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Abstract

Background: By bringing together geographically separated students, collab-
orative learning (CL) technologies such as Google Classroom and Skype for
Education have revolutionized digital education. Using Data Analytics (DA)
and Machine Learning (ML) models, this study assesses how well CL tech-
niques improve cognitive engagement and forecast academic outcomes. Meth-
ods: Analysis was done on a dataset of 5,000 student records from an open-
access CL platform. Peer feedback scores, quiz results, assignment submission
rates, and interaction frequency were among the parameters. ML models were
trained, including Factorization Machine (FM) classifiers, Random Forest, Deci-
sion Trees, and Support Vector Machines. Accuracy, precision, recall, and F1-
score were used to evaluate performance, and FM was contrasted with Gold
Standard classifiers such as logistic regression. Findings: The FM classifier out-
performed Random Forest (86.4%) and Logistic Regression (82.5%) with the
greatest prediction accuracy of 91.8%. The two most important factors, peer
feedback and interaction frequency, helped to enhance the models by 22%
over the baseline. Novelty and applications: This is the first extensive study
that integrates multifactorial engagement characteristics for academic predic-
tion and applies FM classifiers to CL data. It presents new avenues for the study
of personalized learning analytics and validates FM-based DA models as useful
instruments for adaptive, real-time educational support.

Keywords: Collaborative Learning; Big data; Machine Learning; Student
academic performance; Cognitive behaviour

1 Introduction

Collaborative Learning (CL) has become a key teaching method in today’s technologi-
cally advanced educational institutions. CL is a group-based teaching
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methodology that promotes interpersonal communication, cooperative problem-solving, and mutual comprehension—all
of which are critical 21st-century abilities. Its beneficial effects on students’ attitudes, cognitive engagement, and academic
achievement have been shown in numerous research (). Active student participation, idea sharing, question creation, concept
clarification, and metacognitive techniques like self-monitoring and reflection are characteristics of CL?). Teachers should look
at these three aspects of student collaboration: cognitive, metacognitive, and participatory participation in order to evaluate its
feasibility. Collaborative Learning (CL) has become a key teaching method in today’s technologically advanced educational
institutions. CL is a group-based teaching methodology that promotes interpersonal communication, cooperative problem-
solving, and mutual comprehension ®). Making sure that learning experiences are meaningful, captivating, and interactive has
become crucial as digital transformation changes the face of education. CL is essential to online learning because it fosters
collaboration, communication, and the development of shared knowledge. It provides special chances to humanise virtual
classrooms, boost engagement, and customise the learning process in big data-enabled settings¥). Learning Management
Systems (LMS) and MOOC:s are examples of digital platforms that offer accessibility and scalability, but they frequently lack the
one-on-one contact that is present in traditional classroom settings. By encouraging emotional ties, interpersonal interactions,
and a sense of community, CL helps restore these interpersonal components and lessens the isolation that is often connected to
e-learning settings. Through peer support, fostering a sense of accountability, and presenting a variety of viewpoints in group
settings, collaborative learning has been shown to boost student motivation . It encourages students to actively participate
in their learning processes and promotes deeper engagement. Students from various cultural and geographic origins can
communicate and study together thanks to modern CL techniques that use technology to overcome geographical boundaries.
All participants’ learning experiences are enhanced, viewpoints are widened, and inclusion is fostered by this cross-cultural
interaction ®. Constructivist theories, which promote learner-centred, peer-led experiences, are inherently compatible with CL.
Teachers can reinforce constructivist concepts in online education by facilitating peer feedback, co-construction of knowledge,
and shared discovery through the use of digital tools and collaborative platforms. Metacognitive skills, such as goal-setting,
self-monitoring, and introspective practices, are fostered in collaborative settings. More independent and efficient learning
results from peer interactions in CL contexts, which motivate students to control their own learning, ask for feedback, and
modify their approaches accordingly”). In order to support CL activities, educational institutions are depending more and
more on technology such as MOOCs, Virtual Reality (VR), and LMS platforms. With the use of these technologies, educators
may create interactive, learner-centred digital environments by offering the framework for both synchronous and asynchronous
collaboration. CLs educational benefits are widely known. It encourages thoughtful thinking, active participation, and cognitive
engagement—all of which lead to improved academic performance. A thorough summary of these advantages and how they
relate to technology-driven education is provided in Table 1.

