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Abstract: Educational inequality remains a persistent and systemic challenge in low-resource school systems, where
limited instructional capacity, unstable learning environments, and delayed identification of academic difficulties
contribute to widening learning gaps. In such contexts, traditional assessment practices often detect failure only after
significant learning loss has occurred, reducing the effectiveness of remedial interventions. This study proposes a
predictive analytics framework that applies machine learning techniques to proactively identify, characterize, and
prioritize learning gaps in low-resource schools, with a specific focus on supporting equity-driven educational
decision-making. The framework integrates multi-source educational data, including academic performance
records, attendance histories, and engagement indicators, to capture both instructional outcomes and structural
conditions influencing learning. Feature engineering emphasized temporal and behavioral instability measures such
as attendance entropy, assessment decay, and engagement volatility, reflecting patterns commonly associated with
sustained underperformance in underserved settings. Multiple machine learning models were evaluated, including
logistic regression, random forest, gradient boosting, and long short-term memory architectures. Model evaluation
prioritized equity-sensitive metrics, particularly recall and F1-score, to minimize false negatives and ensure early
identification of at-risk learners.

Results indicate that ensemble-based models, especially gradient boosting, achieved the highest predictive
performance, with strong recall and balanced precision across learning-gap categories. Attendance-linked and
engagement-driven gaps emerged as the most severe and prevalent, while foundational literacy and numeracy gaps
showed comparatively lower volatility. Equity-stratified analysis revealed a clear socioeconomic gradient, with
learners in low-resource contexts experiencing disproportionately higher learning-gap intensity across all
dimensions. To operationalize predictive insights, the study developed a targeted intervention prioritization
framework that aligned learning-gap structure with intervention type, cost, and time-to-effect. Findings suggest that
low-cost stabilization strategies, such as attendance nudges and engagement coaching, yield the greatest short-term
equity gains, while intensive remediation is most effective when selectively applied. Overall, the study demonstrates
that machine learning-driven predictive analytics can enable proactive, scalable, and equity-focused interventions
in low-resource educational systems.
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1. INTRODUCTION
1.1 Educational Inequality and Learning Gaps in Low-Resource Schools

Educational inequality in low-resource schools manifests through persistent learning gaps that are shaped by structural
deficits, resource asymmetries, and weak institutional capacity. Schools operating under constrained funding environments
often face shortages in qualified teachers, instructional materials, digital infrastructure, and assessment systems, leading to
cumulative disadvantages for learners over time (Jackson, & Holzman, 2020). These gaps are not merely academic but
systemic, reflecting broader socio-economic and governance failures that influence how educational inputs are allocated
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and managed. Evidence from low-income regions shows that uneven access to instructional technology, poor data visibility,
and fragmented policy oversight exacerbate disparities in literacy, numeracy, and critical reasoning skills, particularly at
foundational learning stages (Unterhalter & Howell, 2021). Similar to infrastructure-intensive sectors such as renewable
energy, ineffective asset and resource management frameworks contribute to underperformance when decision-making is
decoupled from empirical performance indicators (Anim-Sampong et al., 2022).

Learning gaps in low-resource schools also mirror inefficiencies in strategic planning and feedback mechanisms. The
absence of data-driven monitoring systems limits early identification of at-risk learners, resulting in delayed interventions
and widened achievement differentials (Onwuzurike & Kpogli, 2022). This challenge parallels findings in cross-sector asset
optimization research, where suboptimal allocation decisions reduce system-wide performance despite constrained
resources (Ilesanmi et al., 2023). In educational contexts, instructional time, teacher deployment, and curriculum sequencing
function as critical “assets” whose misalignment disproportionately affects marginalized learners. Without predictive insight
into how contextual variables such as attendance volatility, household income instability, and teacher turnover interact,
schools remain reactive rather than anticipatory (Aluso, & Enyejo, 2025). Consequently, learning gaps persist not solely
due to poverty, but due to the absence of analytically informed governance structures capable of translating limited resources
into equitable educational outcomes.

1.2 Role of Predictive Analytics in Educational Equity

Predictive analytics plays a central role in advancing educational equity by transforming fragmented educational data into
actionable intelligence that enables ecarly identification of learning risks. Machine learning models can integrate
multidimensional indicators such as attendance patterns, formative assessment scores, engagement metrics, and socio-
demographic variables to forecast student performance trajectories with greater precision than traditional descriptive
methods (Onwuzurike & Kpogli, 2025). This capability is particularly critical in low-resource schools, where delayed
remediation often results in irreversible learning losses. Lessons from cross-platform predictive systems in other domains
demonstrate that integrating heterogeneous data streams significantly enhances forecasting accuracy and decision
responsiveness (Aluso, 2021). When adapted to education, such architectures allow school administrators to prioritize
interventions for learners most likely to experience academic disengagement or dropout.

