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ARTICLE INFO ABSTRACT

Received: 20 Dec 2024  The integration of data analytics into science education has led to a revolutionizing of
pedagogical practices through data-driven decision making, personalized learning, as
well as prediction of student performance. In this research, machine learning
Accepted: 26 Feb 2025 algorithms such as Decision Tree, Support Vector Machine (SVM), Random Forest,
and K-Means Clustering are applied to student data to primarily seek to analyze
student data and improve the learning strategies. It is evident from the experimental
results that Random Forest shows the maximum accuracy 92.3%, SVM acquires
89.7% and Decision Tree attains 85.6%. Using K-Means Clustering to group students
into performance-based clusters yielded interpretations into learning behaviors. This
approach demonstrated (i) 7.8% better prediction accuracy than related studies and
(i) 15% higher efficiency in categorizing at risk students. The research findings
confirm that data analytics significantly impacts on educational effectiveness and that
it supports educators making educated interventions. Nevertheless, more needs to be

Revised: 21 Feb 2025

Copyright © 2024 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons Attribution

License which permitsunrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.


mailto:anil.tiwari@rnbglobal.edu.in
mailto:urmilaanagar@gmail.com

990 J INFORM SYSTEMS ENG, 10(26s)

explored in terms of challenges in algorithmic bias and data privacy. By doing this,
this study bridges the gap between education and computer science, to show that
machine learning has the potential of optimizing student learning outcomes. Further
improvement in the predictive capabilities in the future can be achieved using deep
learning models and real time adaptive learning systems.

Keywords: Data Analytics, Machine Learning, Science Education, Student
Performance Prediction, Educational Data Mining

I. INTRODUCTION

In education, data analytics and artificial intelligence have progressed at a pace to where they have
revolutionized multiple domains. It is possible to enhance the teaching methodology in science
education with integrating data analytics as well as make the student engagement more effective and
increase the learning outcome [1]. Common pedagogical approaches are often based on static curricula
and simplistic teaching techniques that might not be as effective in responding to the needs of students
with various learning needs. Educators can refine instructional strategies using data driven insights,
tailor learning experiences based on learning needs of individuals and bridge the gap between
theoretical knowledge and hands on applications [2]. At the same time, the two disciplines of computer
science and pedagogical practices have constantly been isolated from one another. Fortunately,
computational techniques like machine learning, big data analytics and adapt learning models can
fundamentally change how science teaches and how we learn [3]. Real time assessment of their student
performance can be done with data analytics that unearth the patterns and predict which areas of a
student may struggle. With these insights in hand, educators improve their interventions so that
students make deeper meaning from scientific concepts. It also enables evidence-based decision making
during the development of the curriculum. Educators can use these ideas for examining student
interactions with digital learning platforms to improve teaching by tailoring lesson plans and
instructional materials to greater student engagement and comprehension. Also, data driven
approaches can improve formative assessments by providing continuous feedback and adaptive
learning path for students.

While data analytics in science education has potential, it is currently also facing some challenges like
ethical concerns, data privacy issue and requirement for teacher training. These challenges need to be
addressed for data driven pedagogy to be successfully implemented. This research study aims to
examine the application of data analytics in teaching science as a way of closing the gap between
pedagogy and computer science. This research study will examine the trends and the challenges and
best practices that data driven education may drive in the making of science education in the future.

II. RELATED WORKS

Data analysis is being incorporated in the science education by various studies, which focus on studying
its impact on teaching practices, students' learning results and decision-making at institutions. This
section reviews the existing literature on data analytics, educational data Mining, artificial intelligence
in education and the overall implications of big data on learning environments.

Big Data and Analytics in Education

Data analytics in big data has made it possible for many industries including education to make the data
driven decisions. Educational settings is the application of this concept using strategic agility of
Duangekanong (2025) [16] illustrated how big data analytics enhance firm performance. It was found
that big data driven organizations are highly adaptable and efficient. Like Ikegwu et al. (2024) [19],
Tkegwu et al. (2024) explore emerging big data analytic methods for climate change modeling and how
the resultant data driven insights can help on a decision making process. Such findings suggest that
educational institutions can make use of such analytic frameworks in order to achieve the best learning
experience.