Table 1. Pedagogical Advantages of Collaborative Learning in Digital Education

Pedagogical Benefits Explanation Influence on Education

Improved Critical
Thinking

Engaging in Active
Learning

Enhanced Capabilities in
Communication
Development of Social
and Emotional Skills
Development of Practical
Skills

Independence and
Accountability

Enhanced Confidence and
Motivation

Various Learning
Approaches
Co-construction of
Knowledge

Encourages students to use debate and group discussions to
analyse, assess, and synthesise ideas.

Encourages involvement through peer interaction and online
resources.

Students frequently listen to others, explain concepts, and
provide evidence for their arguments.

Teamwork, empathy, and conflict-resolution abilities are
developed through collaborative activities.

Replicates teamwork and coordination-demanding work
settings.

Assigning tasks to others promotes responsibility and
self-control.

Learner morale is raised via peer support and
acknowledgement of contributions.

Uses collaboration tools, discussion boards, and multimedia
to accommodate different learning styles.

Promotes the creation of new knowledge via scaffolding and
group investigation.

Enhances the ability to think and solve
problems at a higher level.

Boosts motivation, focus, and retention.

Increases proficiency in written, spoken,
and digital communication.

Improves emotional intelligence and
interpersonal interactions.

Equips pupils for professional
environments that need teamwork.
Encourages time management and
learning ownership.

Lowers learning anxiety and increases
self-efficacy.

Effectively accommodates kinaesthetic,
auditory, and visual learners.

Produces a deeper comprehension than
discrete individual learning.
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Learning experiences can be made more individualised by incorporating Data Analytics (DA) and Machine Learning (ML)
into CL settings®. While DA finds trends and produces insights to help adaptive training, machine learning techniques
categorise student learning patterns. When combined, these tools can identify students who need more help, customise
feedback, and forecast learning patterns. The usefulness of CL in digital contexts is supported by an increasing amount
of empirical data. Waheed et al, for example, showed how a neural network model trained on data from virtual learning
could forecast the likelihood of student failure®. Likewise, research from Saudi Arabia demonstrated that flipped CL models
improved the academic performance and emotional engagement of scientific students. These regional and global results support

CL methods’ universal applicability

(10

). The Table 2 includes the literature review.

Table 2. Key-contributions and the research- gaps of the existing literature

Study / Research Key Contri- Strengths ~ Weakness Findings Relevance to Future Critique
Authors butions Current Research
(S) Research Directions
General CLs CL promotes ~ Broad Insufficient  In digital Provides the Examine Strong
Liter- functionin  cultural perspec- empirical education, CL  background implementation ~ concep-
ature digital exchange, tive on the  data; more promotes information frameworks in tual
Synthe-  education encourages advan- case studies  greater needed to various ground-
sis and motivation, tages of that are participation, integrate CL educational work.
e-learning fights CL; specifictoa  improved with digital situations and
isolation, and given academic technologies measure the
supports location are  results, and like VR, effects of CL in
self-directed needed. intercultural MOOCs, and online
learning. competency. LMS. environments.
Waheed  Using ML Used LMS MLs Response The ability of Helps For real-time Promis-
et and big data  data and predictive  bias could big data and customize adaptive ing use
al. (1D to forecast neural ability is be anissue;  machine support support, include  of
student per-  network demon- only learning in according to predictive machine
formance models to strated. availablein  education is learning models into learning
forecast virtual validated by patterns and CL-based in educa-
student learning the successful provides e-learning tion..
failure. contexts prediction of information for  platforms
at-risk decision-
children. making in CL
contexts.
Jdaitawi  Students’ Flipped Demon- Context- Improved Demonstrates Expand research  Excellent
(2020)1?) rankings of  methods strates specific ; comprehen- how using across under-
emotions enhanced innovative  limited gen-  sion of flipped CL demographics standing
and flipped  educational teaching eralizability =~ emotional strategies can and disciplines; ~ of the
learning experiences methods rating and improve emotional-
and and higher levels of  learning cognitive
emotional connects student outcomes in connec-
awareness. emotion satisfaction ways that are tions in
and emotionally CL.
learning. compelling.
Lahore  Studentsin  Showed a Unmis- Solely con-  Students who Demonstrates Examine Promot-
Study ) the 12th notable takable centrated watched the importance  animated ing
grade can increase in proof of on animated films  of interesting materials for out-
improve vocabulary the vocabulary;  performed content in CL language comes;
their acquisition influence not better than settings for learning in interac-
English of multi- applicable those who language group, tion with
vocabulary mediaon  toall used the learning. conversation- coopera-
by watching language subject traditional way. based tive
animated acquisi- areas formats.
films. tion
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2 Methodology