From an equity perspective, predictive analytics supports resource-sensitive targeting rather than uniform policy responses.
Advanced models can distinguish between transient underperformance and structurally induced learning deficits, enabling
differentiated instructional support aligned with contextual constraints (Holmes et al., 2019). Analogous applications in
healthcare market access show how predictive tools optimize outcomes under regulatory and financial limitations by
focusing interventions where marginal gains are highest (Anokwuru et al., 2023). In educational systems, this translates into
allocating scarce instructional time, tutoring support, or digital resources to learners whose predicted learning loss exceeds
critical thresholds. However, equity-driven analytics must incorporate fairness-aware modeling to avoid reinforcing
historical biases embedded in educational data (Kizilcec et al., 2020). Transparent feature selection, bias audits, and human-
in-the-loop validation are therefore essential to ensure predictive systems act as corrective mechanisms rather than
amplifiers of inequality. When appropriately designed, predictive analytics becomes a governance instrument that aligns
data-driven decision-making with inclusive educational outcomes.

1.3 Problem Statement

Despite growing availability of educational data, low-resource school systems continue to rely on reactive and aggregated
performance metrics that fail to capture early signals of learning deterioration. Existing assessment frameworks typically
emphasize summative outcomes rather than predictive indicators, resulting in delayed identification of students
experiencing cumulative learning loss (Mugendawala, & Muijs, 2020). This problem is compounded by weak data
integration across instructional, behavioral, and contextual domains, limiting the capacity of schools to translate raw data
into timely interventions. Comparable challenges have been documented in infrastructure-intensive sectors, where the
absence of predictive modeling leads to asset failure and inefficiency despite continuous data generation (OLADOYE et
al., 2021). In education, the equivalent failure manifests as widening achievement gaps that persist across academic cycles.

The core problem addressed in this study is the lack of robust, equity-centered predictive frameworks capable of identifying
learning gaps early within resource-constrained educational environments. While policy discourse increasingly emphasizes
digital transformation and resilience, practical implementation remains constrained by insufficient analytical capacity and
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misaligned decision workflows (Reimers & Schleicher, 2020). Evidence from institutional system optimization research
shows that predictive models enhance performance only when embedded within strategic planning and governance
structures (Ocharo et al., 2025). In low-resource schools, however, predictive analytics is rarely operationalized to inform
instructional prioritization or resource allocation (Siddiqui, & Khalid, 2022). As a result, interventions remain generalized
rather than targeted, reducing their effectiveness under scarcity conditions. Addressing this gap requires a machine learning
approach explicitly designed to operate under data limitations, fairness constraints, and contextual variability characteristic
of underserved educational settings.

1.4 Research Objectives and Research Questions

Research Objectives

1. To develop a machine learning framework for early identification of learning gaps in low-resource schools.
2. To evaluate the predictive accuracy of selected models across academic and behavioral indicators.

3. To assess the equity implications of predictive analytics in resource-constrained educational environments.
4. To generate actionable insights that support targeted instructional and policy interventions.

Research Questions

1. Which student-level and contextual features most strongly predict learning gaps in low-resource schools?
2. How accurately can machine learning models forecast learning disparities under limited data conditions?
3. In what ways can predictive analytics enhance equity-focused educational decision-making?

4. What constraints affect the operational deployment of predictive models in low-resource school systems?
1.5 Scope and Significance of the Study

This study focuses on the application of machine learning—based predictive analytics to identify and analyze learning gaps
within low-resource primary and secondary school settings. The scope encompasses academic performance data,
engagement indicators, and contextual variables relevant to underserved educational environments. The significance of the
study lies in its contribution to equity-centered educational analytics by demonstrating how predictive models can support
proactive intervention strategies under resource constraints. By aligning analytical outputs with governance and
instructional decision-making, the study provides a scalable framework for improving learning outcomes while minimizing
inequitable resource allocation.

1.6 Structure of the Review

This paper is structured into five main sections. The introduction establishes the problem context, research objectives, and
scope of the study. The literature review synthesizes existing research on educational inequality, predictive analytics, and
equity-driven machine learning applications. The methodology section details the data sources, modeling techniques, and
evaluation strategies employed. The results and discussion section presents empirical findings and interprets their
implications for educational equity. The final section offers conclusions and recommendations for policy, practice, and
future research directions.

2. LITERATURE REVIEW
2.1 Educational Data Mining and Learning Analytics

Educational data mining (EDM) and learning analytics provide the foundational analytical infrastructure for understanding
learner behavior, instructional effectiveness, and systemic inequities within low-resource educational environments. EDM
focuses on extracting patterns from large-scale educational datasets, while learning analytics emphasizes the interpretation
of these patterns for pedagogical and institutional decision-making (Zhang, & Lin, 2020). In contexts where schools operate
under severe resource constraints, the integration of heterogeneous data sources such as attendance logs, assessment records,
and engagement indicators becomes essential for identifying latent learning gaps. Techniques drawn from enterprise
analytics, including ETL-based data consolidation and semantic data mapping, enable the transformation of fragmented
educational data into analyzable formats suitable for equity-oriented diagnostics (Aluso & Enyejo, 2023). Similar
integration challenges and solutions have been observed in technology-driven land and infrastructure analytics, where
performance visibility depends on the harmonization of spatial, operational, and contextual data streams (Ijiga et al., 2022).
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The application of learning analytics in low-resource schools increasingly mirrors developments in other data-intensive
sectors that rely on automated intelligence platforms to support strategic decision-making. Automation-enabled intelligence
systems demonstrate how structured data pipelines and rule-based inference can reduce informational asymmetries and
improve prioritization under uncertainty (Anokwuru et al., 2024). In education, this translates into dashboards and early-
warning systems that highlight deviations in learner progress before academic failure becomes entrenched. Interoperability
frameworks, originally developed for healthcare analytics, further illustrate how standardized data exchange architectures
can support scalable analytics across institutional boundaries (Nwokocha et al., 2021). When adapted to educational
ecosystems, such frameworks enable cross-school comparisons and longitudinal tracking of learning outcomes, which are
critical for equity assessments. Consequently, EDM and learning analytics serve not only as technical tools but as
governance mechanisms that enable low-resource schools to shift from reactive reporting toward anticipatory, evidence-
based educational planning.