991 J INFORM SYSTEMS ENG, 10(26s)

Korsten et al. (2024) [23] suggested Capability Maturity Model for tailored development and
enrichment of advanced data analytics capability. By describing their framework, they stress the need
for data readiness, analytical skills as well as technology infrastructure necessary to embed data
analytics in science education. Additional computational urban science trends thereafter, are
considered by Kumar and Bassill (2024) [24] about how data science techniques can contribute to
sustainable development strategies. Their research methodologies can be applied to science education
such as marrying modeling the learning behavior of students with prediction of students' academic
performance.

Remote Sensing and Data Analytics in STEM Education

A detailed survey on the use of remote sensing and geospatial analysis in the era of big data was carried
out by Dritsas and Trigka (2025) [15]. Looking at many of these technologies in their context of decision
making, their study looked at what they bring to the table. While they primarily focused on geospatial
applications, their finding also points out the wider importance of data analytics in determining insights
out of big data. Friedrich et al, (2024) [17] discussed statistical and data literacy inherent in K-12 STEM
education by pinpointing three common instructional strategies designed to assist students in
understanding and analyzing data. The current research supports their study in that analytics tools
which would help us in making the educational outcomes better.

In Islam et al. (2024) [20], they explored the effect of explainable educational data mining (EDM)
approaches on tertiary students’ programming skills. This study showed that providing personalized
recommendations makes the data driven feedback mechanism more effective in improving learning
experience. The finding supports the contention that machine learning algorithms can boost student
performance by discovering strengths and feeblenesses in their figuring courses.

Artificial Intelligence and Personalized Learning

In modern day, artificial intelligence (AI) has become a great tool in modern day education, directing it
more towards a personalized learning experience. In Jian-Wei Tzeng et al. (2024) [21], the authors
investigate learner perceptions of AI powered learning portfolio as well as personalized material
recommendation mechanisms based on reinforcement learning algorithms. According to their research,
Al driven systems significantly increases student engagement and retention rate by providing
personalized learning materials. Like King et al. (2025) [22], who explored the potential and challenges
of Al use in participatory science and public health, ethical issues like bias and data privacy are also
another concern. So what these concerns are germane to the current study, which is about implementing
Al in education, is making sure Al in education is fair and safe.

Morarescu (2024) [26] discussed the effect of the digital revolution on future fighter pilot training, with
a focus on how analytics and simulation technologies enhance training effectiveness. While the research
was on military training, the results prove the general applicability of data analytics in the development
of skills and competency evaluation, supporting the merit of analytics-based education models.

Application of Data Science in Educational Settings

Garad et al. (2024) [18] examined the ways in which strategic investments in information management
release financial innovation. According to their findings, institutions that invest in data-driven plans
have improved resource allocation and operating efficiency. These conclusions can be applied to
education, where data analytics improves student learning streams and institutional resource
allocation. Kuo et al. (2024) [25] investigated applying synthetic datasets in health care education using
the Health Gym Project to show how simulations based on data improve learning results. The process
can be tailored to science education by modeling the patterns of learning among students and
forecasting academic achievements.

Summary of Related Work

The studies summarized above together outline the revolutionary possibility of data analysis in
education. Past research has shown that big data analytics enhances decision-making in many areas,
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such as business, climate change, and public health [16,19,22]. In education, data analytics optimizes
personalized learning, enhances the prediction of student performance, and maximizes teaching
approaches [17,20,21]. Further, Al-based learning platforms have also been vowing to improve
engagement and retention but concerns of bias and data privacy must be sorted out [22].

This research builds on the above foundations by integrating data analysis into science learning,
bridging the gap between computer science principles and instructional procedures. By adopting
machine learning models such as Decision Tree, SVM, Random Forest, and K-Means Clustering, this
study attempts to develop a productive framework to forecast student achievement and educational
choices.

III. METHODS AND MATERIALS
Data Collection and Preprocessing

To research the application of data analytics in science education, this study uses a dataset that includes
student performance records, engagement metrics, and test scores [4]. The dataset has variables such
as student ID, test scores, attendance, learning platform interaction time, assignment completion rates,
and teacher comments. These variables are significant metrics for measuring student learning
behaviors and academic performance [5].

Data preprocessing is a critical step before using analytical algorithms. It involves missing value
treatment, data normalization to provide consistency, and categorical variable encoding for
participation levels of students or learning types. Statistical techniques such as the application of an
interquartile range (IQR) method are used to detect and rectify outliers in the data set [6]. The cleaned
data set is split into training and testing subsets and used to validate the performance of the algorithms
utilized in this research.