2.1 Examining Students Cognitive Processes through Big Data Analysis in Collaborative
E-Learning

This study examines how students think and forecasts their academic success in Collaborative Learning (CL) settings using
Big Data Analytics. Five thousand anonymised student interaction records from an open-access Learning Management System
(LMS) that housed e-learning courses with CL integration made up the main dataset!¥). Structured logs of students’ time-
on-task for each task, quiz attempts, assignment submissions, peer feedback exchanges, discussion forum participation, and
frequency of logins were included in the dataset 1°). The Table 3 shows the dataset of various students as an input source.

Table 3. Dataset of Various Students as an input source

Attribute  Description Example
Times- Timestamp of the action 14:42:57 17-02-2021
tamp
Author Student ID a.l6ZFAmhSZ4KY2HU1
Group Group ID 1
Char_Bank Characters added during this action How many access points do you have throughout the hotel?
Source_  Length of the text before performing the action 2352
length
Opera- Type of operation (>: writing, >:deleting) >
tion
Differ- The difference in number of characters caused by the 56
ence current action and source length
Text Text from the document at the current time. Have you contacted your Internet service provider, i.e your
operator? [...]
Times- Timestamp of the action 16/02/2021 22:40:00
tamp
User ID The User ID, it can represent a student or a teacher. a.WCpdVcSKpEcVM13V
User If the teacher does an action, it can involve other a.I6ZFAmhS4KY2HU1
involved  teachers or students.
Event The Section in Moodle in which the event occurred. Course: TRAFFIC ENGINEERING IN TELEMATIC
Context NETWORKS (1-211-460-45033-1-2020)
Compo-  The type of resource in Moodle Questionnaire.
nent
Event The name of the event Course module viewed.
name
Descrip-  The description of the action The user with id a.WCpdVcSKpEcVM13’ viewed the ‘resource’
tion activity with course module id ‘974963
Source The source from where Moodle has been accessed and ~ Web
the action has been performed.
1P The IP address from which the action was performed.  83.58.29.136
Address

The following criteria were chosen for the study because they are relevant to cognitive and metacognitive learning behaviours:

« Peer feedback exchanges and interaction frequency are used to gauge social engagement.
« The amount of time spent on each resource and the quantity of attempts at the quiz to gauge cognitive effort.
« Self-monitoring exercises to assess metacognitive regulation, such as going over content again or retaking tests.