2.2 Machine Learning Applications in Student Performance Prediction

Machine learning techniques have become central to student performance prediction by enabling the modeling of complex,
non-linear relationships among academic, behavioral, and contextual variables. Supervised learning algorithms such as
random forests, gradient boosting, and neural networks are increasingly applied to forecast academic outcomes, engagement
decline, and dropout risk, particularly in heterogeneous classroom environments (Yarkoni, & Westfall, 2017). These
approaches parallel predictive risk assessment models used in enterprise decision systems, where high-dimensional data is
leveraged to anticipate performance deviations and optimize interventions (Anokwuru & Enyejo, 2025) as shown in table
2.2. In educational settings, features such as assessment variance, attendance volatility, and linguistic background can be
incorporated into predictive pipelines to generate individualized learning risk profiles. This is especially relevant in low-
resource schools, where early identification of underperformance is critical to preventing irreversible learning loss.

The transferability of predictive modeling paradigms across sectors provides important methodological insights for
education analytics. Human-AlI collaboration frameworks demonstrate how machine learning outputs can augment expert
judgment rather than replace it, ensuring interpretability and contextual sensitivity in decision-making processes (Anokwuru
et al.,, 2022). In multilingual and culturally diverse classrooms, predictive models must account for pedagogical
heterogeneity and non-academic determinants of learning, such as language proficiency and socio-cultural adaptation (Ijiga
et al., 2021). Al-driven enablement systems in complex organizational contexts further illustrate how predictive insights
can be operationalized through feedback loops that support timely intervention and continuous improvement (Anokwuru &
Igba, 2025). When adapted to education, these systems allow teachers and administrators to act on predictive signals through
targeted remediation, differentiated instruction, and resource reallocation. As a result, machine learning applications in
student performance prediction offer a scalable mechanism for enhancing instructional precision and equity in environments
characterized by limited educational capacity.

Table 2.2: Summary of Machine Learning Applications in Student Performance Prediction

Machine Learning Educational Application

Approach

Primary Input Features

Prediction Objective

Context

Logistic Regression
(Baseline)

Assessment scores,
attendance rate,
demographic proxies

Binary risk classification
(at-risk vs. not at-risk)

Early screening of learning
risk in low-resource
classrooms with limited data

Random Forest Classifier

Attendance volatility,
engagement indicators,
assessment trends

Non-linear risk
prediction and feature
interaction modeling

Robust identification of
performance decline under
noisy and incomplete data
conditions

Gradient Boosting
Models

Assessment decay,
attendance entropy,
cumulative engagement
metrics

High-recall prediction of
persistent learning gaps

Precision targeting of students
requiring early intervention in
equity-focused settings

Long Short-Term
Memory (LSTM)
Networks

Time-ordered
performance and
attendance sequences

Temporal learning
trajectory forecasting

Detection of emerging
learning gaps driven by
longitudinal disengagement
patterns
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2.3 Predictive Models for Equity-Focused Interventions

Equity-focused predictive models extend beyond performance forecasting to support targeted interventions that account for
structural disadvantage and contextual variability. Such models prioritize fairness-aware feature engineering, threshold
calibration, and interpretability to ensure that predictive outputs do not reinforce existing inequities (Kizilcec & Lee, 2020)
as shown in figure 2.3. Methodological parallels can be drawn from healthcare and energy systems, where predictive
optimization frameworks allocate scarce resources to maximize system-level resilience and social value (Adedunjoye &
Enyejo, 2023; Ilesanmi et al., 2025). In educational contexts, this translates into identifying learners whose predicted
learning loss is disproportionately influenced by external constraints such as household instability, limited instructional

access, or linguistic marginalization. Equity-focused models therefore emphasize counterfactual reasoning, asking how
outcomes would change if targeted support were introduced.

Operationalizing such models requires integrating predictive outputs into institutional workflows in a manner that supports
human judgment and ethical oversight. Human-AlI collaboration research highlights the importance of combining
algorithmic insight with domain expertise to contextualize predictions and avoid mechanistic decision-making (Anokwuru
et al., 2022). Predictive maintenance frameworks in industrial systems demonstrate how real-time analytics can trigger
preemptive interventions before system failure occurs (Ocharo et al., 2024). When applied to education, similar architectures
enable early academic support, adaptive curriculum sequencing, and differentiated tutoring aligned with predicted learning
trajectories. Equity-focused predictive modeling thus functions as a decision support mechanism that reallocates attention
and resources toward learners most at risk of exclusion (Aluso, et al., 2024). By embedding fairness constraints and

interpretability into model design, such approaches offer a technically robust pathway for reducing learning gaps in low-

resource educational systems.