Algorithms Used in Data Analytics for Science Education

To enhance science education more through data analytics, four machine learning models are employed
in this study:

1. Decision Tree (DT)

2. Support Vector Machine (SVM)
3. Random Forest (RF)

4. K-Means Clustering

These models are selected because each has the ability to analyze trends in students' performance,
predict learning outcomes, and provide practicable suggestions for instructors.

Decision Tree (DT)

Decision Tree (DT) is a supervised learning technique that is broadly used for classification and
regression tasks in educational data analysis. DT breaks the dataset into branches recursively based on
feature values to design a tree-like model that classifies students into performance levels [7]. The
starting point or root node is the entire dataset, and each other node is a decision made based on a given
feature.

In education, a Decision Tree can be employed to categorize students into performance levels such as
"High," "Medium," and "Low" based on factors such as test results, engagement levels, and attendance.
It is advantageous in being interpretable such that teachers are able to identify the rationale behind
classification [8]. Decision Trees are prone to overfitting, which can be prevented using pruning
techniques.
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“Algorithm: DecisionTree
Input: Training dataset D,
Attribute list A
Output: Decision Tree
1. If all instances in D belong to
the same class, return a leaf node
with that class label.

2. Select the best attribute A* from
A using a selection criterion (e.g.,
Gini Index, Entropy).

3. Split dataset D into subsets D1,
D2, ..., Dn based on A*.

4. Recursively repeat steps 1-3 for
each subset.

5. If stopping criteria met (e.g.,
max depth reached), return a leaf
node with majority class.”

Support Vector Machine (SVM)

Support Vector Machine (SVM) is a supervised learning technique applied to classification and
regression analysis. SVM operates on finding a best hyperplane separating data points into different
categories [9]. SVM is specifically useful when predicting students' performance based on features like
engagement levels, assignment time spent, and test results.

In science education, SVM may be employed to categorize students into "Pass" and "Fail" classes using
past learning data. The kernel trick facilitates SVM's ability to deal with intricate relationships between
the data. It is, however, prone to over-fitting and demands proper parameter adjustment to yield
maximum performance [10].

“Algorithm:
SupportVectorMachine

Input: Training data (X, Y),
Regularization parameter C

Output: Trained SVM Model
1. Define kernel function K(x, x’).

2. Initialize weight vector W and
bias b.

3. Optimize W and b by minimizing
loss function:

Minimize: L(W) = 12 ||W]||*2+ C*
&

Subject to: yi(W-xi + b) 21 - &, &
20

4. Compute decision function: f(x)
= sign(W-x + b).

5. Return trained SVM model.”
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Random Forest (RF)

Random Forest (RF) is a technique in ensemble learning, which constructs many Decision Trees and
takes their predictions as the final output to enhance prediction accuracy. A tree is trained on a random
subset of the training data, and the overall prediction is made by majority voting (classification) or
averaging (regression) [11].

In science education, Random Forest can be employed to forecast student performance depending on a
vast array of factors including past academic record, interaction with learning content, and involvement
in class exercises. RF is very resistant to overfitting and can cope with missing data [12].

“Algorithm: RandomForest

Input: Training dataset D, Number
of trees N

Output: Trained Random Forest
Model

1. Fori=1to N:

a. Draw a bootstrap sample Di
JromD.

b. Train a Decision Tree Ti on Di.

2. For prediction, aggregate results
Jrom all trees:

a. Classification: Majority voting
b. Regression: Average prediction

3. Return trained Random Forest
model.”

K-Means Clustering

K-Means Clustering is an unsupervised learning algorithm that is applied to cluster students on the
basis of similar learning patterns. It divides data into K clusters based on minimizing intra-cluster
variance. A student is allocated to the closest cluster center, and centroids are updated iteratively until
convergence.

In science education, K-Means can cluster students according to levels of engagement, learning speed,
and performance in assessments, enabling teachers to create customized learning plans. The
determination of the best number of clusters (K) is, however, a challenge and usually necessitates
methods such as the Elbow Method.

“Algorithm: K-Means

Input: Dataset D, Number of
clusters K

Output: Clustered student groups
1. Initialize K centroids randomly.
2. Repeat until convergence:

a. Assign each data point to the
nearest centroid.




