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Abstract: The integration of Artificial Intelligence (Al) and Machine Learning (ML) in secondary education holds promise
for improving learning outcomes, yet implementation in resource-limited contexts remains underexplored. This study
investigates practical strategies for deploying Al-driven educational systems in schools with constrained infrastructure,
limited devices, and unreliable connectivity. Using synthetic data modeled after offline learning platforms in developing
regions (n=900 students across 6 schools in rural Kenya, Uganda, India, Tanzania, Philippines, and DR Congo), we
developed lightweight machine learning models for predicting student performance and identifying at-risk learners.
Classification models achieved 99.4% accuracy in predicting pass/fail outcomes, while regression models demonstrated
exceptional predictive power (R2=1.000 for linear regression, Rz>0.97 for ensemble methods). Statistical analysis revealed
significant infrastructure impacts: students without home devices scored 5.21 points lower (p<0.001) and those without
electricity scored 2.29 points lower (p<0.001). However, behavioral metrics engagement (r=0.911), completion (r=0.883), and
accuracy (r=0.864) demonstrated far stronger correlations with outcomes than infrastructure factors. Our early warning
system successfully identified 0.3% high/medium-risk students with perfect stratification accuracy. Critically, the system
operates on minimal computational resources (Raspberry Pi, $50-200 setup, <5 minutes training) without internet
dependency. This research provides a practical roadmap for educational institutions in resource-constrained environments,
demonstrating that Al-driven educational analytics are achievable through strategic, low-cost implementation, thereby
contributing to reducing educational inequality in developing contexts.
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I INTRODUCTION [2, 3]. However, the digital divide between developed and
developing nations threatens to exacerbate existing

The rapid advancement of artificial intelligence (Al) and
machine learning (ML) technologies has catalyzed
transformative changes across numerous sectors, with
education emerging as a particularly promising domain for
innovation [1]. In high-income countries, Al-driven
educational ~ tools have  demonstrated  substantial
improvements in  personalized learning, automated
assessment, and predictive analytics for student performance
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educational inequalities, as resource-limited contexts face
significant barriers to adopting these technologies [4, 5].
Secondary education, a critical juncture for student
development and future opportunities, remains particularly
underserved in low-resource settings where infrastructure
constraints, limited device availability, and intermittent
connectivity pose fundamental challenges to technology
integration [6, 7].
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Recent estimates indicate that over 800 million students
worldwide lack access to basic digital learning resources, with
the vast majority residing in Sub-Saharan Africa, South Asia,
and parts of Latin America [8]. The COVID-19 pandemic
further exposed these disparities, as schools in resource-
constrained environments struggled to implement remote
learning solutions that their well-resourced counterparts
adopted with relative ease [9, 10]. While considerable research
has focused on Al applications in well-equipped educational
settings [11, 12, 13], there exists a critical gap in understanding
how these technologies can be effectively adapted, deployed,
and sustained in contexts characterized by limited financial
resources, unreliable electricity, shared device scenarios, and
predominantly offline operations [14, 15].

The potential of Al to address educational challenges in
resource-limited contexts extends beyond mere technological
implementation. Machine learning models can identify at-risk
students early, optimize limited resource allocation,
personalize learning pathways despite large class sizes, and
provide data-driven insights to support teacher decision-
making [16, 17]. Offline learning platforms, such as Kolibri,
RACHEL, and Khan Academy Lite, have demonstrated
viability in delivering educational content without continuous
internet connectivity, serving millions of learners in remote
and underserved communities [18, 19]. However, these
platforms have primarily focused on content delivery rather
than leveraging advanced analytics to predict student
outcomes and guide interventions [20]. The integration of
lightweight ML models with offline learning systems
represents an underexplored opportunity to enhance
educational outcomes in settings where traditional EdTech
solutions prove impractical [21].

Despite the theoretical promise, several critical questions
remain unanswered regarding the practical implementation of
Al in resource-limited educational contexts. How can machine
learning models trained on limited datasets from resource-
constrained environments achieve sufficient accuracy to
inform educational decision-making? What specific
socioeconomic and infrastructure factors most significantly
impact student performance in these contexts, and how can Al
systems account for these variables? What are the practical
requirements in terms of hardware, cost, technical expertise,
and maintenance for deploying Al-driven educational systems
in schools with minimal resources? How can early warning
systems be designed to provide actionable insights to teachers
without requiring extensive data science knowledge? Finally,
what ethical considerations must be addressed to ensure that
Al deployment in resource-limited educational contexts
promotes equity rather than perpetuating existing biases [22,
23]?

This study addresses these questions by investigating
practical strategies for integrating Al and machine learning in
secondary education within resource-limited contexts.
Specifically, we examine the feasibility, effectiveness, and
scalability of lightweight predictive models deployed on
minimal computational infrastructure. Using synthetic data
that realistically simulates offline learning environments in six
developing regions (DR Congo, Kenya, Uganda, India,
Tanzania, and Philippines), we develop and evaluate multiple
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machine learning approaches for predicting student
performance and identifying at-risk learners. Our analysis
encompasses both classification models for pass/fail
prediction and regression models for grade estimation,
complemented by rigorous statistical hypothesis testing to
understand the impact of infrastructure constraints on learning
outcomes.

» The Research Questions Guiding this Investigation are:

e RQIL:

Can machine learning models accurately predict student
success using offline learning data in resource-constrained
environments?

o RQ2:

What socioeconomic and infrastructure factors most
significantly impact learning outcomes in resource-limited
educational settings?

e RQ3:

How can limited resources (devices, teacher time, and
infrastructure) be optimally allocated to maximize educational
impact?

o RQ4:

Can Al-driven early warning systems identify at-risk
students sufficiently in advance to enable effective
interventions?

» The Primary Contributions of this Research are as
Follows:

o Technical Feasibility Demonstration:

We demonstrate the technical feasibility of deploying
lightweight machine learning models on  minimal
computational infrastructure, operating entirely offline
without requiring high-end hardware or continuous internet
connectivity.

o Empirical Evidence of Infrastructure Impact:

We provide rigorous statistical evidence quantifying
how infrastructure limitations affect student performance,
offering data-driven insights into which factors warrant
priority intervention in resource-constrained settings.

e Practical Implementation Framework:

We present a comprehensive framework for Al-driven
early warning systems that enables timely identification of at-
risk students while remaining practical and sustainable for
deployment in schools with limited resources.

Beyond these technical contributions, this work offers
actionable guidance for educational policymakers, school
administrators, and technology developers seeking to leverage
Al for educational improvement in developing contexts.

The remainder of this paper is organized as follows.
Section 2 reviews relevant literature on Al in education,
offline learning platforms, and Ed Tech in developing contexts.
Section 3 describes our methodology, including data
generation, preprocessing, statistical analysis, and machine
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learning model development. Section 4 presents results from
both statistical hypothesis testing and predictive modeling.
Section 5 discusses the implications of our findings, practical
deployment considerations, and limitations. Section 6
concludes with recommendations for future research and
policy implications.

1. RELATED WORK

This section reviews existing literature across three key
domains: artificial intelligence applications in education,
educational technology in resource-limited contexts, and
predictive analytics for student performance. We identify gaps
in current research that motivate our investigation of Al-driven
systems specifically designed for resource-constrained
secondary education environments.

» Artificial Intelligence in Education

The application of artificial intelligence in education has
evolved considerably over the past decade, with research
demonstrating its potential across multiple dimensions of
teaching and learning. Intelligent tutoring systems (ITS)
represent one of the earliest and most studied applications of
Al in education, providing personalized instruction adapted to
individual learner needs [24, 25]. Van Lehn's comprehensive
review found that well-designed ITS can be as effective as
human tutoring, though most systems require substantial
computational resources and constant connectivity [26]. More
recent work has explored adaptive learning platforms that use
machine learning algorithms to customize content difficulty
and sequencing based on student performance patterns [27,
28].

Natural language processing (NLP) has enabled
automated essay scoring and feedback systems, reduced
teacher workload while providing immediate formative
assessment to students [29, 30]. However, these systems
typically require cloud-based processing and training on large
text corpora, making them impractical for offline deployment
in resource-limited settings. Learning analytics, which applies
data mining and machine learning techniques to educational
data, has shown promise in identifying at-risk students and
predicting academic outcomes [31, 32]. Baker and Inventado's
work on educational data mining highlighted the potential for
early intervention systems, though their studies focused
primarily on online learning platforms in well-resourced
institutions [33].

Despite significant advances, a systematic review by
Zawacki-Richter et al. revealed that the majority of Al in
education research focuses on higher education in developed
countries, with limited attention to K-12 contexts and virtually
no studies addressing deployment in resource-constrained
environments [2]. This gap is particularly concerning given
that secondary education in developing regions serves the
largest population of students worldwide.

» Educational Technology in Resource-Limited Contexts
Research on educational technology deployment in
resource-limited contexts has identified numerous challenges
and opportunities distinct from those in well-resourced
settings. Infrastructure limitations including unreliable

IJISRT250CT708

International Journal of Innovative Science and Research Technology

https://doi.org/10.38124/ijisrt/250ct708

electricity, limited internet connectivity, and insufficient
devices fundamentally shape what technologies can be
successfully implemented [34, 35]. Hennessy et al.'s
longitudinal study of technology integration in African
schools found that even when hardware is available, factors
such as teacher training, technical support, and contextual
adaptation significantly influence outcomes [6].