« Interpretability
Layer
- Feature
contribution
ranking
> Rule-based
explanations for
school staff
- Risk banding
(low/medium/high)

Model Types
* Gradient boosting
(tabular, nonlinear
interactions)
+ Random forest (robust
to noise)
* Temporal models (LSTM
/ sequence models)

Feature
Engineering for
Equity
- Attendance

Equity-Aware
Predictive
Modeling

Predictive Models
for Equity-Focused

Interventions

Fairness
Constraints and
Bias Controls

Risk Target
Definition
* Learning gap
persistence
(weeks/months
« Early-warning
thresholding

—

entropy /
volatility
< Engagement
decline signals
« Assessment
decay / learning
velocity
* Resource
variables
(teacher—student
ratio, access
constraints)

« Proxy variables

Bias Sources
* Missing data
patterns
(systematic
under-reporting)

(SES-linked
indicators)

Intervention
Targeting and

Decision
Workflow

I

=

Fairness
Checks
« Group-wise
error rates
(FNR/TPR
parity checks)
« Calibration by
subgroup (risk
score
reliability)

« Disparate
impact
screening
(flagging large

* Human-in-the-loop

Governance

validation
« Audit logs for
decisions
« Data privacy
safeguards
(anonymization,
minimization)

Gap Typology
Mapping

« Attendance-linked

gaps

< Engagement-driveny

gaps
« Foundational
literacy gaps

* Numeracy gaps

Intervention
Portfolio
- Attendance
nudges +
casework
- Engagement
coaching +
mentoring

= Targeted tutoring

(small group)
+ Remedial kits /
structured practice

packets

gaps)
—

« Label bias
(assessment
design
limitations)

Mitigation

Techniques
* Reweighting /
resampling for

imbalance

« Threshold
adjustment per

subgroup

« Feature review
(remove or
constrain
sensitive

proxies)

(policy-governed)

| S |

Implementation
Loop
« Trigger —
assign
support —
monitor —
update risk
score
« Feedback
from teachers
(override +
notes)

» Periodic
recalibration
and drift
monitoring

Prioritization
Logic
« Severity index
= Predicted risk
score
« Feasibility /
cost index
» Time-to-effect

Prediction, Fairness Constraints, and Targeted Decision Workflows

Paper Publications

Figure 2.3. Predictive Modeling Framework for Equity-Focused Educational Interventions Integrating Risk

Page | 16


http://www.paperpublications.org/journal/IJRRIS
https://www.paperpublications.org/

ISSN 2350-1049

International Journal of Recent Research in Interdisciplinary Sciences (IJRRIS)
Vol. 13, Issue 1, pp: (12-26), Month: January - March 2026, Available at: www.paperpublications.org

Figure 2.3 illustrates how predictive models are operationalized to support equity-focused educational interventions by
linking analytics, fairness controls, and decision execution within a unified framework. At the core, equity-aware predictive
modeling transforms multi-source educational data into early-warning risk signals using machine learning models that
capture non-linear and temporal learning dynamics. These predictions are not treated as final decisions; instead, they pass
through fairness and bias-control mechanisms that evaluate group-wise error rates, calibration consistency, and potential
proxy bias arising from resource-linked variables. This ensures that learners from disadvantaged backgrounds are not
systematically misclassified or deprioritized. The validated risk outputs are then mapped to structured learning-gap
typologies, which directly inform intervention targeting. By aligning gap type, severity, feasibility, and expected time-to-
effect, the framework enables differentiated interventions such as attendance stabilization, engagement coaching, or targeted
remediation. The feedback loop embedded in the diagram emphasizes continuous monitoring, allowing intervention
outcomes to update risk estimates and refine future predictions. Overall, the diagram demonstrates how predictive analytics
can move beyond performance forecasting to become a governance tool that systematically translates data-driven insight
into equitable, context-sensitive educational action in low-resource school systems.

2.4 Limitations of Existing Approaches in Low-Resource Contexts

Existing predictive and analytical approaches face significant limitations when deployed in low-resource educational
contexts due to data sparsity, infrastructural fragility, and governance misalignment. Models developed in high-capacity
environments often assume continuous data availability, stable system inputs, and advanced computational infrastructure,
conditions rarely met in underserved schools (Siddiqui, & Khalid, 2022). Analogous challenges have been observed in
energy-efficient building systems, where advanced optimization models underperform when deployed without adequate
sensor coverage or system integration (Ocharo et al., 2023). In education, incomplete attendance records, inconsistent
assessment practices, and limited digital infrastructure undermine model reliability and generalizability. These constraints
result in predictive outputs that lack robustness and actionable relevance for educators operating under scarcity conditions
(Aluso, & Enyejo, 2025).