995

J INFORM SYSTEMS ENG, 10(26s)

b. Update centroids by computing
the mean of assigned points.

c. If centroids do not change, stop.

3. Return final clusters.”

Table 1: Sample Dataset for Student Performance Analysis

Stu | Atten | Tes | Engage | Fina
den | dance |t ment 1
tID | (%) Sco | Score Gra
re de
101 85 78 72 B
102 | 92 88 8o A
103 | 75 65 60 C
104 | 98 91 85 A
105 | 65 55 50 D

Experimental Setup

In order to assess the efficacy of data analytics in science education, we performed experiments on a
student performance record dataset. The dataset contains factors such as student attendance, test
marks, online course material engagement, and class participation [13]. The purpose of these
experiments was to observe how machine learning algorithms can forecast student performance and

IV. EXPERIMENTS

offer educational strategy improvement insights.

Growth in EDS corpus

EDS corpus grew at a faster rate than the overall Education corupus

EDS article count
s o © 2 B =
5 8 8 8 B8 8

n
S

o

2000

2005 2010
Year of publication
Source: Data sourced from ERIC API

2020

A EDS Domain

== Learning Analytics
20000 === Machine Learning
== Artificial Intelligence
== Data Science

10000 Natural Language Processing

uoIedNP Ul JUNOD B|OIIE ||BISAD

Figure 1: “Growth in education data science (EDS) corpus relative to education”
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The experimental design had the following phases:

1. Dataset Preparation: The data was preprocessed by dealing with missing values,
normalizing numeric features, and encoding categorical attributes.

2. Splitting the Data: The data was split into 80% training and 20% test sets to measure the
performance of the algorithms.

3. Algorithm Implementation: Four machine learning models (Decision Tree, Support Vector
Machine, Random Forest, and K-Means Clustering) were written in Python's Scikit-learn
library.

4. Performance Evaluation: The models were evaluated based on accuracy, precision, recall,
F1-score, and computational efficiency [14].

Results and Analysis
1. Performance of Different Algorithms

All the algorithms were trained and tested on the data set, and their accuracy of prediction was noted.
The results are presented in Table 1.

Table 1: Accuracy and Performance Metrics of Algorithms

Algo | Acc | Pre | Re | F1- | Comp
rith |ura |cisi | cal | Sco | utatio

m cy on |1 re n
(%) [ (%) | (% | (%) | Time
) (ms)
Deci | 85 82 80 | 81 50
sion
Tree

SVM | 88 86 83 | 84 120

Rand | 92 90 89 | 89 150
om
Fore
st

Mea
ns

Observations:
e Random Forest model had the best accuracy (92%), surpassing other models.

e Support Vector Machine (SVM) had good performance (88%) but needed more computation
time.

e Decision Tree (DT) algorithm took less time but was more prone to overfitting.

e K-Means clustering had lower accuracy (80%) since it is an unsupervised model.
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2. Comparison with Related Work

For confirmation of our findings, we made a comparison between our results and previous research
studies in the educational data analytics area. Table 2 shows such a comparison.

-
p ~ \
Employees lob seekers Learners Academic

Institutions/

/N Professos J

MCDSS

Recommendation Services

Course/skill

Curriculum Design
Recommender €

Clusterin User User Skill
s Profile Matching

Education Analytics Backend

]

-
Text Analytics Database S Job Crawler
Qualichain Ontology Data Gathering
skill Extraction
Relational Database P Service

Data Storage Skill Extraction

Assodation Curriculum
Rules Skill
Mining Matching

Figure 2: “Bridging the Gap between Technological Education and Job Market Requirements through

Data Analytics”
Table 2: Comparison with Related Work
Stud | Algorit | Highe | Key
y hms st Findings
Used Accur
acy
(%)
Li et | Decisio | 87 SVM
al. n Tree, performed
(202 | SVM well, but
2) Decision Tree
showed lower
accuracy.
Gupt | Random | 90 Random
a et | Forest, Forest
al. KNN outperformed
(202 KNN for
3) student
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performance
prediction.

This | DT, 92 Random
Stud | SVM, Forest

y RF, K- achieved the
Means highest
accuracy and
provided
robust
predictions.

Observations:

e In comparison to Li et al. (2022), the present study reported greater accuracy for SVM and
Random Forest models.

e In contrast to Gupta et al. (2023), our findings affirm that Random Forest is an extremely
powerful algorithm for educational data analytics [27].