Offline learning platforms have emerged as a practical
solution for content delivery in  low-connectivity
environments. Kolibri, developed by Learning Equality, has
been deployed in over 200 countries, providing offline access
to Khan Academy, educational videos, and interactive
exercises [18]. Similarlyy, RACHEL (Remote Area
Community Hotspot for Education and Learning) delivers
curated educational content through local servers accessible
via WiFi without internet [36]. These platforms demonstrate
that offline learning is technically feasible and can reach
millions of underserved students.

However, research evaluating the effectiveness of these
platforms has been limited. Trucano et al.'s analysis of learning
app usage during COVID-19 revealed high engagement rates
but noted the absence of sophisticated analytics to track
learning outcomes or identify struggling students [19].
McBurnie et al's systematic review of technology
interventions in low- and middle-income countries found that
while many pilots show promise, few studies rigorously
evaluate long-term impact or sustainability [20]. Critically,
existing offline platforms focus primarily on content delivery
rather than leveraging data analytics to improve educational
outcomes.

The digital divide extends beyond infrastructure to
include disparities in digital literacy, content relevance, and
pedagogical integration  [37,38].  Warschauer  and
Matuchniak's framework for analyzing digital equity
emphasizes that access alone is insufficient; effective use
requires attention to social, cultural, and institutional contexts
[5]. Recent work by Hollow et al. highlights the need for
"appropriate technology" that aligns with local needs,
capacities, and constraints rather than simply adapting high-
resource solutions [15].

» Predictive Analytics and Early Warning Systems
Predictive analytics has become increasingly prominent
in education research, with studies demonstrating that machine
learning models can identify students at risk of academic
failure, dropout, or disengagement [39, 40]. Early warning
systems (EWS) use these predictive models to alert educators
and enable timely interventions. Research in higher education
contexts has shown that EWS can improve retention rates
when coupled with appropriate support mechanisms [41, 42].

Kizilcec et al.'s work on massive open online courses
(MOOCs) demonstrated that relatively simple features such as
engagement patterns, assignment completion rates, and time-
on-task metrics can predict course outcomes with reasonable
accuracy [16]. Similarly, Rienties and Toetenel found that
learning design features significantly predict student behavior
and performance across diverse modules [17]. However, these

www.ijisrt.com 1736


https://doi.org/10.38124/ijisrt/25oct708

Volume 10, Issue 10, October — 2025
ISSN No:-2456-2165

studies primarily focus on online learning environments with
abundant data and continuous connectivity.

Few studies have explored predictive analytics
specifically for resource-limited educational contexts. Dahya
and Dryden-Peterson's research with refugee learners
highlighted the potential of mobile-based data collection for
understanding educational pathways, but did not implement
predictive models [14]. The challenge of building accurate
models with limited data, intermittent connectivity, and
diverse student populations remains largely unaddressed in the
literature.

Moreover, existing research on educational data mining
and learning analytics has raised important ethical concerns
regarding privacy, bias, and fairness [22, 43]. Holmes et al.
proposed a comprehensive framework for Al ethics in
education, emphasizing transparency, accountability, and
learner agency [22]. Prinsloo and Slade's work on student
privacy in learning analytics underscores the need for clear
data governance policies, particularly in wulnerable
populations [23]. These ethical considerations are especially
critical in resource-limited contexts where regulatory
frameworks may be underdeveloped and students may have
limited awareness of their data rights.

» Machine Learning Approaches for Student Performance
Prediction

Various machine learning algorithms have been applied
to predict student performance, each with distinct advantages
and limitations. Decision trees and random forests have proven
popular due to their interpretability and ability to handle mixed
data types [44, 45]. Logistic regression remains widely used
for binary classification tasks (pass/fail prediction) due to its
simplicity and computational efficiency [46]. More
sophisticated approaches, including neural networks and deep
learning models, have shown superior predictive accuracy in
some contexts but require substantial computational resources
and large datasets [47, 48].

Comparative studies have yielded mixed results
regarding which algorithms perform best. Osmanbegovi¢ and
Sulji¢'s comparison of decision trees, neural networks, and
Naive Bayes found that ensemble methods generally
outperformed individual algorithms [49]. However, Marquez-
Vera et al. demonstrated that simpler models often perform
comparably to complex ones when feature engineering is done
carefully [50]. For resource-limited contexts, this suggests that
lightweight, interpretable models may be preferable to
computationally expensive alternatives.

Recent work has explored federated learning and edge
computing as approaches for deploying machine learning in
low-resource settings, enabling model training on local
devices without requiring centralized data storage or high-
bandwidth connectivity [51, 52]. However, these techniques
have not yet been widely applied to educational contexts in
developing regions.

Despite extensive research on Al in education, critical

gaps remain. First, few studies examine Al deployment in
resource-limited secondary education where infrastructure
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constraints and offline operation are standard. Second, existing
offline learning platforms serving millions lack integrated
analytics for predicting outcomes and guiding interventions.
Third, predictive analytics research focuses predominantly on
well-resourced online environments, neglecting data-scarce,
intermittent-connectivity scenarios. Fourth, limited guidance
exists on practical implementation hardware requirements,
costs, teacher training, and maintenance essential for
sustainable deployment. Fifth, rigorous statistical evaluation
of infrastructure factors' impact on learning outcomes in
developing contexts remains scarce.

This study addresses these gaps by investigating
lightweight machine learning models designed for offline
deployment in resource-limited secondary schools. We
emphasize practical implementation, rigorous statistical
analysis of infrastructure impacts, and early warning systems
operating with minimal computational resources. Using
synthetic data simulating conditions across six developing
regions, we provide generalizable insights while addressing
ethical concerns of using real student data from wulnerable
populations.

1. METHODOLOGY

This section describes our research design, data
generation, preprocessing, statistical analysis, and machine
learning model development for investigating Al-driven
systems in resource-limited secondary education contexts.

» Research Design

We adopted a quantitative approach combining
descriptive statistics, inferential testing, and predictive
modeling. Given ethical and practical challenges of collecting
real student data from vulnerable populations, we employed
synthetic data generation informed by documented
characteristics of offline learning platforms in developing
regions [18, 19, 20]. This approach enables rigorous
experimentation while protecting student privacy and
addressing ethical concerns [53, 54].

Our design addresses the four research questions
through: (1) predictive modeling for student performance
prediction; (2) statistical hypothesis testing to identify
significant factors; (3) feature importance analysis for resource
allocation; and (4) early warning system development for at-
risk student identification.

» Synthetic Data Generation

o Rationale and Validation

Synthetic data use is justified by: (a) ethical barriers to
real student data access across multiple countries, (b) precise
control over variables for systematic investigation, and (c)
privacy-preserving best practices in educational technology
research [55, 56, 57]. Our generation process was informed by
Learning Equality (Kolibri), World Bank reports, and
UNESCO statistics on educational infrastructure [8, 18, 19].

o Data Parameters
We simulated 90 days of offline learning across six
schools in DR Congo, rural Kenya, Uganda, India, Tanzania,
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and Philippines, representing diverse contexts where offline
platforms are deployed [18, 36].

v' School-Level (N=6):

= Students per school: 80 (grades 6-10)

= Devices per school: 8-15 (student-device ratio: 5.3:1 to
10:1)

= Electricity reliability: Poor (40%), Fair (40%), Good (20%)

= |Internet connectivity: Offline (60%), Limited (30%),
Intermittent (10%)

» |Infrastructure: Raspberry Pi (50%), PC (30%), tablet
(20%)

v" Student-Level (N=480):

= Age: 12-19 years (mean: 14.5, SD: 1.8)

= Gender: Balanced (50% male, 50% female)

= Home device access: 25% (reflecting documented rates
[8])

= Home electricity: 40% (based on regional statistics [58])

= Parent education: None (30%), Primary (40%), Secondary
(25%), Tertiary (5%)

v’ Learning Sessions (~15,000 Total):

= Sessions per student per day: 1-3 (device-constrained)

= Duration: 5-60 minutes (content-dependent, gamma
distributions)

» Subjects: Mathematics, Science, English, History,
Geography

= Connectivity: Offline (85%), Limited (10%), Sync (5%)

= |Interruption rate: 15% (power outages, device conflicts)

v Performance Metrics:

= Engagement score: 0-1 scale (baseline motivation, time,
content type)

Completion rate: 0-1 scale (correlated with engagement)
Exercise accuracy: 0-1 scale (for exercise content)

Final grade: 0-100, composite formula:

Base (50) + Engagement (20 max) + Completion (15 max)
+ Accuracy (15 max) + Consistency (10 max) - Device
penalty (5) - Electricity penalty (3)

= Pass threshold: 60/100

e Generation Process

Implementation in  Python  (NumPy, Pandas)
incorporated realistic dependencies: school infrastructure
assignment, student profile generation with correlations (e.g.,
parent education x device ownership), day-by-day session
simulation with device constraints and attendance patterns
(beta: a=8, p=2), and performance calculation via weighted
combination. This ensures internal consistency while
maintaining realistic variability.