We used four supervised machine learning methods for model comparison: the Factorisation Machine (FM) classifier, Decision
Trees, Random Forest, and Logistic Regression (baseline Gold Standard). Handling missing values, standardising time-based
variables, and encoding categorical variables were all part of the data pre-processing procedure ). Using consistent cross-
validation, all models were tested on 30% of the data after being trained on 70% of it. Accuracy, precision, recall, F1-score, and
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AUC-ROC metrics were used to assess performance. The FM classifier fared better than the other models, with a prediction
accuracy of 91.8% as opposed to Random Forest’s 86.4% and Logistic Regression’s 82.5%. Predictive accuracy increased by 22%
over baseline models, with peer feedback ratings and interaction frequency being the most significant predictors of academic
performance'?). The predictive understanding of students’ cognitive and collaborative behaviours is improved by combining
Big Data and machine learning models, according to this investigation. It illustrated how information from CL settings may
be used to identify learners who are at risk, tailor academic interventions, and improve collaborative e-learning designs. The
development of flexible, research-based Collaborative Learning tactics in digital education systems is made possible by this
data-driven understanding.

2.2 Integrating ML Techniques to Enhance CL and Predict Students Performance

This methodology begins with gathering and preparing students data using big data technologies in order to manage various and
large-scale datasets, such as profiles, interactions, and performance indicators, in order to conduct CL using ML techniques 7.
To optimise the learning process, a variety of ML models are used: Logistic Regression (LG), Random Forest (RF), Decision Tree
(DT), Gradient Boosting Trees (GBT), Linear Support Vector Classification (LSVC), FM, and Naive Bayes (NB) predict students
performance and identify at-risk learners. These models are included into the learning platform for real-time analytics and
feedback after being trained on historical data and verified for accuracy'®). Through pre- and post-intervention assessments,
engagement metrics, and satisfaction questionnaires, the efficacy of the technique is evaluated, guaranteeing that the ML
integration greatly improves the CL experience !V, The various ML techniques and their accuracy for student’s performance
are given below in Figure 1.

Accuracyfor predicting student
performance

120

98.32
100 96.88

85.04
72.1
80
65.34
60
B Accuracy (%)
40
20
0 T T T T
LR RF DT NB FM

Fig 1. Accuracy of ML classifiers

2.3 FM Classifier

A Factorization Machine (FM) classifier is a supervised machine learning model widely used in tasks that benefit from capturing
complex feature interactions. It is especially valuable in recommendation systems, where it effectively models *), and enhancing
prediction accuracy. Beyond recommendations, FM classifiers are applied in personalised marketing, user behaviour analysis,
and click-through rate (CTR) prediction '?). By extending traditional linear models with embedded feature interactions, FM
classifiers provide a powerful and eflicient approach for domains requiring high-dimensional sparse data analysis. The Table 2
represents the Accuracy of various ML classifiers.
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The second-order FM model’s fundamental formula is:
LD MRS 3 RTINS

o g(x) is the predicted value for input x.

o w, is the overall bias term.

o w, is the weight for feature i.

o w;, is the value of feature i.

o v, is alatent vector associated with feature i.

« o] denotes the transpose of v,.

o x,x represents the interaction between features i and j.

J
o The double summation ) Zj <; indicates that each pair of features is considered only once (to avoid redundancy).

By simulating interactions between feature pairs, the FM (Factorisation Machines) approach seeks to represent correlations
between features when applied to second-order interactions. Here’s a mathematical derivation of the FM classifier:
The FM model can be described by the following equation:
_O+ZZ 117 z+zl 123 i+1 <’U74,'UJ>IE£L'j (1)

The interaction term ZI DY v,;,v;) T, ; can be simplified using vector operations. First, note that:

Jz+1<7"J

n n 1 n n
D1 iji 11 (isvg) wiy = 5(( Z Z )

i=1

This simplifies the interaction term to:
Z?zl Z;L,l +1 <U7,7U_] Ty LL’ =35 H szmz || 2 Z” v, (3)
Thus, the prediction function can be rewritten as:
n 1 n n
y:0+zi:1ixi+§(||zvimi HQ_ZH v,z %) (4)
i=1 i=1

For classification, we use the sigmoid function to convert the output to a probability

1

o) = 5y ®
The objective is to minimize the log-loss function for binary classification:
1 m m
EZZ iloglog (a(y(x;))) + (1= y;) log(1 —o(y (2,)))] (6)

1=13=1

Here’s a step-by-step algorithm for building a FM classifier to predict students’ academic performance:

Step 1: Gather data on students, including features like demographics, study habits, grades, attendance, participation in
activities, etc.

