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Abstract—Artificial intelligence (AI) is increasingly
embedded in educational decision-making, from
predicting student dropout and personalizing learning
pathways to automating assessments and institutional
planning. While these applications offer significant
promise, many Al systems operate as opaque "black
boxes," raising serious concerns around fairness,
accountability, and trust. This paper presents a
comprehensive review of Ethical and Explainable Al-
Based Decision Support Systems (XAI-DSS) in
education, synthesizing technical advances in
explainability (LIME, SHAP, counterfactual reasoning)
with a practical governance framework aligned to global
regulatory standards including GDPR, the EU AI Act,
and FERPA. We further evaluate bias mitigation
strategies and privacy-preserving architectures suited to
sensitive student data. Our review demonstrates that
explainability and ethical compliance are not competing
goals but mutually reinforcing requirements for building
Al systems that educators, students, and institutions can
genuinely trust. We conclude with a phased
implementation roadmap and recommendations for
responsible Al adoption in educational environments.

Index Terms—Explainable Al, Decision Support
Systems, Educational Data Mining, Algorithmic
Fairness, Learning Analytics, Ethical AI, GDPR,
Privacy.

[. INTRODUCTION

Artificial intelligence has moved from a research
curiosity to an operational reality in education.
Schools and universities worldwide now use Al-based
systems to identify at-risk students, recommend
personalized content, evaluate assignments, and guide
institutional planning. According to HolonlQ, the
global Al in education market is projected to surpass
USD 20 billion by 2027. This rapid expansion brings
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genuine opportunities for improving learning
outcomes and institutional efficiency.

Yet the same systems that promise personalization and
efficiency also introduce serious risks. Most high-
performance machine learning models including deep
neural networks, gradient boosting classifiers, and
large ensemble methods are inherently opaque. They
produce outputs whose internal reasoning is invisible
to users. In contexts where algorithmic outputs
determine scholarship eligibility, flag students for
intervention, or influence university admissions, this
opacity is not merely a technical inconvenience; it is
an ethical problem.

Explainable Artificial Intelligence (XAI) has emerged
as a research field dedicated to making Al outputs
interpretable and accountable. When applied to
Decision Support Systems (DSS) in educational
settings, XAI enables teachers, administrators, and
students to understand why an Al system reached a
particular conclusion and to challenge or override that
conclusion when appropriate. Equally important is
ensuring that these systems are fair: that they do not
systematically disadvantage students based on gender,
race, socioeconomic status, or other protected
characteristics.

This paper contributes:

1. a review of XAI techniques applicable to
educational DSS;

2. analysis of ethical concerns including bias,
privacy, and accountability;

3. a governance framework aligned with GDPR, EU
Al Act, and FERPA; and

4. practical implementation guidance for institutions.
The goal is a resource useful to researchers,
practitioners, and policymakers navigating the
responsible deployment of Al in education.
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II. RELATED WORK

Research connecting Al, explainability, and education
has expanded considerably over the past decade.
Baker and Inventado [1] established the foundations of
educational data mining (EDM), demonstrating how
student behavioural logs could be used to model
academic performance. While influential, this early
work focused on predictive accuracy rather than
interpretability. Siemens and Baker [2] broadened the
scope to learning analytics at the institutional level,
identifying a recurring tension between model
sophistication and usability for non-technical
stakeholders.

The two most widely adopted post-hoc explanation
frameworks are LIME [3] and SHAP [4]. LIME
generates locally faithful approximations of complex
model behaviour around individual predictions, while
SHAP provides feature-level attribution scores
grounded in cooperative game theory, ensuring
consistent and theoretically principled explanations.
Both have been applied in educational contexts: SHAP
has been used to explain dropout predictions in
MOOCs [5], and LIME has been applied to
personalized hint generation in intelligent tutoring
systems [6].

On the human side, Holstein et al. [7] conducted
participatory design studies with K—12 teachers and
found that educators prioritize fairness and
transparency over raw predictive accuracy. Kizilcec et
al. [8] identified systematic disparities in automated
feedback quality across demographic groups in
MOOC environments, illustrating the real-world
consequences of ignoring fairness.  Ethical
frameworks for Al more broadly including principles
of beneficence, non-maleficence, autonomy, and
justice proposed by Floridi and Cowls [9] are directly
applicable to educational Al governance. Despite this
growing literature, a unified framework integrating
technical explainability, fairness, and regulatory
compliance specifically for educational DSS remains
absent. This paper addresses that gap.