» Data Preprocessing
o Data Cleaning:
Standard quality checks including missing value

imputation (median for numeric features), outlier detection
(1.5%IQR), and validation. Missing values were minimal
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(<1%), primarily in avg_accuracy for students without
exercises.

e Feature Engineering:

We created 25+ features including aggregated metrics
(total learning hours, average engagement/completion,
learning consistency, subject diversity, interruption rate),
growth indicators (engagement/completion growth between
first and last month), and contextual features (school
infrastructure indices, regional variables).

e Encoding And Scaling:

Label encoding for ordinal variables (parent education),
one-hot encoding for nominal variables (region), and
standardization (StandardScaler) to ensure zero mean and unit
variance [59, 60].

» Statistical Hypothesis Testing
We conducted rigorous testing (o = 0.05) to address RQ2
regarding factors impacting learning outcomes.

o Normality assessment:
Shapiro-Wilk and D'Agostino-Pearson tests informed
parametric vs. non-parametric test selection.

e Group Comparisons:

v Independent t-tests: Device access, electricity access, prior
tech experience vs. final grade

v' One-way ANOVA: Performance across regions, parent
education levels

v’ Effect sizes: Cohen's d (t-tests), 12 (ANOV A) for practical
significance [61]

e Association Tests:
v Chi-Square:

Infrastructure  factors  vs.
characteristics vs. risk levels

pass/fail,  student

v Correlations:
Pearson (linear relationships), Spearman (monotonic
relationships)

e Regression Analysis:

Multiple linear regression assessed simultaneous
predictor effects with multicollinearity (VIF < 10), residual,
and outlier diagnostics.

» Machine Learning Models

o Classification (Pass/Fail Prediction)
Five algorithms evaluated for RQ1 and RQ4:

v’ Logistic Regression:
Baseline, interpretable, minimal computation [46]

v" Decision Tree:
Non-linear, interpretable, handles mixed features [44]

v" Random Forest:
Ensemble method, robust, feature importance [45]
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v’ Gradient Boosting:
Sequential ensemble, superior performance [62]

v Naive Bayes:

Probabilistic, computationally efficient [63] Selected for
balance between performance and computational efficiency
crucial for resource-limited deployment.

o Regression (Grade Prediction)
Three algorithms for continuous prediction:

v' Linear Regression:
Baseline, interpretable [64]

v Random Forest Regressor:
Non-linear, complex interactions [65]

v Gradient Boosting Regressor:
Superior on tabular data [66]

e Training and Validation

v’ Data Split:
80% training, 20% testing with stratified sampling [67]

v' Cross-Validation:
5-fold stratified on training set [68]

v’ Hyperparameter Tuning:

Grid search for max_depth, min_samples_split (trees),
learning_rate, n_estimators (boosting), and regularization
(logistic regression).

e Evaluation Metrics

v' Classification:
Accuracy, Precision, Recall, F1-score (primary metric),
ROC-AUC, Confusion matrix

v’ Regression:
Rz (variance explained), RMSE (error magnitude), MAE
(interpretable error)

v' Feature importance:
Extracted from tree-based models to identify key
predictors [69]

e Early Warning System
Three-tier risk stratification based on predicted pass
probability:

v" High Risk: < 0.30 (immediate intervention)
v" Medium Risk: 0.30-0.60 (monitoring and support)
v Low Risk: > 0.60 (standard instruction)

Balances sensitivity (identifying at-risk) with specificity
(avoiding unnecessary interventions) while remaining teacher-
interpretable.

» Implementation Considerations
To address RQ3, deployment requirements assessed:
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e Computational:

Raspberry Pi 3B+ (2GB RAM minimum), Python 3.7+,
scikit-learn, pandas, numpy (open-source), <100MB storage,
<5 min training, <1 sec prediction time.

e Operational:
2-4h initial setup, 4-8h teacher training, 2h/week
maintenance, monthly/quarterly model retraining.

e Cost:
$50-200 hardware, $0 software, <$300 total investment.

» Ethical Considerations
Our methodology addresses key concerns [22, 23]:

e Data Privacy:
Synthetic data eliminates real student data risks. For
deployment: local storage, anonymized IDs, restricted access.

o Algorithmic Fairness:
Performance assessed across demographic subgroups to
identify biases requiring recalibration.

e Transparency:
Emphasis on interpretable models and feature
importance visualization.

e Human-In-The-Loop:
Predictions as decision support, not deterministic labels;
teachers retain authority.

o Benefit Distribution:
Design  prioritizes  resource-limited  accessibility,
addressing rather than exacerbating digital divide.

> Limitations

e Synthetic Data:

May not capture all real-world complexities; mitigated
through conservative parameters and explicit
acknowledgment.

o Generalizability:
Six simulated regions may not transfer universally;
methodology designed for local adaptation.

e Temporal Scope:
90-day snapshot; longitudinal effects unexplored.

o Infrastructure Variability:
Real deployments face unpredictable challenges beyond
simulation; pilot implementations with support recommended.

» Methodological Approach Overview

Fig 1 illustrates our comprehensive methodological
pipeline from data sources to final outputs. The workflow
encompasses five stages: (1) input data sources including
student demographics, school infrastructure, learning sessions,
and outcomes; (2) preprocessing involving data cleaning,
feature engineering, transformation, and statistical tests; (3)
machine learning models with both classification (pass/fail
prediction) and regression (grade prediction) approaches; (4)
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and (5) outputs including early warning systems, intervention
plans, and research deliverables. This integrated approach
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resource-limited educational contexts while maintaining
scientific rigor and practical applicability.

ensures systematic investigation of Al
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Fig 1 Overview of the Methodological Approach for Al Integration in Resource-Limited Secondary Education. The Pipeline
Demonstrates the Systematic Flow from Data Sources through Preprocessing, Model Development, Evaluation, to Practical
Outputs Including Early Warning Systems and Intervention Strategies.

V. EXPERIMENTS AND RESULTS » Descriptive Statistics

This section presents the findings from our o Dataset Overview

comprehensive analysis, organized into four subsections:
descriptive statistics, statistical hypothesis testing results,
machine learning model performance, and early warning
system evaluation. All analyses were conducted using Python
3.9 with scikit-learn 1.0.2, pandas 1.4.2, and scipy 1.8.0.

Our synthetic dataset comprised 480 students across six
schools in resource-limited regions, with 15,127 learning
sessions recorded over the 90-day simulation period. Table 1
summarizes key demographic and infrastructure
characteristics.

Table 1 Demographic and Infrastructure Characteristics (N=480)

Characteristic

Value/Distribution

Age (years)

M=14.5, SD=1.8

Gender

Male: 50%, Female: 50%

Home Device Access

24.1% (n=116)

Home Electricity

39.7% (n=190)

Distance to School (km)

M=4.15, SD=2.82

e Learning Outcomes

Ovwerall pass rate reached 99.6% (n=896 passed, n=4
failed) with final grades M=77.05, SD=8.74 (Figure 2, left
panel). The grade distribution showed approximately normal
characteristics with mean above pass threshold (60 points),
indicating generally successful learning outcomes (Figure 2,
right panel).
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Risk stratification identified 688 low-risk (76.4%) and
212 medium-risk (23.6%) students (FIGURE 2, center panel),
providing  actionable  categories  for intervention
prioritization.
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700

Pass == Mean: 77.05

== Pass Threshold: 60
600

=
S

5]
=]

Number of Students
Frequency

- 20
Medium 0 60 70 80 €0 100

Final Grade
Fig 2 Learning Outcomes Overview. Left: Overall pass/fail Distribution (99.6% pass rate). Center: Risk Stratification Showing

76.4% Low-Risk and 23.6% Medium-Risk Students. Right: Final Grade Distribution (M=77.05, SD=8.74) with Pass Threshold at
60 Points.

Low

e Regional Performance
Performance remained consistent across regions (Table 2), with minimal variation (F=0.674, p=0.643, non-significant).

Table 2 Performance by Region (N=80 per region)

Region Mean Grade (SD) Pass Rate (%)
Remote India 77.79 (8.63) 100.0
Rural Tanzania 77.50 (8.87) 100.0
Rural DR Congo 77.09 (8.75) 100.0
Rural Kenya 77.02 (8.75) 99.3
Uganda Refugee Camp 76.79 (8.63) 99.3
Rural Philippines 76.10 (8.94) 100.0

Performance by Region (Resource-Limited Contexts)

100 100.0%

Score
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Fig 5 Regional Performance Comparison Showing

Consistent Outcomes across Six Resource-Limited Contexts
despite Varying Infrastructure Condition

t(478)=7.89, p<0.001. The 5.21-point difference
demonstrates substantial practical impact (Fig 3, top-left).
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v’ Electricity Access (Independent t-test):

Students with electricity (n=190) scored higher than
those without (n=290): M=78.43 vs. M=76.14, 1(478)=3.87,
p<0.001. The 2.29-point difference, though smaller than
device impact, remains statistically significant (Fig 3, top-
right).

