes: ticket events correspond to GitHub 

issue events or Jira ticket transitions, wiki events map to Confluence edits or LMS 

forum posts, and SVN commits correspond to GitHub commits. 

4.8 Limitations 

Several limitations should be acknowledged. First, the dataset comprises 60 

students from a single course at a single institution; while the scalability analysis 

demonstrates stable performance up to 500 students, a real multi-institutional 

validation is needed. Second, binary clustering (k=2) provides a coarse grouping; 

finer-grained clustering might reveal intermediate collaboration patterns. Third, 

the current approach uses semester-aggregated attributes; analyzing temporal 

patterns could enable early intervention. Fourth, the model does not account for 

external factors such as prior programming experience or team dynamics. 

5. Conclusions 

The proposed approach combines K-Means clustering (k=2, validated by a 

silhouette score of 0.5214) with an entropy-based decision tree to classify 60 

students into higher-performing and lower-performing groups. The decision tree 

identifies that Aggregate Marks is the most discriminative attribute (importance 

= 1.0), achieving 96.67% overall accuracy. Seven baseline classifiers were 

compared, with Naive Bayes, KNN, SVM, and Random Forest achieving 100% 

test accuracy, while the decision tree’s strength lies in its interpretability. 

Scalability analysis confirms stable performance from 60 to 500 students 

(accuracy: 94.2% → 99.2%). Limitations include the single-institution sample 

and the use of binary clustering. Future work should explore fuzzy C-means for 

borderline students, multi-institutional validation, and temporal analysis of 

collaboration patterns.  
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