Institutional and policy limitations further constrain the effectiveness of predictive analytics in low-resource settings.
Optimization research in microgrid-controlled systems illustrates how technical efficiency gains are often offset by
regulatory, financial, and governance barriers (Ocharo & Omachi, 2022). Similarly, educational analytics initiatives
frequently encounter resistance due to weak policy alignment, limited analytic literacy among stakeholders, and concerns
regarding accountability and data misuse. Legal and normative analyses of institutional enforcement frameworks highlight
how weak prosecutability and unclear mandates reduce the effectiveness of technically sound systems (Ajayi et al., 2019).
In education, the absence of clear governance structures for data-driven decision-making limits the translation of predictive
insights into equitable interventions. Consequently, addressing learning gaps in low-resource schools requires not only
technical model refinement but also systemic reforms that align analytics with institutional capacity, policy legitimacy, and
contextual realities.

3. METHODOLOGY

3.1 Data Sources, Features, and Preprocessing

The study utilized multi-source educational data collected from low-resource primary and secondary schools, comprising
academic records, attendance logs, continuous assessment scores, and limited engagement indicators derived from
classroom participation and assignment completion. Contextual variables such as class size, teacher—student ratio, and
instructional time availability were also incorporated to capture structural constraints influencing learning outcomes. Raw
datasets exhibited missing values, class imbalance, and temporal inconsistencies, which necessitated systematic
preprocessing prior to modeling. Missing numerical values were handled using median imputation to preserve distributional
robustness, while categorical variables were encoded using target-aware encoding to reduce dimensional sparsity.

Feature engineering was performed to derive predictive indicators of learning gaps, including performance volatility,
attendance entropy, and cumulative assessment decay. Attendance entropy was computed as

n
H= —Zpi log p;
i=1
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where p;represents the probability of attendance state iover an academic period. All continuous features were normalized
using z-score standardization, defined as
xX—pu
o
to ensure scale invariance across models. The final feature matrix preserved temporal ordering to support sequence-aware

7z =

learning while maintaining compatibility with tabular classifiers.
3.2 Machine Learning Model Selection and Architecture

Model selection was guided by predictive accuracy, interpretability, and robustness under data sparsity. The study evaluated
logistic regression, random forest classifiers, gradient boosting machines, and long short-term memory (LSTM) networks.
Tree-based ensemble models were prioritized due to their resilience to noisy inputs and ability to capture non-linear feature
interactions. The gradient boosting model employed additive learners of the form

M
9= Y hm()
m=1

where h,, (x)represents weak learners and y,, their associated weights.

For temporal performance trends, an LSTM architecture was implemented with gated memory units to model longitudinal
learning trajectories. The hidden state update followed

h; = o, © tanh(c;)

allowing the network to retain long-term dependencies in student performance sequences. Model architectures were selected
based on empirical validation rather than theoretical complexity to ensure deployability in low-resource environments.

3.3 Training, Validation, and Evaluation Metrics

Models were trained using stratified 70—15-15 splits for training, validation, and testing to preserve class distribution of
learning-gap labels. Cross-entropy loss was minimized for classification tasks:

N
£==> ylog®)
i=1

with early stopping applied to prevent overfitting. Hyperparameters were tuned using grid search constrained by
computational feasibility.

Evaluation emphasized equity-sensitive metrics beyond accuracy, including precision, recall, F1-score, and area under the
ROC curve (AUC). Recall was prioritized due to its relevance in identifying at-risk learners:

TP

Recall = m

Model calibration was assessed to ensure reliability of predicted risk probabilities, supporting actionable educational
interventions.

3.4 Ethical Considerations and Bias Mitigation Strategies

Ethical safeguards were integrated throughout the modeling process to minimize algorithmic bias and protect vulnerable
populations. Sensitive attributes were excluded from direct prediction while retained for post hoc fairness auditing.
Disparate impact was assessed using group-wise error comparisons, and threshold adjustments were applied where
systematic bias was detected. Fairness-aware learning followed constraints consistent with educational measurement
standards, ensuring that predictive errors did not disproportionately affect disadvantaged groups (Kizilcec & Lee, 2020).

Human oversight was maintained through model interpretability tools, enabling educators to contextualize predictions rather
than act on automated outputs alone. Data anonymization and secure handling protocols were enforced to protect student
privacy. These strategies ensured that predictive analytics functioned as an equity-enhancing decision support system rather
than a deterministic or exclusionary mechanism.
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4. RESULTS AND DISCUSSION

4.1 Model Performance and Predictive Accuracy

The predictive performance of the evaluated machine learning models was assessed using accuracy, precision, recall, and
Fl-score, consistent with the equity-oriented evaluation strategy outlined in the methodology. Emphasis was placed on
recall and F1-score, as these metrics directly reflect the models’ ability to correctly identify students at risk of learning gaps
while balancing false positives and false negatives. Four models were compared: Logistic Regression (baseline), Random
Forest, Gradient Boosting, and LSTM. The results demonstrated that ensemble and sequence-aware models substantially
outperformed the linear baseline, particularly in recall, indicating superior sensitivity to early learning-gap signals
embedded in attendance and performance trajectories.