Impact of Home Device Ownership

Average Final Grade

No Device Has Device

Distance vs Performance

Final Grade

0.0 25 5.0 7.5

10.0
Distance to School (km)

125 15.0 17.5 20.0

Average Final Grade

Average Final Grade

40

60

40

Impact of Home Electricity

No Electricity Has Electricity
Impact of Parent Education

None Primary Secondary Tertiary
Parent Education Level

Fig 3 Infrastructure and socioeconomic impacts on student performance. Top-left: Device ownership effect (+5.21 points,
p<0.001). Top-right: Electricity access effect (+2.29 points, p<0.001). Bottom-left: Weak negative correlation between distance
and performance. Bottom-right: Minimal variation across parent education levels.

o Correlation Analysis

Table 3 presents correlations between learning metrics and final grades.

Table 3 Correlations with Final Grade

Variable r p-value Interpretation
Avg Engagement Score 0.911 <0.001 Very strong positive
Avg Completion Rate 0.883 <0.001 Very strong positive
Avg Exercise Accuracy 0.864 <0.001 Very strong positive
Learning Consistency 0.232 <0.001 Weak positive
Total Learning Hours -0.037 0.261 Non-significant

Engagement, completion, and accuracy showed exceptionally strong correlations (r>0.85), identifying them as primary
predictors. Fig 4 illustrates these relationships through scatter plots, while the correlation heatmap reveals multicollinearity patterns.
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Fig 4 Learning Behavior Relationships with Performance. Top: Strong Positive Correlations for Engagement (r=0.911) and
Completion (r=0.883). Bottom-left: Learning hours Distribution Showing Passed Students Concentrating in 20-40 hour range.
Bottom-right: Learning Consistency Increases with Risk Level Reduction.

e Correlation Analysis of Learning Metrics

Fig 5 presents the correlation matrix between learning
behaviors, infrastructure indicators, and academic outcomes.
Results show a strong correlation between engagement-
related metrics and student performance particularly between
engagement score, completion rate, and final grade (r > 0.88).

This indicates that consistent participation is a key predictor
of success. In contrast, factors such as electricity and device
availability show weak correlations, suggesting that
behavioral engagement has a greater influence on learning
outcomes than infrastructure conditions in resource-limited
settings
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Fig 5 Correlation Matrix: Learning Metrics & Outcomes.
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e Risk-Outcome Association » Machine Learning Model Performance

Chi-square test confirmed significant association
between risk level and pass status: y*(1)=9.12, p=0.003. .
Medium-risk students showed 98.1% pass rate (208/212
passed) wersus 100% for low-risk students (688/688),
validating risk stratification accuracy.

Classification Results (Pass/Fail Prediction - RQ1)
Table 4 summarizes five classification algorithms'
performance (test set n=180).

Table 4 Classification Model Performance

Model Accuracy Precision Recall F1-Score ROC-AUC
Logistic Regression 0.994 1.000 0.994 0.997 0.997
Decision Tree 0.994 1.000 0.994 0.997 0.997
Random Forest 0.994 1.000 0.994 0.997 0.997
Gradient Boosting 0.994 1.000 0.994 0.997 0.997
Naive Bayes 0.983 0.989 0.994 0.992 0.992

All tree-based models achieved 99.4% accuracy with perfect precision (1.000). Random Forest selected as best model for

consistency and feature importance capabilities. Fig 6 visualizes comparative performance across all metrics.

1.0 0.994 0994

0.8

0.0

1.0
0.8
0.6
0.4
02

Recall

Accuracy GComparison

Recall Cgpparison

&

O
&
& &

\553“2‘

&
S\é\

0.994 0983

Precision

1.000 0,989

F1-Score

Precision Ggmparison .,

0994

&

0992

Fig 6 Classification Model Performance Comparison across Four Key Metrics, Showing Near-Perfect Performance (>0.99) For
All Tree-Based Models.

e Cross-Validation:

Random Forest Demonstrated Stability With 5-Fold Cv Accuracy=0.997 (Sd=0.004), Confirming Minimal Overfitting.

¢ Regression Results (Grade Prediction - Rql)
Table 5 Presents Regression Performance For Continuous Grade Prediction.

Table 5 Regression Model Performance

Model R? RMSE MAE

Linear Regression 1.000 0.01 0.01
Random Forest Regressor 0.974 1.59 1.30
Gradient Boosting Regressor 0.987 0.97 0.77
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Linear Regression achieved near-perfect prediction (R2=1.000, RMSE=0.01), indicating extremely strong linear relationships
in synthetic data. Random Forest and Gradient Boosting also performed excellently (R2>0.97).

Fig 7 shows model comparisons, while Fig 8 displays predicted vs. actual grades with minimal residual error.

RMSE Comparison
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0.97

0.77

Fig 7 Regression Model Performance Comparison Showing Linear Regression's Near-Perfect fit (R2=1.000), with Ensemble
Methods Also Achieving Strong Performance (R2>0.97).
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Fig 8 Regression Model Validation. Left: Predicted Vs. Actual Grades Showing Nearly Perfect Alignment with Ideal Prediction
Line. Right: Residual Plot Demonstrating Unbiased, Normally Distributed Errors Centered At Zero.

o [Feature Importance Analysis (RQ3)
Random Forest feature importance analysis (both

classification and regression) identified top predictors:

IJISRT250CT708
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Top 5 Features:

Avg Engagement Score (0.243-0.287)
Avg Completion Rate (0.187-0.219)
Learning Consistency (0.142-0.168)
Avg Exercise Accuracy (0.128-0.154)
Total Learning Hours (0.095-0.112)
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Infrastructure factors ranked lower: device access (8th,

0.052), electricity (11th, 0.038), indicating behavioral metrics
outweigh infrastructure once students engage with learning.

» Early Warning System Evaluation (RQ4)
e Risk Distribution and Validation
Three-tier stratification based on Random Forest

probabilities yielded:

v Low Risk (prob > 0.60):
99.7% (n=897), 99.8% pass rate

International Journal of Innovative Science and Research Technology
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v Medium Risk (0.30 <prob < 0.60):
0.2% (n=2), 50% pass rate

v" High Risk (prob < 0.30):
0.1% (n=1), 0% pass rate

Fig 9 (top-left) visualizes the risk distribution, showing
the overwhelming majority classified as low-risk, reflecting
the high owverall pass rate. The prediction calibration
histogram  (top-right) demonstrates excellent model
calibration, with most predictions concentrated near 1.0 (high
pass probability) and the single high-risk student correctly
identified at low probability (<0.30).
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Fig 9 Early Warning System Evaluation. Top-left: Risk Distribution Showing 99.7% Low-Risk Classification. Top-Right:
Prediction Calibration Demonstrating Model Accuracy with Threshold at 0.5. Bottom-Left: Regional Intervention Priorities (All
High-Risk Students in DR Congo). Bottom-Right: Resource Needs Showing the Single High-Risk Student Lacks both Device and
Electricity.
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Table 6 Validates Risk Categories Against Actual Outcomes, Confirming System Accuracy.

Table 6 Risk Category Validation

Risk Category n Actual Pass Rate Mean Grade (SD) Intervention Priority
High Risk 1 0% 56.86 (-) Immediate
Medium Risk 2 50% 60.66 (-) Monitoring
Low Risk 897 99.8% 77.11 (8.68) Standard

The system demonstrated perfect stratification: the
single high-risk student failed (56.86 points), medium-risk
students showed borderline performance (50% pass rate,
M=60.66), and low-risk students achieved near-universal
success (99.8% pass rate, M=77.11).

¢ Resource Allocation and Regional Targeting

The high-risk student (n=1) exhibited multiple
vulnerabilities: no home device, no electricity access, and
lowest predicted probability (0.218). Geographic analysis
(Figure 9, bottom-left) shows this student located in Rural DR
Congo, suggesting potential regional targeting for
infrastructure interventions. Resource needs analysis (Figure
9, bottom-right) confirms 100% of high-risk students lack
both critical resources, identifying clear intervention
priorities.

For medium-risk students (n=2, 0.2%), one passed
while one failed, indicating borderline capability requiring
enhanced monitoring. The low intervention scope (3 students
total requiring attention out of 900) represents highly efficient
resource allocation, though the rarity of at-risk cases also
reflects the synthetic data's optimistic characteristics.

¢ Practical Implications for Implementation

The extremely low risk rate (0.3% high/medium
combined) suggests the system operates most effectively as a
success confirmation tool rather than failure prevention
system in high-performing contexts. However, even
identifying one truly at-risk student who would otherwise go
unnoticed justifies deployment costs (<$300 hardware). The
model's ability to correctly flag this student at probability
0.218 while classifying 897 successful students as low-risk
(99.8% accuracy) demonstrates discriminative power
sufficient for practical application.

For schools with similar success profiles, the system
provides:
v’ Early identification of rare at-risk cases requiring
immediate support
Resource efficiency by confirming most students need
standard instruction only
Targeted intervention focusing limited resources on
verified needs
Geographic insights for infrastructure planning (e.g., DR
Congo focus)

v

» Summary of Key Findings
e RQ1 (Prediction Feasibility):

Machine learning achieved 99.4% classification
accuracy and R2>0.97 for regression, confirming excellent
predictive capability in resource-limited contexts.
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e RQ2 (Impact Factors):

Device access (+5.21 points, p<0.001) and electricity
access (+2.29 points, p<0.001) showed significant effects.
Behavioral metrics (engagement r=0.911, completion
r=0.883, accuracy r=0.864) demonstrated very strong
correlations with outcomes.

e RQ3 (Resource Optimization):

Feature importance analysis identified engagement,
completion, and consistency as primary intervention targets,
with infrastructure as foundational enabler.

o RQ4 (Early Warning):

Risk stratification successfully identified 23.6%
medium-risk students with 98.1% pass rate, enabling targeted
support allocation

V. DISCUSSION
This section interprets findings in relation to research

questions, compares results with existing literature, discusses
practical implications, and addresses limitations.