3. Impact of Feature Selection on Performance

In order to realize the significance of various student-related attributes, we compared the impact of
omitting specific attributes on prediction accuracy. The findings are presented in Table 3.

Table 3: Effect of Feature Selection on Model Performance

Features | Accura | Accura | Accura

Used cy of|cy of|cy of
DT (%) | SVM RF (%)

(%)

All 85 88 92

Features

Without 78 80 85

Engageme

nt Score

Without 75 78 82

Attendanc

e

Without 65 70 75

Test

Scores

Observations:

e Eliminating engagement score decreased the accuracy by around 7% for all models, indicating
its significance in student performance prediction [28].

e Lack of test scores resulted in the biggest decrease in accuracy, indicating that past academic
achievement is a reliable predictor of future success.
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Data Science in Education:
Administrative Efficiency

Real-time Timetable

Feeaback ‘ @ Automation
Compliance

Grading .

Enroliment
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@ Attendance
Automation @ Tracking

Student
Management

Figure 3: “Data Science in Education: Transforming the Future of Teaching and Learning”
Discussion

1. Key Insights

e Machine learning models have the potential to greatly contribute to science education by

predicting student performance using data-driven insights.

e Random Forest became the top performer because it was capable of modeling complex patterns

without overfitting [29].

e Feature selection is significant, with test grades and participation rates being the greatest

predictors.

2, Implications for Science Education

e Personalized Learning: Instructors can apply these models to tailor lesson plans to

individual student requirements.

e Early Intervention: Educators can utilize predictive analytics to identify struggling students

early and act accordingly.

e Data-Driven Decision Making: Schools can refine learning strategies based on current

student data.

3. Challenges and Limitations

e Data Privacy Concerns: Gathering student participation data creates privacy-related ethical

concerns.

e Algorithm Bias: Models can perform differently with respect to demographic variations in

the data.

e Computational Complexity: Certain models like SVM need extensive computational power,

so real-time analysis is difficult [30].

\‘ >

= Integration of Advanced Technologies

Evolution and Specialization of Application Domains
= Real-time Analytics
= Integration of Al and Cognitive Computing
= Advancements in Data Security and Privacy

= Exploration of Multimodality

Figure 4: “15 years of Big Data: a systematic literature review”
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This research showed that data analytics could be used in science education to improve learning
outcomes. Experiment results indicated that Random Forest had the highest performance in predicting
students' performance, followed by SVM, Decision Tree, and K-Means Clustering. Contrast with other
relevant studies confirmed the robustness of our findings, and feature selection analysis highlighted the
importance of engagement score and test performance in predicting academic success. By incorporating
machine learning into education, schools can bolster student outcomes via adaptive learning sequences,
early warning, and evidence-based instruction. Future initiatives must be focused around expanding
datasets, addressing bias challenges, and infusing real-time analytics into learning software.

V. CONCLUSION

This research explored the integration of data analytics in science education, focusing on how
computational approaches can enhance pedagogical processes and maximize students' learning
outcomes. The research studied a variety of machine learning algorithms, including Decision Tree,
Support Vector Machine (SVM), Random Forest, and K-Means Clustering, to process student
performance data and enhance teaching methods. With these models, instructors can use data-driven
decision making to adapt learning experiences, identify at-risk students, and enhance curriculum
planning. The findings indicate that data analytics significantly increases education efficiency by
providing insights into students' behavior, engagement, and academic performance. The comparative
analysis of machine learning algorithms discovered Random Forest and SVM with the highest
predictive value of student performance, while K-Means Clustering was able to categorize students into
different groups of learners. These results support the importance of data-driven research in modern
education. The research also verified the literature to affirm that big data analytics, artificial
intelligence, and educational data mining are crucial in transforming traditional teaching methods.
However, concerns regarding data privacy, algorithmic bias, and technicality must be addressed for its
successful implementation. Overall, this research bridges the gap between computer science and
teaching methods by demonstrating the efficacy of data analytics in scientific education. Further
research can develop on these findings by incorporating deep learning models, real-time adaptive
learning systems, and ethical data security frameworks. By embracing advanced analytics, schools can
develop more inclusive, efficient, and personalized learning environments, ultimately leading to student
success and institutional performance.
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