
Harnessing Data Analytics to Bridge
Socioeconomic Gap in Nepal’s Education System

Abstract—This research aims to bridge the socioeconomic
disparity gap in Nepal’s education system through the integration
of data analytics and explainable artificial intelligence (XAI)
with foundational social theories. Despite progress in enrollment
rates, systemic inequities in access, retention, and learning
outcomes persist among marginalized communities defined by
caste, gender, and geography. Current research and policy frame-
works suffer from a critical disconnect: they rely on outdated
statistical methods and fail to integrate contextual social theories
with modern machine learning. To address this, we propose a
mixed-methods design combining quantitative modeling using
national datasets (EMIS, NLSS) with qualitative insights from
stakeholders. Predictive models such as Random Forest and
XGBoost will be trained and interpreted using SHAP (SHapley
Additive exPlanations) to identify key drivers of educational
disparity. Theoretical frameworks—Sen’s Capability Approach
and Bourdieu’s Cultural Capital Theory—are computationally
operationalized to contextualize findings. The study will generate
policy-relevant tools, including a resource allocation framework,
SHAP-based simulation dashboards, and early-warning indica-
tors for student dropouts. This work contributes to academia
by pioneering the integration of XAI with equity theories,
supports policymakers with actionable, data-driven interventions,
and empowers marginalized communities through evidence-based
advocacy.

I. INTRODUCTION

Nepal has achieved significant progress in education access,
with a gross enrollment rate of 95% as of 2024 [7]. How-
ever, systemic disparities in quality, retention, and learning
outcomes persist, particularly among marginalized populations
defined by caste, gender, and rural geography [10]. These
inequities challenge the nation’s progress toward Sustainable
Development Goal 4 (SDG 4), which calls for inclusive and
equitable quality education for all.

Despite the availability of rich national datasets such as
the Education Management Information System (EMIS) and
the Nepal Living Standards Survey (NLSS), their potential for
predictive and policy-aligned analytics remains underutilized.
Over 90% of existing studies on Nepali education rely on basic
statistical methods like OLS regression, which fail to capture
non-linear dynamics or interaction effects [9]. Moreover, there
is a notable absence of integration between advanced machine

learning techniques and social science theories that could
provide deeper contextual understanding.

This research proposes a novel, interdisciplinary approach
that bridges this gap by combining explainable AI (XAI),
spatial analysis, and sociological theory to model, interpret,
and address educational disparities in Nepal. By integrating
SHAP-based interpretability with Sen’s Capability Approach
and Bourdieu’s Cultural Capital Theory, this work aims to de-
liver not only technical innovation but also socially grounded,
policy-relevant insights.

II. LITERATURE REVIEW

A. Educational Disparities in Nepal and LMICs

Educational inequity remains a persistent challenge in
Nepal. Bhattarai [10] highlights disparities in access and learn-
ing outcomes among marginalized communities defined by
caste, gender, and rural geography. Similar trends are reported
in other LMICs, where socioeconomic status and geographic
location significantly influence educational attainment [11].
Most of these studies rely on descriptive statistics or linear
models, which fail to capture complex interactions between
socioeconomic variables.

B. Data Analytics and Machine Learning in Education

The application of predictive analytics and machine learning
has gained traction in education. For a given dataset with
features X = {x1, x2, . . . , xn} representing student and
household attributes, and a target variable Y representing
dropout risk or academic performance, predictive models aim
to learn a function:

Ŷ = f(X; θ) (1)

where f is the model (e.g., Random Forest, XGBoost) and
θ represents model parameters. Ensemble models, such as
Random Forest, aggregate multiple decision trees to reduce
variance and improve accuracy:

ŶRF =
1

T

T∑
t=1

Ŷ (t) (2)

where T is the number of trees in the forest. XGBoost
improves predictive performance via gradient boosting:
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Ŷ
(k)
XGB = Ŷ

(k−1)
XGB + η · hk(X) (3)

with learning rate η and base learner hk(X) at iteration k
[19].

C. Explainable AI (XAI) for Policy and Decision-Making

Explainable AI techniques, such as SHAP, decompose
model predictions into additive contributions of each feature
xi:

Ŷ = ϕ0 +

n∑
i=1

ϕi (4)

where ϕ0 is the expected model output and ϕi is the SHAP
value representing the contribution of feature xi [19]. This
allows policymakers to understand **which socioeconomic
factors drive dropout risk**, enabling targeted interventions.