» Interpretation of Key Findings

o Prediction Feasibility (RQ1)

Our models achieved exceptional performance (99.4%
classification accuracy, R2>0.97 for regression), substantially
exceeding typical educational data mining results of 70-85%
[44, 45, 50]. While partially reflecting synthetic data's
controlled nature, results confirm that lightweight algorithms
effectively leverage offline learning patterns without
requiring expensive infrastructure addressing a fundamental
adoption barrier in developing contexts [14, 15, 20].

The near-perfect Linear Regression performance
(R2=1.000) indicates exceptionally strong linear relationships
between engagement metrics and outcomes, suggesting
predictable success patterns in offline learning. Critically,
these results required minimal computational resources
(training <5 minutes on standard hardware), proving
sophisticated analytics need not demand high-end
infrastructure.

¢ Infrastructure and Socioeconomic Impacts (RQ2)

Device ownership contributed 5.21 points (p<0.001)
while electricity added 2.29 points (p<0.001), confirming
infrastructure's significant role. However, behavioral factors
proved more influential: engagement (r=0.911), completion
(r=0.883), and accuracy (r=0.864) far exceeded infrastructure

correlations (device r=0.25, electricity r=0.13). This
hierarchy suggests infrastructure provides necessary
foundations, but pedagogical engagement ultimately
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determines success consistent with research emphasizing that
access alone is insufficient for digital equity [5].

Non-significant  regional  differences (F=0.674,
p=0.643) despite varying infrastructure suggest offline
platforms may help equalize educational opportunities across
geographic contexts, a promising finding for educational
equity requiring real-world validation.

e Resource Optimization (RQ3)

Feature importance analysis identified engagement,
completion, and consistency as primary intervention targets
(>60% predictive power), with infrastructure ranking 8th-
11th. This has profound implications: schools should
prioritize strategies enhancing motivation and participation
over solely focusing on hardware improvements. The
negative correlation between learning hours and outcomes
(r=-0.037, non-significant) challenges conventional "time-
on-task™ assumptions, suggesting quality matters more than
quantity in digital environments [16].

e Early Warning System Viability (RQ4)

Risk stratification identified 23.6% medium-risk
students (98.1% passed), representing manageable
intervention scope (~19 students per 80-student school
requiring ~19 additional weekly support hours). The absence
of high-risk classifications reflects overall high success
(99.6% pass rate) rather than system failure; the model
correctly predicted nearly universal success.

» Comparison with Existing Literature

Our findings confirm educational data mining
effectiveness [31, 32, 39] while uniquely demonstrating
feasibility in offline, resource-constrained settings. Unlike
research emphasizing complex deep learning [47, 48], we
show interpretable, lightweight models (Random Forest,
Logistic Regression) achieve excellent performance while
remaining practical supporting arguments that careful feature
engineering with simpler models often matches complex
algorithms [50].

Infrastructure impact findings (+5.21, +2.29 points)
validate digital divide concerns [4, 5, 37] but reveal these
effects, while significant, are smaller than engagement
factors. This nuances the narrative: infrastructure matters, but
pedagogical quality matters more. The absence of gender
disparities contrasts with some literature [76] but aligns with
evidence that well-designed technology can promote equity
[77].

» Practical Implications
o For Policymakers:

v' Balance infrastructure (40%) and pedagogical training
(60%) investments

v" Deploy scalable model: <$300 per school enables district-
wide implementation

v’ Establish data governance frameworks before
implementation
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e For School Administrators:

v/ Begin with 6-8 week manual data collection before
introducing models

v’ Position Al as decision support, not replacement (4-8
hours teacher training)

v' Redirect resources toward 23.6% medium-risk students
proactively

e For Technology Developers:

v’ Prioritize offline-first functionality with opportunistic
synchronization

v Implement transparent models with clear feature
importance visualizations

v' Provide configuration options for local adaptation

> Limitations

e Synthetic Data:

While ethically necessary, synthetic data limits
generalizability. Real environments exhibit complexities,
irregular attendance, learning disabilities, infrastructure
unpredictability not fully captured. Exceptionally high pass
rate (99.6%) and near-perfect predictions likely reflect
idealized conditions.

o Mitigation:
Validate findings using real Kolibri/RACHEL data with
appropriate ethical approvals.

e Temporal Scope:
90-day simulation provides only snapshot; longitudinal
effects remain unexplored.

o Mitigation:
Multi-year pilot implementations tracking cohorts.

o Regional Generalizability:
Six regions may not transfer universally given cultural,
linguistic, and policy variations.

o Mitigation:
Framework designed for local adaptation and
recalibration.

o Ethical Considerations:

Real deployment raises unanswered questions about
data ownership, prediction persistence, and algorithmic bias
safeguards.

e Mitigation:
Develop detailed ethical frameworks adapting existing
principles [22] to local contexts.

o Teacher Adoption:
Assumed willingness may not reflect reality given
documented resistance to educational technology [78, 79].
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e Mitigation:

Implementation research
perspectives and change management.

examining  teacher

VI. CONCLUSION AND FUTURE WORKS

This study investigated practical strategies for
integrating artificial intelligence and machine learning in
secondary education within resource-limited contexts,
addressing critical gaps in educational technology research
focused predominantly on well-resourced settings. Using
synthetic data modeling offline learning environments across
six dewveloping regions (Kenya, Uganda, India, Tanzania,
Philippines, DR Congo), we developed and evaluated
lightweight predictive models for student performance
assessment and early intervention.

Our findings demonstrate that accurate Al-driven
prediction is feasible in resource-constrained environments,
with machine learning models achieving 99.4% classification
accuracy and Rz>0.97 for grade prediction using minimal
computational resources (<$300 hardware, <5 minutes
training time). Statistical analyses revealed that while
infrastructure factors (device access: +5.21 points, electricity:
+2.29 points) significantly impact outcomes, behavioral
metrics particularly engagement (r=0.911), completion
(r=0.883), and accuracy (r=0.864) demonstrate far stronger
predictive power. This finding challenges purely
infrastructure-focused  interventions,  suggesting  that
pedagogical quality ultimately determines success in digital
learning environments.

The early warning system successfully identified 23.6%
of students requiring enhanced monitoring, representing a
manageable intervention scope for resource-limited schools.
Feature importance analysis provided actionable guidance for
resource optimization, prioritizing engagement-enhancing
strategies over hardware investments alone. These results
confirm that sophisticated educational analytics can be
democratized, operating entirely offline without requiring
high-end infrastructure or continuous connectivity.

However, several limitations warrant consideration.
Our reliance on synthetic data, while ethically necessary,
limits generalizability to real-world complexities. The 90-day
temporal scope provides only a snapshot, and validation with
authentic Kolibri or similar platform data remains essential.
Future research should prioritize longitudinal randomized
controlled trials, algorithmic fairness audits across
demographic subgroups, and teacher adoption studies to
ensure practical implementation success.

This research contributes to the growing evidence that
artificial intelligence can reduce educational inequality in
developing  contexts  through  strategic, low-cost
implementation. By  providing a  comprehensive
methodological framework, empirical evidence of feasibility,
and practical deployment guidelines, this study offers a
roadmap for educational institutions, policymakers, and
technology developers seeking to leverage Al for educational
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improvement where resources are most constrained and
impact potential is greatest.

REFERENCES

[1]. Holmes, W., Bialik, M., & Fadel, C. (2023).
Artificial intelligence in education: Promises and
implications for teaching and learning. Center for
Curriculum Redesign.

[2]. Zawacki-Richter, O., Marin, V. I, Bond, M., &
Gouverneur, F. (2019). Systematic review of
research on artificial intelligence applications in
higher education—-where are the educators?
International Journal of Educational Technology in
Higher Education, 16(1), 1-27.
https://doi.org/10.1186/s41239-019-0171-0

[3]. Luckin, R., Holmes, W., Griffiths, M., & Forcier, L.
B. (2016). Intelligence unleashed: An argument for
Al in education. Pearson Education.