II1. AI-BASED DECISION SUPPORT SYSTEMS
IN EDUCATION

A. Concept and Applications

Decision Support Systems are computer-based
information systems designed to assist human
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decision-making through data analysis, model-based
inference, and actionable recommendations [10]. In
education, Al-based DSS go beyond traditional
statistical reporting by applying machine learning to
identify patterns in large student datasets and generate
predictive insights in real time. Key applications
include: early warning systems that flag students at
risk of dropout or failure; adaptive learning platforms
that tailor content difficulty and sequencing to
individual learners; automated grading and feedback
tools; and institutional analytics dashboards for
administrators monitoring retention, equity, and
resource allocation.

B. AI Technologies Used

Several machine learning techniques underpin modern
educational DSS. Gradient boosting methods such as
XGBoost and LightGBM offer strong predictive
performance on tabular student data. Deep learning
models, including recurrent networks and
transformers, handle sequential behavioural data such
as clickstream logs. Natural language processing
(NLP) powers automated essay feedback and
intelligent chatbots. Recommender systems apply
collaborative filtering and content-based methods to
suggest learning materials. Each technology offers
different  trade-offs between accuracy and
interpretability, a tension central to the -ethical
concerns discussed in the next section.

IV. ETHICAL CONCERNS IN AI-BASED
EDUCATIONAL SYSTEMS

A. Bias and Discrimination

Al systems learn from historical data, and historical
data frequently reflects existing social inequalities. A
predictive model trained on past student records may
learn spurious correlations for example, linking certain
zip codes or names to lower academic outcomes and
reproduce those patterns as algorithmic predictions.
Kizilcec et al. [8] documented significant disparities in
automated MOOC feedback across demographic
groups. Admission algorithms have similarly been
shown to disadvantage applicants from under-
resourced schools, not because of individual ability
but because of group-level statistical patterns in
training data. Addressing bias requires both technical
interventions and institutional commitment to equity-
centered design.
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B. Privacy and Data Security

Educational data is among the most sensitive
categories of personal information. Student records
encompass academic history, attendance, behavioural
logs, psychological assessments, and family
background. Regulations including FERPA in the
United States [11] and GDPR in Europe impose strict
requirements on collection, storage, and processing of
student data. Al systems that aggregate these data
sources at scale amplify privacy risks. Privacy-
preserving techniques such as differential privacy,
federated learning, and data minimization can reduce
exposure without sacrificing model utility, but require
deliberate architectural choices at the system design
stage.

C. Transparency and the Black Box Problem

The opacity of high-performing machine learning
models creates a fundamental accountability gap.
When a student is denied a scholarship or identified as
a dropout risk, they deserve to know why. When a
teacher is asked to act on an Al recommendation, they
need to understand the basis for that recommendation
to exercise professional judgment. The inability to
explain algorithmic outputs is not only ethically
problematic; it is increasingly a legal violation. GDPR
Article 22 grants individuals the right to a meaningful
explanation of automated decisions that significantly
affect them, and the EU Al Act classifies educational
Al as high-risk, imposing mandatory transparency
requirements [12].

D. Accountability and Overdependence

When Al systems produce incorrect or unfair
outcomes, assigning responsibility is difficult.
Developers may claim the model performed within
specifications; institutions may claim they followed
vendor guidance; no individual takes clear ownership.
This diffusion of responsibility 1is ethically
unacceptable in high-stakes educational contexts.
Equally concerning is the risk of automation bias: a
documented tendency for human decision-makers to
defer uncritically to algorithmic recommendations,
reducing the quality of human oversight precisely
when it matters most. Governance frameworks must
therefore establish named human accountable parties
for Al-influenced decisions and preserve meaningful
human agency throughout the process.
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V. EXPLAINABLE ARTIFICIAL
INTELLIGENCE: METHODS AND
APPLICATIONS

A. Overview of XAl

Explainable Al encompasses methods and techniques
that make AI outputs interpretable to human users.
Explanations can operate at the global level describing
how the model behaves across all predictions or at the
local level, explaining a specific individual prediction.
They can be intrinsic (built into interpretable model
architectures such as decision trees or linear models)
or post-hoc (applied after training to approximate or
probe a more complex model). Table I summarizes the
primary categories of XAI methods relevant to
educational DSS.