D. Comparative Analysis of Past Studies

Table I summarizes key studies in the context of educational
equity, datasets, methods, and gaps:

TABLE I: Comparison of Past Studies on Educational Ana-
lytics in LMICs

Study Dataset Method Focus Gap
Bhattarai (2024) [10] EMIS, NLSS OLS Regression Dropout risk No non-linear modeling, limited interpretability
Baker (2014) [12] US K-12 data Decision Trees, Educational Data Mining At-risk students Black-box models, no social theory
Lundberg & Lee (2017) [19] Synthetic, Education datasets XGBoost + SHAP Model interpretability Not applied to LMICs, no policy integration
Global Partnership (2019) [11] Multi-country LMIC data Descriptive Statistics Equity gaps No predictive modeling or XAI

III. RESEARCH GAP

A. Theoretical–Methodological Divide

Current research in educational data analytics lacks inte-
gration between modern machine learning and social science
theories. While models like Random Forest and XGBoost offer
high predictive accuracy, their “black-box” nature limits inter-
pretability for policymakers. Conversely, theories such as Sen’s
Capability Approach [16] and Bourdieu’s Cultural Capital [15]
provide rich frameworks for understanding inequality but lack
computational operationalization in the Nepali context.

Furthermore, longitudinal analysis of how socioeconomic
variables interact with policy reforms over time is absent. No
study has applied causal machine learning techniques—such
as Difference-in-Differences (DiD)—to evaluate the impact of
education policies in Nepal, creating a disconnect between
policy formulation and evidence-based evaluation.

B. Policy–Data Disconnect

Despite the existence of national data repositories, policy-
makers lack accessible tools for localized decision-making.
There is no interactive “what-if” simulation framework to
assess the impact of interventions such as teacher redistribution
or scholarship targeting. Policies remain reactive, based on
annual reports rather than predictive analytics, leading to
delayed and inefficient responses.

C. Sen’s Capability Approach and Quantitative Operational-
ization

Sen’s Capability Approach frames educational equity as the
freedom to achieve valued outcomes [16]–[18]. To integrate
this with predictive modeling, capabilities can be operational-
ized using indices derived from observed variables.

Capability Score: For a student i in dimension d (e.g.,
literacy, numeracy, retention), the capability can be estimated
as:

Ci,d = wd · f(xi,d) (5)

where:
• xi,d is the observed outcome or proxy (e.g., exam score,

attendance) [18].
• f(·) is a normalization function to scale outcomes be-

tween 0 and 1 [17].
• wd is the weight assigned to each dimension based on

policy priority or expert judgment [18].
Overall Capability Index: Aggregating across multiple

dimensions D:

CIi =

D∑
d=1

Ci,d =

D∑
d=1

wd · f(xi,d) (6)

This index can serve as a **dependent variable or target**
in predictive modeling, allowing Random Forest/XGBoost to
predict capability deprivation risk.

Integration with SHAP: Applying SHAP to models pre-
dicting CIi identifies **which socioeconomic and school-level
features most influence capability deprivation**, making the
analysis interpretable for policymakers [19].

IV. PROPOSED SOLUTION

A. Mixed-Methods Design

This study employs a sequential mixed-methods research
design, integrating quantitative modeling with qualitative in-
quiry to ensure both statistical rigor and contextual depth. The
approach unfolds in three distinct phases:

1) Quantitative Phase: Leveraging 25 years of national
education data (2000–2025) from the Education Manage-
ment Information System (EMIS) and the Nepal Living
Standards Survey (NLSS), we train interpretable machine
learning models—specifically Random Forest and XG-
Boost—to predict student dropout risks. SHAP (SHapley
Additive exPlanations) is applied post-hoc to interpret
model outputs and identify the most influential socioe-
conomic and geographic drivers of educational disparity.

2) Qualitative Phase: To ground the quantitative findings in
lived experience, we conduct semi-structured interviews
with 42 key stakeholders, including teachers, parents,
school administrators, and education policymakers. The-
matic analysis of these interviews enables validation of
model insights and uncovers nuanced barriers to access
and retention that may not be captured in structured
datasets.
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3) Integration Phase: Findings from both streams are
synthesized through participatory workshops involving
education officials and community representatives. These
sessions facilitate co-design of equitable policy interven-
tions and allow for simulation-based testing of potential
strategies before real-world implementation.

B. Policy-Relevant Outputs

The research is designed to generate actionable tools and
frameworks that support evidence-based decision-making in
education policy. Key deliverables include:

1) A data-driven resource allocation framework that
prioritizes districts and wards with the highest predicted
risk of dropout, enabling targeted deployment of teachers,
scholarships, and infrastructure.

2) An interactive SHAP-based simulation dashboard that
allows policymakers to explore the projected impact of
various interventions—such as increasing female teacher
representation or expanding transportation access—on
educational equity outcomes.

3) Early-warning indicators for at-risk students, derived
from predictive models and interpretable features, which
can be integrated directly into Nepal’s EMIS to enable
proactive support mechanisms at the school level.

V. RESEARCH OBJECTIVES

1) Analyze Education Disparities: Investigate the influence
of caste, income, and geography on access and outcomes
using Sen’s and Bourdieu’s frameworks.

2) Develop Predictive Models: Train interpretable ML
models to identify key drivers of disparity and generate
policy simulations.