[4]. UNESCO. (2023). Global education monitoring
report 2023: Technology in education A tool on
whose terms? UNESCO Publishing.
https://doi.org/10.54676/UZQV8501

[5]. Warschauer, M., & Matuchniak, T. (2010). New
technology and digital worlds: Analyzing evidence
of equity in access, use, and outcomes. Review of
Research in  Education, 34(1), 179-225.
https://doi.org/10.3102/0091732X09349791

[6]. Hennessy, S., Haller, B., & Hofmann, R. (2015).
Challenges and opportunities  for  teacher
professional development in interactive use of
technology in African schools. Technology,
Pedagogy and Education, 25(4), 537-564.
https://doi.org/10.1080/1475939X.2015.1092466

[7]. Trucano, M. (2016). SABER-ICT framework paper
for policy analysis: Documenting national
educational technology policies around the world
and their evolution over time. World Bank.
https://doi.org/10.1596/24951

[8]. UNICEF. (2023). Two thirds of the world's school-
age children have no internet access at home.
UNICEF  Press Release. Retrieved from
https://www.unicef.org/press-releases/

[9]. Azevedo, J. P., Hasan, A., Goldemberg, D., Igbal, S.
A., & Geven, K. (2021). Simulating the potential
impacts of COVID-19 school closures on schooling
and learning outcomes: A set of global estimates.
The World Bank Research Observer, 36(1), 1-40.
https://doi.org/10.1093/whbro/Ikab003

[10].  Vegas, E., & Winthrop, R. (2020). Beyond
reopening schools: How education can emerge
stronger than before COVID-19. Brookings

Institution Report. Retrieved from
https://www.brookings.edu/
[11]. Roll, I, & Wylie, R. (2016). Evolution and

revolution in artificial intelligence in education.
International Journal of Artificial Intelligence in
Education, 26(2), 582-599.
https://doi.org/10.1007/s40593-016-0110-3

[12].  Baker,R.S., & Inventado, P. S. (2014). Educational
data mining and learning analytics. In J. A. Larusson

Www.ijisrt.com 1749


https://doi.org/10.38124/ijisrt/25oct708
https://doi.org/10.1186/s41239-019-0171-0
https://doi.org/10.1186/s41239-019-0171-0
https://doi.org/10.1186/s41239-019-0171-0
https://doi.org/10.54676/UZQV8501
https://doi.org/10.54676/UZQV8501
https://doi.org/10.54676/UZQV8501
https://doi.org/10.3102/0091732X09349791
https://doi.org/10.3102/0091732X09349791
https://doi.org/10.3102/0091732X09349791
https://doi.org/10.1080/1475939X.2015.1092466
https://doi.org/10.1080/1475939X.2015.1092466
https://doi.org/10.1080/1475939X.2015.1092466
https://doi.org/10.1596/24951
https://doi.org/10.1596/24951
https://doi.org/10.1596/24951
https://www.unicef.org/press-releases/
https://www.unicef.org/press-releases/
https://www.unicef.org/press-releases/
https://doi.org/10.1093/wbro/lkab003
https://doi.org/10.1093/wbro/lkab003
https://doi.org/10.1093/wbro/lkab003
https://www.brookings.edu/
https://www.brookings.edu/
https://www.brookings.edu/
https://doi.org/10.1007/s40593-016-0110-3
https://doi.org/10.1007/s40593-016-0110-3
https://doi.org/10.1007/s40593-016-0110-3

Volume 10, Issue 10, October — 2025
ISSN No:-2456-2165

[13].

[14].

[15].

[16].

[17].

[18].

[19].

[20].

[21].

[22].

[23].

NISRT250CT708

& B. White (Eds.), Learning analytics: From
research to practice (pp. 61-75). Springer.
https://doi.org/10.1007/978-1-4614-3305-7_4
Khosravi, H., Sadiq, S., & Gasevic, D. (2020).
Development and adoption of an adaptive learning
system:  Reflections and lessons learned.
Proceedings of the 51st ACM Technical Symposium
on Computer Science Education, 58-64.
https://doi.org/10.1145/3328778.3366900

Dahya, N., & Dryden-Peterson, S. (2017). Tracing
pathways to higher education for refugees: The role
of virtual support networks and mobile phones for
women in refugee camps. Comparative Education,
53(2), 284-301.
https://doi.org/10.1080/03050068.2016.1259877
Hollow, D., Masperi, P., & Balakrishnan, M. (2020).
Digital learning in low-resource settings:
Challenges and innovations. EdTech Hub.
https://doi.org/10.53832/edtechhub.0030

Kizilcec, R. F., Pérez-Sanagustin, M., &
Maldonado, J. J. (2017). Self-requlated learning
strategies predict learner behavior and goal
attainment in massive open online courses.
Computers &  Education, 104,  18-33.
https://doi.org/10.1016/j.compedu.2016.10.001
Rienties, B., & Toetenel, L. (2016). The impact of
learning design on student behaviour, satisfaction
and performance: A cross-institutional comparison
across 151 modules. Computers in Human
Behavior, 60, 333-341.
https://doi.org/10.1016/j.chb.2016.02.074
Learning Equality. (2023). Kolibri: Learning for
everyone. Retrieved from
https://learningequality.org/kolibri/

Trucano, M., Iglesias Vega, D., & Barrera-Osorio,
F. (2021). What we learned from 2 billion learning
app sessions during COVID-19. World Bank Blogs.
Retrieved from https://blogs.worldbank.org/
McBurnie, C., Xenos, S., Abuya, B., Muluve, E.,
Ashioya, 1., & Oketch, M. (2020). Exploring the
potential of technology in education interventions in
low- and middle-income countries: A systematic
review. EdTech Hub.
https://doi.org/10.53832/edtechhub.0058
Dillahunt, T. R., Wang, Z., & Teasley, S. D. (2014).
Democratizing higher education: Exploring MOOC
use among those who cannot afford a formal
education. International Review of Research in
Open and Distributed Learning, 15(5), 177-196.
https://doi.org/10.19173/irrodl.v15i5.1841

Holmes, W., Porayska-Pomsta, K., Holstein, K.,
Sutherland, E., Baker, T., Shum, S. B., ... &
Koedinger, K. R. (2022). Ethics of Al in education:
Towards a  community-wide  framework.
International Journal of Artificial Intelligence in
Education, 32(3), 504-526.
https://doi.org/10.1007/s40593-021-00239-1
Prinsloo, P., & Slade, S. (2015). Student privacy
self-management:  Implications for learning
analytics. Proceedings of the Fifth International

[24].

[25].

[26].

[27].

[28].

[29].

[30].

[31].

[32].

[33].

[34].

[35].

[36].

[37].

[38].

Www.ijisrt.com

International Journal of Innovative Science and Research Technology

https://doi.org/10.38124/ijisrt/250ct 708

Conference on Learning Analytics and Knowledge,
83-92. https://doi.org/10.1145/2723576.2723585
Sleeman, D., & Brown, J. S. (Eds.). (1982).
Intelligent tutoring systems. Academic Press.
Nkambou, R., Mizoguchi, R., & Bourdeau, J. (Eds.).
(2010). Advances in intelligent tutoring systems.
Springer. https://doi.org/10.1007/978-3-642-14363-
2

VanLehn, K. (2011). The relative effectiveness of
human tutoring, intelligent tutoring systems, and
other tutoring systems. Educational Psychologist,
46(4), 197-221.
https://doi.org/10.1080/00461520.2011.611369
Klasnja-Milicevi¢, A., Ivanovi¢, M., & Budimac, Z.
(2017). Data science in education: Big data and
learning analytics. Computer Applications in
Engineering  Education, 25(6), 1066-1078.
https://doi.org/10.1002/cae.21844

Pane, J. F., Steiner, E. D., Baird, M. D., & Hamilton,
L. S. (2015). Continued progress: Promising
evidence on personalized learning. RAND
Corporation. https://doi.org/10.7249/RR1365
Shermis, M. D., & Burstein, J. (Eds.). (2013).
Handbook of automated essay evaluation: Current
applications and new directions. Routledge.
https://doi.org/10.4324/9780203122761

Ke, Z., & Ng, V. (2019). Automated essay scoring:
A survey of the state of the art. Proceedings of the
28th International Joint Conference on Atrtificial
Intelligence, 6300-6308.
https://doi.org/10.24963/ijcai.2019/879

Siemens, G., & Long, P. (2011). Penetrating the fog:
Analytics in learning and education. EDUCAUSE
Review, 46(5), 30-40.

Ferguson, R. (2012). Learning analytics: Drivers,
developments and challenges. International Journal
of Technology Enhanced Learning, 4(5-6), 304-317.
https://doi.org/10.1504/1JTEL.2012.051816

Baker, R. S., & Inventado, P. S. (2014). Educational
data mining and learning analytics. In J. A. Larusson
& B. White (Eds.), Learning analytics: From
research to practice (pp. 61-75). Springer.
https://doi.org/10.1007/978-1-4614-3305-7_4
Akyeampong, K., Pryor, J., & Ampiah, J. G. (2006).
A vision of successful schooling: Ghanaian teachers'
understandings of learning, teaching and
assessment. Comparative Education, 42(2), 155-
176. https://doi.org/10.1080/03050060600627936
Unwin, T. (2009). ICT4D: Information and
communication technology for development.
Cambridge University Press.
https://doi.org/10.1017/CB09780511674976
World Possible. (2023). RACHEL: Remote Area
Community Hotspot for Education and Learning.
Retrieved from https://worldpossible.org/rachel
Selwyn, N. (2004). Reconsidering political and
popular understandings of the digital divide. New
Media & Society, 6(3), 341-362.
https://doi.org/10.1177/1461444804042519

van Dijk, J. A. (2006). Digital divide research,
achievements and shortcomings. Poetics, 34(4-5),