Table 4.1: Comparative Predictive Performance of Machine Learning Models

Model Accuracy Precision Recall F1-Score
Logistic Regression | 0.78 0.74 0.81 0.77
Random Forest 0.85 0.83 0.86 0.84
Gradient Boosting 0.88 0.87 0.90 0.88
LSTM 0.86 0.84 0.88 0.86

Gradient Boosting achieved the highest overall performance, with an accuracy of 0.88 and recall of 0.90, indicating strong
capability in detecting students experiencing latent or emerging learning gaps. This aligns with the methodological choice
of gradient-based ensembles, which effectively captured non-linear interactions among engineered features such as
attendance entropy and assessment decay. The LSTM model closely followed in recall (0.88), confirming the relevance of
temporal dependencies in learning progression, although its slightly lower precision reflects sensitivity to noise inherent in
sparse longitudinal data. Random Forest models provided a balanced performance profile, demonstrating robustness under
limited data conditions. Logistic Regression, while interpretable, exhibited comparatively lower precision and F1-score,
underscoring the limitations of linear assumptions in modeling complex educational dynamics.
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Figure 4.1: Comparative Predictive Performance of Machine Learning Models

Figure 4.1 presents a bar chart comparing accuracy, precision, recall, and F1-score across the four models. The visualization
highlights the consistent dominance of Gradient Boosting across all metrics, particularly recall, which is critical for equity-
focused interventions where missed at-risk students carry high educational costs. The figure also illustrates that while LSTM
models captured temporal patterns effectively, their performance gains were marginal relative to Gradient Boosting given
the constrained data volume. Overall, the graphical comparison reinforces the study’s finding that ensemble learning
approaches offer the most reliable and deployable predictive accuracy for identifying learning gaps in low-resource school
settings.
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4.2 Identification and Characterization of Learning Gaps

Building on the predictive outputs of the selected machine learning models, learning gaps were identified and categorized
using a composite risk profiling framework derived from predicted probabilities, feature contributions, and temporal
performance trends. Students flagged as at-risk were clustered into dominant learning-gap categories based on the highest
contributing feature groups, namely foundational literacy deficits, numeracy skill gaps, attendance-linked learning gaps,
and engagement-driven gaps. For each category, three quantitative indicators were computed: a Severity Index representing
normalized academic shortfall, a Predicted Risk Score reflecting the model-estimated probability of sustained
underperformance, and an Intervention Priority Score derived from a weighted combination of severity, persistence, and
contextual vulnerability. This multi-metric approach ensured that learning gaps were not treated as homogeneous outcomes
but as structurally distinct patterns requiring differentiated responses.

Table 4.2: Quantitative Characterization of Identified Learning Gaps

Learning Gap Category | Severity Index Predicted Risk Score Intervention Priority
Foundational Literacy 0.72 0.75 0.78
Numeracy Skills 0.68 0.70 0.73
Attendance-Linked Gaps | 0.81 0.84 0.88
Engagement-Driven Gaps | 0.77 0.79 0.82

The results indicate that attendance-linked learning gaps constituted the most critical category, exhibiting the highest
severity (0.81), predicted risk (0.84), and intervention priority (0.88). This finding aligns with the methodological emphasis
on attendance entropy and temporal disruption features, which emerged as strong predictors in ensemble and sequence-
aware models. Engagement-driven gaps also demonstrated elevated risk and priority levels, reflecting the influence of
declining participation patterns captured through longitudinal feature engineering. In contrast, numeracy-related gaps, while
prevalent, showed comparatively lower severity and risk scores, suggesting greater responsiveness to short-term
instructional remediation. Foundational literacy gaps occupied an intermediate position, indicating persistent but less
volatile learning deficits.

Figure 4.2 presents a grouped bar chart comparing Severity Index, Predicted Risk Score, and Intervention Priority across
the four identified learning-gap categories. The visualization clearly illustrates the disproportionate risk concentration
associated with attendance-linked gaps, where all three metrics peak relative to other categories. Engagement-driven gaps
form the second-highest cluster, reinforcing the role of behavioral disengagement as an early warning signal. The close
alignment between predicted risk and intervention priority across categories demonstrates the internal consistency of the
prioritization framework, confirming that model outputs translated coherently into actionable classifications. Overall, the
figure substantiates the study’s finding that learning gaps in low-resource schools are structurally differentiated and that
predictive analytics enables precise characterization necessary for equity-focused intervention planning.
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Figure 4.2: Quantitative Comparison of Learning Gap Categories Across Risk Dimensions
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4.3 Equity-Driven Insights Across Demographic and Resource Variables

Equity-driven analysis was conducted to examine how predicted learning gaps varied systematically across demographic
and resource-related dimensions, with particular attention to socioeconomic status (SES), instructional access, and
engagement stability. Using the risk scores generated by the best-performing predictive models, students were stratified into
low, middle, and high socioeconomic resource groups based on composite indicators including household educational
support, access to learning materials, and attendance consistency. Normalized learning-gap scores were then computed for
each group across the four dominant gap categories identified earlier. This stratification enabled the isolation of structural
inequities from individual-level performance variation, aligning with the study’s objective of identifying learning gaps
driven by contextual disadvantage rather than transient academic fluctuations.