Table I: Classification of XAI Methods Applicable in

Educational DSS
Category Representativ | Scope Use in
e Methods Education
Inherently | Decision Global Baseline
Interpretab | Trees, models;
le Logistic audit-
Regression, friendly
Rule-Based
Systems
Post-hoc LIME, Local Individual
Local Anchors, student
Counterfactu explanatio
als ns
Post-hoc SHAP, Global Institution
Global Partial al
Dependence dashboard
Plots s;  policy
review
Attention- | Attention Local/Glob | Sequence
Based Weights, al models on
Gradient  x learning
Input logs

B. Key Techniques

LIME  (Local Interpretable = Model-Agnostic
Explanations) [3] works by perturbing the input
features of a single data point and fitting a simple
interpretable model to the model's responses. The
result is a set of feature weights explaining why the
model made a particular prediction for that individual.
For example, LIME might indicate that a student's
dropout risk is driven primarily by low assignment
submission rates and missed attendance, giving an
advisor actionable information.
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SHAP (SHapley Additive exPlanations) [4] assigns
each feature a contribution score based on Shapley
values from cooperative game theory. Unlike LIME,
SHAP provides both local and global explanations and
satisfies consistency and efficiency properties that
make attribution scores theoretically principled.
SHAP summary plots are widely used in educational
analytics dashboards to show which variables most
influence predictions across a student population.
Counterfactual explanations ask: what is the minimum
change to a student's observable characteristics that
would change the model's prediction? For instance: "If
you complete three more assignments this week, your
predicted dropout risk falls from High to Low." This
format is particularly valued by academic advisors
because it is action-oriented and directly supports
intervention planning.

VI. PROPOSED ETHICAL XAI-DSS
FRAMEWORK

A. Architecture Overview

Drawing on the reviewed literature and regulatory
requirements, we propose EduXAI-DSS: a five-layer
framework for ethical and explainable decision
support in educational institutions. Each layer
addresses a distinct dimension of responsible Al
deployment, from raw data ingestion through human
oversight. Table II describes the framework layers.

Table II: EduX AI-DSS Framework Architecture

Layer Component Function
1 —Data Privacy- Federated ingestion,
Preserving anonymization,
Pipeline FERPA/GDPR
compliance
2 — Model Fairness- XGBoost + Logistic
Constrained Regression with
Ensemble fairness
optimization
3 — | SHAP + LIME + | Local and global
Explanation | Counterfactuals explanations,

actionable guidance
4 — Fairness | Bias Detection & | Pre/in/post-

Mitigation processing;
disparate impact
monitoring

5 — | Human Oversight | Dashboards, audit

Governance | Interface logs, student appeal

mechanisms
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B. Data Layer: Privacy by Design

Student data is processed locally at the institutional
node using federated learning principles [13], ensuring
that raw records never leave the institution's
environment. Differential privacy mechanisms limit
the information leaked by aggregate statistics. Feature
selection is automated to enforce data minimization,
retaining only variables with demonstrated predictive
validity and removing proxies for protected attributes
such as race, religion, or disability status. This layer
implements GDPR Article 5 data minimization and
purpose limitation requirements.

C. Model and Explanation Layers

The model layer employs a fairness-constrained
ensemble combining XGBoost (high accuracy),
Logistic Regression (interpretability baseline), and
Random Forest (robustness). Fairness constraints
based on equalized odds are embedded at training time
using the reduction approach of Agarwal et al. [14].
Each prediction is accompanied by three levels of
explanation: a SHAP global summary for institutional
use, a LIME local explanation for the individual
student or advisor, and a counterfactual statement for
actionable guidance.

D. Fairness and Governance Layers

Bias mitigation operates at three stages. Pre-
processing re-weights training samples to balance
demographic representation. In-processing embeds
fairness constraints in the optimization objective. Post-
processing adjusts decision thresholds to equalize true
positive rates across subgroups. Disparate impact is
monitored continuously using the four-fifths rule;
automated alerts are triggered when impact ratios fall
below 0.8. The governance layer provides educator-
facing dashboards, full audit logs of Al-influenced
decisions, and a structured appeal pathway allowing
students to request human review of any algorithmic
outcome.