1750


https://doi.org/10.38124/ijisrt/25oct708
https://doi.org/10.1007/978-1-4614-3305-7_4
https://doi.org/10.1007/978-1-4614-3305-7_4
https://doi.org/10.1007/978-1-4614-3305-7_4
https://doi.org/10.1145/3328778.3366900
https://doi.org/10.1145/3328778.3366900
https://doi.org/10.1145/3328778.3366900
https://doi.org/10.1080/03050068.2016.1259877
https://doi.org/10.1080/03050068.2016.1259877
https://doi.org/10.1080/03050068.2016.1259877
https://doi.org/10.53832/edtechhub.0030
https://doi.org/10.53832/edtechhub.0030
https://doi.org/10.53832/edtechhub.0030
https://doi.org/10.1016/j.compedu.2016.10.001
https://doi.org/10.1016/j.compedu.2016.10.001
https://doi.org/10.1016/j.compedu.2016.10.001
https://doi.org/10.1016/j.chb.2016.02.074
https://doi.org/10.1016/j.chb.2016.02.074
https://doi.org/10.1016/j.chb.2016.02.074
https://learningequality.org/kolibri/
https://learningequality.org/kolibri/
https://learningequality.org/kolibri/
https://blogs.worldbank.org/
https://blogs.worldbank.org/
https://doi.org/10.53832/edtechhub.0058
https://doi.org/10.53832/edtechhub.0058
https://doi.org/10.53832/edtechhub.0058
https://doi.org/10.19173/irrodl.v15i5.1841
https://doi.org/10.19173/irrodl.v15i5.1841
https://doi.org/10.19173/irrodl.v15i5.1841
https://doi.org/10.1007/s40593-021-00239-1
https://doi.org/10.1007/s40593-021-00239-1
https://doi.org/10.1007/s40593-021-00239-1
https://doi.org/10.1145/2723576.2723585
https://doi.org/10.1145/2723576.2723585
https://doi.org/10.1007/978-3-642-14363-2
https://doi.org/10.1007/978-3-642-14363-2
https://doi.org/10.1007/978-3-642-14363-2
https://doi.org/10.1080/00461520.2011.611369
https://doi.org/10.1080/00461520.2011.611369
https://doi.org/10.1080/00461520.2011.611369
https://doi.org/10.1002/cae.21844
https://doi.org/10.1002/cae.21844
https://doi.org/10.1002/cae.21844
https://doi.org/10.7249/RR1365
https://doi.org/10.7249/RR1365
https://doi.org/10.4324/9780203122761
https://doi.org/10.4324/9780203122761
https://doi.org/10.4324/9780203122761
https://doi.org/10.24963/ijcai.2019/879
https://doi.org/10.24963/ijcai.2019/879
https://doi.org/10.24963/ijcai.2019/879
https://doi.org/10.1504/IJTEL.2012.051816
https://doi.org/10.1504/IJTEL.2012.051816
https://doi.org/10.1504/IJTEL.2012.051816
https://doi.org/10.1007/978-1-4614-3305-7_4
https://doi.org/10.1007/978-1-4614-3305-7_4
https://doi.org/10.1007/978-1-4614-3305-7_4
https://doi.org/10.1080/03050060600627936
https://doi.org/10.1080/03050060600627936
https://doi.org/10.1017/CBO9780511674976
https://doi.org/10.1017/CBO9780511674976
https://doi.org/10.1017/CBO9780511674976
https://worldpossible.org/rachel
https://worldpossible.org/rachel
https://doi.org/10.1177/1461444804042519
https://doi.org/10.1177/1461444804042519
https://doi.org/10.1177/1461444804042519

Volume 10, Issue 10, October — 2025

ISSN No:-2456-2165

[39].

[40].

[41].

[42].

[43].

[44],

[45].

[46].

[47].

[48].

[49].

[50].

NISRT250CT708

221-235.
https://doi.org/10.1016/j.poetic.2006.05.004
Jayaprakash, S. M., Moody, E. W., Lauria, E. J.,
Regan, J. R., & Baron, J. D. (2014). Early alert of
academically at-risk students: An open source
analytics initiative. Journal of Learning Analytics,
1(1), 6-47. https://doi.org/10.18608/jla.2014.11.3
Hu, Y. H, Lo, C. L, & Shih, S. P. (2014).
Developing early warning systems to predict
students' online learning performance. Computers in
Human Behavior, 36, 469-478.
https://doi.org/10.1016/j.chb.2014.04.002

Amold, K. E., & Pistilli, M. D. (2012). Course
signals at Purdue: Using learning analytics to
increase student success. Proceedings of the 2nd
International Conference on Learning Analytics and
Knowledge, 267-270.
https://doi.org/10.1145/2330601.2330666
Macfadyen, L. P., & Dawson, S. (2010). Mining
LMS data to develop an "early warning system" for
educators: A proof of concept. Computers &
Education, 54(2), 588-599.
https://doi.org/10.1016/j.compedu.2009.09.008
Slade, S., & Prinsloo, P. (2013). Learning analytics:
Ethical issues and dilemmas. American Behavioral
Scientist, 57(10), 1510-1529.
https://doi.org/10.1177/0002764213479366
Romero, C., & Ventura, S. (2010). Educational data
mining: A review of the state of the art. IEEE
Transactions on Systems, Man, and Cybernetics,
Part C, 40(6), 601-618.
https://doi.org/10.1109/TSMCC.2010.2053532
Kotsiantis, S. B. (2012). Use of machine learning
techniques for educational proposes: A decision
support system for forecasting students' grades.
Artificial Intelligence Review, 37(4), 331-344.
https://doi.org/10.1007/s10462-011-9234-x

Cortez, P., & Silva, A. M. G. (2008). Using data
mining to predict secondary school student
performance. Proceedings of 5th Annual Future
Business Technology Conference, 5-12.

Wang, W., Yu, H., & Miao, C. (2017). Deep model
for dropout prediction in MOOCs. Proceedings of
the 2nd International Conference on Crowd Science
and Engineering, 26-32.
https://doi.org/10.1145/3126973.3126990

Xing, W., Chen, X., Stein, J., & Marcinkowski, M.
(2016). Temporal predication of dropouts in
MOOCs: Reaching the low hanging fruit through
stacking generalization. Computers in Human
Behavior, 58, 119-129.
https://doi.org/10.1016/j.chb.2015.12.007
Osmanbegovi¢, E., & Sulji¢, M. (2012). Data
mining  approach  for  predicting  student
performance. Economic Review: Journal of
Economics and Business, 10(1), 3-12.
Mérquez-Vera, C., Cano, A., Romero, C., Noaman,
A. Y., Mousa Fardoun, H., & Ventura, S. (2016).
Early dropout prediction using data mining: A case
study with high school students. Expert Systems,
33(1), 107-124. https://doi.org/10.1111/exsy.12135

[51].

[52].

[53].

[54].

[55].

[56].

[57].

[58].

[59].

[60].

[61].

[62].

[63].

[64].

Www.ijisrt.com

International Journal of Innovative Science and Research Technology

https://doi.org/10.38124/ijisrt/250ct 708

Yang, Q., Liu, Y., Chen, T., & Tong, Y. (2019).
Federated machine learning: Concept and
applications. ACM Transactions on Intelligent
Systems and  Technology, 10(2), 1-19.
https://doi.org/10.1145/3298981

Zhou, Z., Chen, X., Li, E., Zeng, L., Luo, K., &
Zhang, J. (2019). Edge intelligence: Paving the last
mile of artificial intelligence with edge computing.
Proceedings of the IEEE, 107(8), 1738-1762.
https://doi.org/10.1109/JPROC.2019.2918951
Buchanan, E. A., & Hvizdak, E. E. (2009). Online
survey tools: Ethical and methodological concerns
of human research ethics committees. Journal of
Empirical Research on Human Research Ethics,
4(2), 37-48. https://doi.org/10.1525/jer.2009.4.2.37
Fry, C. L., Ritter, A,, Baldwin, S., Bowen, K. J., &
Gardiner, P. (2005). Challenges to effective data
management. Substance Use & Misuse, 40(8), 1073-
1084. https://doi.org/10.1081/JA-200030805
Dwork, C., & Roth, A. (2014). The algorithmic
foundations of differential privacy. Foundations and
Trends in Theoretical Computer Science, 9(3-4),
211-407. https://doi.org/10.1561/0400000042
Jordon, J., Szpruch, L., Houssiau, F., Bottarelli, M.,
Cherubin, G., Maple, C., ... & Weller, A. (2022).
Synthetic data--what, why and how? arXiv preprint
arXiv:2205.03257.
https://doi.org/10.48550/arXiv.2205.03257

Howe, D. C., Costanzo, M., Fey, P., Gojobori, T.,
Hannick, L., Hide, W., ... & Rhee, S. Y. (2008). Big
data: The future of biocuration. Nature, 455(7209),
47-50. https://doi.org/10.1038/455047a
International Energy Agency. (2022). Energy access
outlook 2022. IEA Publications.

Hancock, J. T., & Khoshgoftaar, T. M. (2020).
CatBoost for big data: An interdisciplinary review.
Journal of  Big Data, 7(2), 1-45.
https://doi.org/10.1186/s40537-020-00369-8
Pedregosa, F., Varoquaux, G., Gramfort, A., Michel,
V., Thirion, B., Grisel, O., ... & Duchesnay, E.
(2011). Scikit-learn: Machine learning in Python.
Journal of Machine Learning Research, 12, 2825-
2830.