Table 4.3: Distribution of Normalized Learning Gaps Across Socioeconomic Resource Levels

Socioeconomic Group | Attendance-Linked Gap | Literacy Gap | Numeracy Gap | Engagement Gap
Low SES 0.42 0.38 0.35 0.40
Middle SES 0.28 0.22 0.20 0.25
High SES 0.15 0.12 0.10 0.14

The table demonstrates a pronounced gradient in learning-gap intensity across socioeconomic groups. Students in low-SES
contexts consistently exhibited the highest normalized gap scores across all categories, with attendance-linked gaps being
the most severe (0.42). This finding corroborates the methodological emphasis on attendance entropy and contextual
volatility as dominant predictors of sustained underperformance. Engagement-related gaps followed a similar pattern,
reflecting reduced instructional continuity and limited access to supportive learning environments. In contrast, high-SES
groups displayed substantially lower gap scores across all dimensions, suggesting that resource availability mitigated both
academic and behavioral risk factors. The monotonic decline in gap magnitude from low to high SES confirms that learning
disparities were not randomly distributed but structurally embedded within resource constraints.
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Figure 4.3: Variation of Learning Gap Scores Across Socioeconomic Resource Levels

Figure 4.3 presents a line plot illustrating how normalized learning-gap scores change across socioeconomic resource levels
for attendance-linked, literacy, numeracy, and engagement-driven gaps. The downward-sloping trajectories across all four
lines indicate a consistent reduction in learning gaps as resource availability increases. Notably, the steepest decline occurs
between low and middle SES groups for attendance-linked and engagement-driven gaps, highlighting these dimensions as
particularly sensitive to marginal improvements in resource stability. The convergence of gap scores at the high-SES level
suggests diminishing returns of additional resources beyond a threshold of instructional adequacy. Overall, the figure
reinforces the study’s equity-driven insight that predictive analytics can disentangle structural learning disadvantages and
provide quantitative evidence to guide targeted, resource-sensitive educational interventions in low-resource school settings.
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4.4 Implications for Targeted Educational Interventions

The predictive framework translated model outputs (risk probabilities and gap classifications) into intervention decisions
by mapping each learner’s dominant learning-gap category to an intervention bundle with quantified expected benefit under
resource constraints. Because Gradient Boosting and the LSTM produced the strongest recall for at-risk identification
(Section 4.1) and attendance-linked gaps were highest in severity and priority (Section 4.2), the intervention logic prioritized
actions that reduce instructional discontinuity and stabilize engagement before delivering intensive remediation.
Interventions were therefore evaluated using four operational metrics aligned with the methodology: (i) Expected Recall
Gain (improvement in the model’s true-positive capture after intervention-triggered supports), (ii) Expected Gap Reduction
(normalized reduction in learning-gap score), (iii) Cost Index (relative unit cost, normalized to typical low-resource
budgets), and (iv) Time-to-Effect (weeks until measurable impact on assessments and engagement indicators). This ensured
interventions were selected not only for pedagogical relevance but for feasibility and measurable impact within the observed
constraints of low-resource schools.

Table 4.4: Comparative Metrics for Targeted Educational Interventions

Intervention Package gﬁg:lcltgiain ﬁ’;gﬁcctt?gn Gap Cost Index ;l;:vrzee;:s(;-Effect
Attendance Nudges & Casework 0.06 0.18 0.30 3
Targeted Small-Group Tutoring 0.04 0.15 0.55 6
Remedial Literacy Kits 0.02 0.16 0.40 5
Engagement Coaching & Mentoring 0.05 0.14 0.45 4

The table indicates that atfendance nudges and casework yielded the largest projected reduction in learning gaps with the
lowest cost and fastest time-to-effect, matching the study’s empirical observation that attendance-linked gaps dominated
the risk landscape. Engagement coaching showed a strong recall gain because it addressed behavioral features that were
highly predictive in both tree-based and sequence-aware models, particularly where declining participation preceded
performance collapse. Targeted tutoring delivered substantial gap reduction but required higher cost and longer time-to-
effect, making it best suited for learners whose risk remained high after stabilization interventions. Remedial literacy kits
produced strong gap reduction for foundational deficits but lower recall gains because literacy kits affected mastery
outcomes more than immediate risk signals captured in attendance and engagement features.

Attendance |
Nudges

Targeted |
Tutoring

Remedial
Literacy Kits

Intervention Type
Intervention Priority Score

Engagement
Coaching

cere)

. < a(-\’
ot Y ¢

W

3 _
e L
uu“daﬂo

¥
Learning Gap Category

Figure 4.4: Intervention Priority Heatmap Across Learning Gap Categories
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Figure 4.4 visualizes a heatmap of intervention priority scores across four interventions and four learning-gap categories,
where darker-to-lighter intensity corresponds to increasing priority. The heatmap makes the targeting logic explicit:
attendance nudges concentrated the highest priority in the attendance-linked category, reflecting the combined effect of
high severity, high predicted risk, and high feasibility under constrained budgets. Engagement coaching peaked in the
engagement-driven category, consistent with the model’s reliance on engagement proxies and temporal decline patterns
observed in at-risk learners. Remedial literacy kits exhibited the highest priority for foundational literacy gaps, indicating
that material-supported remediation was most efficient when deficits were skill-specific rather than disruption-driven.
Targeted tutoring showed consistently strong priority across multiple categories, illustrating its role as a versatile but
resource-intensive intervention used where risk persisted across academic and behavioral dimensions. Overall, the figure
demonstrates that the predictive system did not recommend a single uniform intervention; instead, it produced a
differentiated intervention portfolio that matched the empirically observed structure of learning gaps and optimized for
impact under low-resource constraints.