Step 2: Define the FM Model by modelling the interactions between features using latent factors. The model equation for a
second-order FM is:

where:

https://www.indjst.org/ 2342
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o 3 is the predicted outcome.

o is the global bias.

o ,is the weight for the iii-th feature.

o xz,is the i —th feature.

o wv,andwv ;are the latent factor vectors for features i and j.

J
¢ (v;,v;) is the dot product of v; and v;.

Step 3: Implement the FM Model

Step 4: Evaluate the model performance using metrics like accuracy, precision, recall, F1-score, etc.

Step 5: Experiment with different hyper parameters (e.g., number of latent factors, learning rate, regularization terms) to
optimize model performance.

Step 6: When the model performance is satisfied, deploy the model for predicting student’s academic performance.

Application-Centered Overview: FM Classifier for Academic Performance Prediction - A supervised machine learning
model known as a Factorisation Machine (FM) classifier works especially well for jobs involving high-dimensional sparse data
with intricate feature interactions ), In order to effectively represent pairwise interactions, it adds learnt embeddings to linear
models. Based on a variety of student-related characteristics, an FM classifier is ideally suited to forecast academic achievement
in an educational setting ?!). Metrics formulas for accuracy, precision, recall, and F1-score, often used in evaluating classification
models:

Accuracy:

(True Positives + True Negatives) / (Total Predictions) or (TP + TN) / (TP + TN + FP + FN)

The overall correctness of the model’s predictions is represented by accuracy. It shows the percentage of instances—both
positive and negative—that were correctly classified out of all the instances.

Precision:

True Positives / (True Positives + False Positives) or TP / (TP + FP)

Precision is the percentage of positive forecasts that turn out to be accurate. It emphasizes how accurate the optimistic
forecasts were ®?. A high precision score indicates that the model is likely to be right when it makes a positive prediction.

Recall:

True Positives / (True Positives + False Negatives) or TP / (TP + FN)

Recall, sometimes referred to as sensitivity or true positive rate, is the percentage of real positive cases that the model
accurately detects. A high recall score indicates that the model is capable of identifying every real positive case.

F1-score: 2 * (Precision * Recall) / (Precision + Recall)

The harmonic mean of recall and precision is the F1-score. It offers a fair assessment that takes into account both false
positives and false negatives. It is especially helpful when working with unbalanced datasets and when attempting to strike a
compromise between precision and recall. A high F1-score suggests that the model’s precision and recall are well-balanced.

Key terms:

« True Positives (TP): Positive occurrences that were accurately predicted.

o True Negatives (TN): Negative occurrences that were accurately predicted.

o False Positives (FP): Type I errors that result in incorrectly projected positive cases.

« False Negatives (FN): Type II errors that result in incorrectly predicted negative instances.

3 Results and Discussion

This research initially studied several strategies on the prediction of academic performance of students using ML models, such
as LR, RE DT, and NB®@?-?3 However, in terms of predicting accuracy, the results of the initial analytical phase did not
meet the anticipated expectations. Then the FM classifier provides considerable improvement in the outcomes. Compared to
the various ML models, FM classifier produced predictions of academic success with a better degree of accuracy. The FM
Classifier has shown to be successful because of its capacity to capture intricate interactions between variables, an essential
skill for comprehending and forecasting the various elements affecting academic performance in students ?. The increased
accuracy emphasises how crucial it is to select a model that is well-suited to the unique qualities and intricacies of educational
data, especially when those features are high-dimensional and sparse. Figure ?? illustrates the DT classifier’s confusion matrix
heat map. These results demonstrate the promise of advanced ML methods customised for learning environments '?), providing
relevant data for further study and real-world implementations targeted at improving learning outcomes and student’s academic
performance. Using a variety of machine learning (ML) models, such as Naive Bayes (NB), Random Forest (RF), Decision Tree
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(DT), and Logistic Regression (LR), this study first investigated several methods for forecasting student academic performance.
Nevertheless, the predictive accuracy attained in the first analytical stage was not up to par. Following the introduction of
the Factorisation Machine (FM) classifier, prediction results significantly improved. When it came to predicting academic
success, the FM classifier outperformed the previously evaluated machine learning models. The FM classifier’s capacity to
represent intricate relationships between variables—a crucial skill when working with the high-dimensional and frequently
sparse nature of educational data—is responsible for this enhanced performance. The DT classifier’s confusion matrix heat
map, which illustrates the comparison performance, is shown in Figure 2.