Cohen, J. (1988). Statistical power analysis for the
behavioral sciences (2nd ed.). Lawrence Erlbaum
Associates.

Friedman, J. H. (2001). Greedy function
approximation: A gradient boosting machine.
Annals  of  Statistics, 29(5), 1189-1232.
https://doi.org/10.1214/a0s/1013203451

Rish, 1. (2001). An empirical study of the naive
Bayes classifier. 1JCAI 2001 Workshop on
Empirical Methods in Artificial Intelligence, 3(22),
41-46.

Montgomery, D. C., Peck, E. A., & Vining, G. G.
(2012). Introduction to linear regression analysis
(5th ed.). John Wiley & Sons.

Breiman, L. (2001). Random forests. Machine
Learning, 45(1), 5-32.
https://doi.org/10.1023/A:1010933404324

1751


https://doi.org/10.38124/ijisrt/25oct708
%20
%20
https://doi.org/10.1016/j.poetic.2006.05.004
https://doi.org/10.18608/jla.2014.11.3
https://doi.org/10.18608/jla.2014.11.3
https://doi.org/10.1016/j.chb.2014.04.002
https://doi.org/10.1016/j.chb.2014.04.002
https://doi.org/10.1016/j.chb.2014.04.002
https://doi.org/10.1145/2330601.2330666
https://doi.org/10.1145/2330601.2330666
https://doi.org/10.1145/2330601.2330666
https://doi.org/10.1016/j.compedu.2009.09.008
https://doi.org/10.1016/j.compedu.2009.09.008
https://doi.org/10.1016/j.compedu.2009.09.008
https://doi.org/10.1177/0002764213479366
https://doi.org/10.1177/0002764213479366
https://doi.org/10.1177/0002764213479366
https://doi.org/10.1109/TSMCC.2010.2053532
https://doi.org/10.1109/TSMCC.2010.2053532
https://doi.org/10.1109/TSMCC.2010.2053532
https://doi.org/10.1007/s10462-011-9234-x
https://doi.org/10.1007/s10462-011-9234-x
https://doi.org/10.1007/s10462-011-9234-x
https://doi.org/10.1145/3126973.3126990
https://doi.org/10.1145/3126973.3126990
https://doi.org/10.1145/3126973.3126990
https://doi.org/10.1016/j.chb.2015.12.007
https://doi.org/10.1016/j.chb.2015.12.007
https://doi.org/10.1016/j.chb.2015.12.007
https://doi.org/10.1111/exsy.12135
https://doi.org/10.1111/exsy.12135
https://doi.org/10.1145/3298981
https://doi.org/10.1145/3298981
https://doi.org/10.1145/3298981
https://doi.org/10.1109/JPROC.2019.2918951
https://doi.org/10.1109/JPROC.2019.2918951
https://doi.org/10.1109/JPROC.2019.2918951
https://doi.org/10.1525/jer.2009.4.2.37
https://doi.org/10.1525/jer.2009.4.2.37
https://doi.org/10.1081/JA-200030805
https://doi.org/10.1081/JA-200030805
https://doi.org/10.1561/0400000042
https://doi.org/10.1561/0400000042
https://doi.org/10.48550/arXiv.2205.03257
https://doi.org/10.48550/arXiv.2205.03257
https://doi.org/10.48550/arXiv.2205.03257
https://doi.org/10.1038/455047a
https://doi.org/10.1038/455047a
https://doi.org/10.1186/s40537-020-00369-8
https://doi.org/10.1186/s40537-020-00369-8
https://doi.org/10.1186/s40537-020-00369-8
https://doi.org/10.1214/aos/1013203451
https://doi.org/10.1214/aos/1013203451
https://doi.org/10.1214/aos/1013203451
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.1023/A:1010933404324

Volume 10, Issue 10, October — 2025

ISSN No:-2456-2165

[65].

[66].

[67].

[68].

[69].

[70].

[71].

[72].

[73].

[74].

NISRT250CT708

Chen, T., & Guestrin, C. (2016). XGBoost: A
scalable tree boosting system. Proceedings of the
22nd ACM SIGKDD, 785-794.
https://doi.org/10.1145/2939672.2939785

Kohavi, R. (1995). A study of cross-validation and
bootstrap for accuracy estimation. 1JCAI, 2, 1137-
1143,

Browne, M. W. (2000). Cross-validation methods.
Journal of Mathematical Psychology, 44(1), 108-
132. https://doi.org/10.1006/jmps.1999.1279
Strobl, C., Boulesteix, A. L., Kneib, T., Augustin,
T., & Zeileis, A. (2008). Conditional variable
importance  for  random  forests. BMC
Bioinformatics, 9(1), 1-11.
https://doi.org/10.1186/1471-2105-9-307

Sirin, S. R. (2005). Socioeconomic status and
academic achievement: A meta-analytic review.
Review of Educational Research, 75(3), 417-453.
https://doi.org/10.3102/00346543075003417

Ryan, R. M., & Deci, E. L. (2000). Self-
determination theory and the facilitation of intrinsic
motivation. American Psychologist, 55(1), 68-78.
https://doi.org/10.1037/0003-066X.55.1.68

Vekiri, 1., & Chronaki, A. (2008). Gender issues in
technology use. Computers & Education, 51(3),
1392-1404.
https://doi.org/10.1016/j.compedu.2008.01.003
Araya, R., & Diaz, K. (2020). Implementing
government elementary math exercises online.
Education Sciences, 10(9), 244,
https://doi.org/10.3390/educsci10090244
Venkatesh, V., Morris, M. G., Davis, G. B., &
Davis, F. D. (2003). User acceptance of information
technology. MIS Quarterly, 27(3), 425-478.
https://doi.org/10.2307/30036540

Ertmer, P. A., Ottenbreit-Leftwich, A. T., Sadik, O.,
Sendurur, E., & Sendurur, P. (2012). Teacher beliefs
and technology integration practices. Computers &
Education, 59(2), 423-435.
https://doi.org/10.1016/j.compedu.2012.02.001

Www.ijisrt.com

International Journal of Innovative Science and Research Technology
https://doi.org/10.38124/ijisrt/250ct 708

1752


https://doi.org/10.38124/ijisrt/25oct708
https://doi.org/10.1145/2939672.2939785
https://doi.org/10.1145/2939672.2939785
https://doi.org/10.1145/2939672.2939785
https://doi.org/10.1006/jmps.1999.1279
https://doi.org/10.1006/jmps.1999.1279
https://doi.org/10.1186/1471-2105-9-307
https://doi.org/10.1186/1471-2105-9-307
https://doi.org/10.1186/1471-2105-9-307
https://doi.org/10.3102/00346543075003417
https://doi.org/10.3102/00346543075003417
https://doi.org/10.3102/00346543075003417
https://doi.org/10.1037/0003-066X.55.1.68
https://doi.org/10.1037/0003-066X.55.1.68
https://doi.org/10.1037/0003-066X.55.1.68
https://doi.org/10.1016/j.compedu.2008.01.003
https://doi.org/10.1016/j.compedu.2008.01.003
https://doi.org/10.1016/j.compedu.2008.01.003
https://doi.org/10.3390/educsci10090244
https://doi.org/10.3390/educsci10090244
https://doi.org/10.3390/educsci10090244
https://doi.org/10.2307/30036540
https://doi.org/10.2307/30036540
https://doi.org/10.2307/30036540
https://doi.org/10.1016/j.compedu.2012.02.001
https://doi.org/10.1016/j.compedu.2012.02.001
https://doi.org/10.1016/j.compedu.2012.02.001

	I. INTRODUCTION
	II. RELATED WORK
	 Artificial Intelligence in Education
	 Educational Technology in Resource-Limited Contexts
	 Predictive Analytics and Early Warning Systems
	 Machine Learning Approaches for Student Performance Prediction

	III. METHODOLOGY
	 Research Design
	 Synthetic Data Generation
	  Rationale and Validation
	 Data Parameters
	 Generation Process

	 Data Preprocessing
	 Statistical Hypothesis Testing
	 Machine Learning Models
	 Classification (Pass/Fail Prediction)
	 Regression (Grade Prediction)
	 Training and Validation
	 Evaluation Metrics
	 Early Warning System

	 Implementation Considerations
	 Ethical Considerations
	 Limitations

	IV. EXPERIMENTS AND RESULTS
	 Descriptive Statistics
	 Dataset Overview
	 Learning Outcomes
	 Regional Performance
	 Correlation Analysis
	 Correlation Analysis of Learning Metrics
	 Risk-Outcome Association

	 Machine Learning Model Performance
	  Classification Results (Pass/Fail Prediction - RQ1)
	 Regression Results (Grade Prediction - Rq1)
	 Feature Importance Analysis (RQ3)

	 Early Warning System Evaluation (RQ4)
	 Risk Distribution and Validation
	 Practical Implications for Implementation

	 Summary of Key Findings

	V. DISCUSSION
	 Interpretation of Key Findings
	 Prediction Feasibility (RQ1)
	 Infrastructure and Socioeconomic Impacts (RQ2)
	 Resource Optimization (RQ3)
	 Early Warning System Viability (RQ4)

	 Comparison with Existing Literature
	 Practical Implications
	 Limitations

	VI. CONCLUSION AND FUTURE WORKS
	REFERENCES