5. CONCLUSION AND RECOMMENDATIONS
5.1 Summary of Key Findings

This study demonstrated that predictive analytics can be systematically applied to identify, characterize, and prioritize
learning gaps in low-resource school environments with a high degree of accuracy and operational relevance. Ensemble-
based machine learning models, particularly gradient boosting and sequence-aware architectures, outperformed linear
baselines in detecting at-risk learners, achieving superior recall and balanced precision. This was critical given the equity
objective of minimizing false negatives, where undetected learning gaps carry significant long-term educational costs.
Feature engineering revealed that attendance volatility, engagement decline, and cumulative assessment decay were the
most influential predictors of persistent underperformance, confirming that learning gaps in low-resource settings are
strongly shaped by structural instability rather than isolated academic weakness.

The analysis further established that learning gaps are not homogeneous. Attendance-linked and engagement-driven gaps
exhibited the highest severity and predicted risk, while foundational literacy and numeracy gaps showed more stable but
less volatile patterns. Equity-driven stratification highlighted a clear socioeconomic gradient, with low-resource learners
experiencing disproportionately higher gap intensities across all dimensions. Importantly, translating predictive outputs into
intervention logic showed that low-cost, stabilization-focused strategies such as attendance nudges and engagement
coaching yielded the highest short-term impact, while more resource-intensive interventions such as targeted tutoring were
most effective when applied selectively. Collectively, the findings confirm that predictive analytics can move educational
decision-making from reactive remediation to proactive, equity-sensitive intervention planning in resource-constrained
contexts.

5.2 Contributions to Educational Equity Research

This study contributes to educational equity research by advancing a technically rigorous, end-to-end framework that links
machine learning prediction, equity analysis, and intervention prioritization within low-resource school systems. Unlike
prior work that focused primarily on performance prediction, this research integrated model outputs with interpretable risk
profiles and feasibility-aware intervention mapping, demonstrating how analytics can directly inform equitable educational
action. The introduction of composite metrics such as severity index, predicted risk score, and intervention priority
represents a methodological contribution that bridges the gap between statistical accuracy and policy relevance.

The study also extends equity research by empirically showing that structural variables, particularly attendance stability and
engagement continuity, exert greater influence on learning outcomes than static demographic attributes. By embedding
fairness-aware evaluation and avoiding direct use of sensitive attributes in prediction, the framework reframed equity as a
function of contextual vulnerability rather than identity classification. This shift has theoretical significance, as it positions
predictive analytics as a corrective tool that surfaces hidden disadvantage rather than reinforcing historical bias.
Furthermore, the work demonstrates that advanced analytics can be deployed meaningfully even under data sparsity and
infrastructural constraints, expanding the practical scope of equity-oriented learning analytics beyond well-resourced
educational systems.
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5.3 Policy and Practice Recommendations for Low-Resource Schools

From a policy perspective, the findings support prioritizing early-warning systems that focus on attendance and engagement
stability as primary levers for reducing learning gaps. Education authorities in low-resource contexts should invest in
lightweight data collection mechanisms that reliably capture attendance, assessment timing, and participation signals, as
these inputs generated the highest predictive value. Policies should emphasize phased intervention strategies, beginning
with low-cost stabilization measures before escalating to intensive remediation, thereby maximizing impact per unit of
resource expenditure.

At the school level, administrators should integrate predictive risk dashboards into routine instructional planning cycles,
enabling teachers to identify at-risk learners before formal assessments reveal failure. Training programs should focus on
building analytic literacy among educators so that predictive outputs are interpreted as decision support rather than
automated mandates. Importantly, intervention budgets should be allocated dynamically, guided by predicted risk and
severity rather than equal distribution across cohorts. By aligning policy incentives, data governance, and instructional
practice with predictive insights, low-resource schools can achieve measurable equity gains without requiring large-scale
infrastructural investment.

5.4 Future Research Directions and System Scalability

Future research should extend this framework by incorporating richer temporal data, such as fine-grained learning activity
logs and teacher interaction metrics, to improve sensitivity to short-term disengagement patterns. Exploring hybrid models
that combine interpretable rule-based components with deep learning architectures may further enhance trust and usability
in school settings. Longitudinal impact evaluation is also essential to quantify how predictive interventions affect learning
trajectories over multiple academic years.

From a scalability perspective, future systems should prioritize modular deployment, allowing schools to adopt components
incrementally based on capacity. Research should examine cross-school federated learning approaches that enable shared
model improvement without centralized data aggregation, addressing privacy and governance constraints. Finally,
integrating predictive analytics with curriculum design and teacher professional development systems represents a
promising pathway for embedding equity-focused intelligence into the broader educational ecosystem.
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