3) Propose Policy Solutions: Design equitable interventions
and early-warning mechanisms.

4) Design an Analytics Framework: Propose a scalable
M&E system and capacity-building programs for local
stakeholders.

VI. THEORETICAL AND METHODOLOGICAL FRAMEWORK

A. Theoretical Foundations

1) Capability Approach (Sen, 2000): Educational access
is framed as freedom to achieve valued outcomes. Bar-
riers such as distance to school, resource scarcity, and
discrimination limit “conversion factors.”

2) Cultural Capital Theory (Bourdieu, 2000): Exam de-
sign favoring dominant languages, teacher bias, and un-
equal access to STEAM programs perpetuate exclusion.

TABLE II: Methodological Triangulation Framework
Phase Analytical Focus Policy Relevance
Quantitative Predictive modeling, SHAP, DiD Priority districts, structural inequities
Qualitative Barrier analysis, stakeholder interviews Root causes, implementation challenges
Integration Scenario testing, co-design Evidence-based solutions, roadmaps

VII. DATA DESCRIPTION AND CHALLENGES

A. Data Sources

This study leverages national-level datasets to analyze edu-
cational disparities in Nepal:

• Education Management Information System (EMIS):
Provides annual school-level statistics including enroll-
ment, dropout rates, teacher-student ratios, infrastructure,
and exam performance across districts.

• Nepal Living Standards Survey (NLSS): Household-
level survey capturing socioeconomic indicators such as
income, parental education, household size, geographic
location, and access to basic amenities.

B. Variables and Criteria

Key variables are selected based on relevance to educational
equity and predictive modeling:

• Demographic: Student age, gender, caste/ethnicity, geo-
graphic region.

• Socioeconomic: Household income, parental education,
access to electricity and internet, occupation of guardians.

• School-level: Student-teacher ratio, number of teachers,
distance to school, infrastructure index, exam scores.

• Outcome: Student dropout status or retention over aca-
demic years.

C. Data Challenges in Nepal

Nepal presents unique challenges in data acquisition and
quality:

1) Incomplete records: Many schools have missing en-
rollment or performance data due to limited reporting
capacity.

2) Non-standardized data: Variations in district-level re-
porting and inconsistent coding of variables.

3) Access restrictions: Government datasets often require
special permissions and are not publicly available in raw
form.

4) Sparse longitudinal data: Historical records are incon-
sistent, making it difficult to track student-level progress
over time.

D. Data Preprocessing

To prepare the datasets for predictive modeling:

• Handle missing values using imputation techniques
(mean/mode or predictive imputation).

• Encode categorical variables such as caste, gender, and
district using one-hot encoding or label encoding.

• Normalize continuous variables for algorithms sensitive
to scale (e.g., XGBoost feature scaling is optional but
Random Forest handles unscaled features).

• Merge household-level and school-level data using stu-
dent and school identifiers.
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VIII. EXPECTED OUTCOMES

A. Academic Contributions

1) First integration of SHAP-based ML with Sen’s Capabil-
ity Approach in Nepal.

2) Doctoral thesis and publications in Q1 journals on XAI
for educational equity.

B. Policy Implementation Tools

1) Interactive dashboard with QGIS integration for geospa-
tial prioritization.

2) Policy toolkit with implementation guidelines and teacher
training modules.

C. Scalability

The framework is designed for replication in other low- and
middle-income countries (LMICs) facing similar educational
equity challenges.

IX. PRELIMINARY RESULTS / CONCEPTUAL OUTPUTS

Although real data outputs are not yet available, Figure 1
presents a conceptual workflow of the research process.

Data Acquisition (EMIS, NLSS)

Compute Capability Index (Sen’s Approach)

Train Predictive Models (Random Forest, XGBoost)

Interpret Models using SHAP

Policy Simulation & Recommendations

Fig. 1: Conceptual Workflow of the Study: Data → Capability
Index → ML Models → SHAP → Policy Recommendations

X. ETHICAL CONSIDERATIONS

Ethical compliance is critical given the use of student and
household data:

1) Informed Consent: All participants in interviews and
surveys will provide informed consent in accordance with
institutional and national guidelines [20].

2) Data Privacy: EMIS and NLSS data will be anonymized
to protect identities, and access will follow Nepal’s data
governance regulations.

3) Minimizing Harm: Care will be taken to avoid stigma-
tization of marginalized groups when interpreting or
publishing results.

4) Ethical Approval: The study will obtain approval from
the Institutional Review Board (IRB) of IIMS College
and collaborating institutions.

XI. CONCLUSION

This research bridges a critical gap in both academic and
policy domains by integrating advanced data analytics with
social theory to address educational inequity in Nepal. By
combining SHAP-based interpretability, causal modeling, and
stakeholder engagement, the study offers a novel, context-
sensitive approach to policy design. The resulting tools and
frameworks will empower policymakers, support marginalized
communities, and contribute to the global discourse on equi-
table AI in education.
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