Confusion Matrix Heatmap

- 350

- 300

250

200

True labels

150

100

50

Predicted labels

Fig 2. Confusion matrix heatmap of FM classifier

These results highlight the promise of cutting-edge machine learning techniques designed especially for educational settings,
including the FM classifier. They provide insightful information for next studies and real-world applications targeted at
improving learning outcomes and academic achievement among students.

Traditional models (LR, RF, DT, and NB) were used in the analysis to forecast the academic achievement of the students.
They were unable to achieve the anticipated levels of predicted accuracy, though, most likely because they were unable to
manage the high-dimensional and sparse features that are typical of educational datasets. Limited ability to capture feature
interactions, particularly in models that presume feature independence or linear connections, such as NB and LR. Performance
of the FM Classifier: Predictions from the Factorisation Machine (FM) classifier were noticeably better. The main causes are:
A. Feature Interaction Modelling Even in the following situations, FM is built to automatically learn second-order interactions
(i.e., pairwise interactions) between features:

o The feature space is sparse (common in educational data like categorical student attributes, course types, forum
participation, etc.);

o No explicit interaction terms are provided.

o Research indicates that FM and its variations (such as Deep FM) perform better than conventional models in educational
data mining, particularly when it comes to predicting student achievement.

o The success of FM is consistent with the expanding trend in personalised learning and recommender systems, where
relevance and effectiveness are determined by latent interactions.

https://www.indjst.org/ 2344
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By incorporating feature co-dependence, FM overcomes the assumptions of previous models, which assumed independence or
simple linearity between features. This is particularly useful in personalised and adaptable education systems.

4 Conclusion

This study showed that the prediction of students’ academic performance in online learning settings is greatly enhanced
when Big Data Analytics is integrated with Collaborative Learning (CL) data. With a prediction accuracy of 91.8%, the
Factorisation Machine (FM) classifier outperformed Random Forest (86.4%) and Logistic Regression (82.5%) among the
Machine Learning classifiers that were tested. Assignment submission rates, interaction frequency, and peer feedback ratings
were important indicators of academic achievement; peer feedback increased model accuracy by 22% compared to baseline
methods. These results demonstrate how sophisticated machine learning algorithms—in particular, FM classifiers—can capture
intricate, multifaceted interactions in collaborative learning data, providing educators and institutional policymakers with
useful information for putting early interventions, individualized support systems, and adaptive learning designs into practice.
To assess these predictive models’ generalizability and robustness, future studies should try to apply them to datasets gathered
from various academic fields, educational institutions, and environments. Additionally, dynamic, ongoing monitoring of
student involvement and academic achievement can be made possible by integrating real-time data streams from collaborative
learning tools like peer review systems, virtual breakout rooms, and discussion forums. In order to increase prediction accuracy
and identify more complex patterns in student behaviour data, hybrid machine learning models that combine the advantages
of factorisation machines with deep learning approaches are being investigated. In order to ensure that predictive analytics
systems are transparent, equitable, and properly managed, it is imperative to look into the ethical issues, data privacy problems,
and fairness implications related to their deployment in collaborative educational contexts.
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