VII. ETHICAL GOVERNANCE FRAMEWORK
AND REGULATORY ALIGNMENT

A. Governance Principles

Drawing on the UNESCO Recommendation on the
Ethics of AI[15], the OECD Al Principles, and the EU
Al Act, we propose seven principles for educational
Al governance:
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e Transparency: Every Al-influenced decision must
be accompanied by a human-readable explanation
tailored to its recipient.

e Accountability: Named human overseers must be
designated for all high-stakes Al-influenced
outcomes.

e Fairness and Non-Discrimination: Continuous bias
monitoring with automatic escalation when
disparate impact thresholds are breached.

e Data Minimization and Privacy: Collection limited
to data strictly necessary for the stated educational
purpose; federated architectures preferred.

e Human Oversight and Appeal: Students retain the
right to request human review of any
algorithmically influenced decision.

e Pedagogical Validity: Al recommendations must
be validated by domain experts before deployment
and reviewed periodically thereafter.

e Participatory Design: Educators, students, and
community stakeholders participate in system
design, evaluation, and governance.

B. Regulatory Compliance Mapping

Table III maps these governance principles to
applicable  regulatory  instruments, providing
institutions with a practical compliance checklist.

Table III: Mapping of Governance Principles to
Regulatory Requirements

Governance GDPR EU Al | FERPA
Principle Act
Transparency & | Art. 13— | Art.
Explanation 15,22 13, 50
Fairness & Non | Art. 9,22 | Art.
discrimination 10, 71
Human Oversight & | Art. Art. 14 | 34 CFR
Appeal 22(3) 99
Data Minimization Art. Art. 34 CFR
5(1)(c) 10(3) 99.3
Accountability Art. 5(2) | Art.
17-20

C. Phased Implementation Roadmap

We propose a phased adoption roadmap for
institutions. Phase 1 (Months 1-3): Audit existing Al
systems using the governance checklist; identify high-
risk decision processes; map stakeholders. Phase 2
(Months 4-9): Deploy EduXAI-DSS in an advisory-
only capacity where humans retain final authority;
train educators; launch student awareness campaigns.
Phase 3 (Months 10-18): Expand Al-assisted scope
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with continuous fairness monitoring and quarterly
audits. Phase 4 (Month 19+): Full deployment with
established appeal mechanisms integrated into
institutional quality assurance processes.

VIII. CHALLENGES AND LIMITATIONS

Several challenges complicate the implementation of
ethical and explainable Al in education. First, the
accuracy-interpretability tension: the most accurate
models are often the least interpretable, and post-hoc
explanation techniques introduce approximation error.
While evidence suggests these trade-offs can be
managed [5, 6], they cannot be eliminated entirely.
Second, data quality constraints are pervasive in
educational settings. Datasets frequently contain
historical  inequalities, missing values, and
inconsistent variable definitions across institutional
systems. Poor data quality undermines both model
performance and the reliability of fairness audits.
Third, organizational readiness varies widely. Many
educational institutions lack the technical expertise to
implement and maintain Al governance frameworks,
and cultural resistance to Al adoption among
educators remains a documented barrier [7].
Professional development and change management
support are prerequisites for sustainable deployment.
Fourth, privacy and regulatory compliance introduce
complexity. Differential privacy reduces model
accuracy; federated learning increases system
architecture complexity; and regulatory interpretations
continue to evolve, creating compliance uncertainty.
Institutions must balance privacy gains against the
operational costs of compliance infrastructure.
Finally, the user studies supporting explainability
frameworks have predominantly involved educators
and advisors in higher education in Western contexts,
limiting generalizability to diverse global systems, K—
12 environments, and under-resourced institutions.
Future research must address these gaps explicitly.

IX. FUTURE DIRECTIONS

Several research directions merit priority attention.
Large language model (LLM)-generated explanations
represent a promising frontier: natural language
rationales produced by generative Al could
complement SHAP and LIME by providing
explanations directly comprehensible to students
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without statistical literacy [16]. Evaluating the
accuracy, reliability, and potential for confabulation in
such explanations is an important open problem.
Longitudinal studies measuring the causal impact of
XAI-DSS on actual student outcomes over multiple
academic years are critically needed. Most existing
evaluations are cross-sectional and focused on model
performance rather than real-world educational
benefit. Participatory co-design with diverse student
populations particularly those from historically
marginalized communities is essential to ensure that
governance frameworks reflect the interests of those
most affected by algorithmic decisions. Domain-
adapted explainability metrics validated against
educational practitioner judgments, rather than
general-purpose fidelity scores, would strengthen the
field's empirical foundations.

X. CONCLUSION

This paper has reviewed the landscape of ethical and
explainable Al-based decision support in education
and proposed EduXAI-DSS, an integrated framework
addressing privacy, fairness, explainability, and
governance. The review demonstrates that the central
challenge is not purely technical: deploying
trustworthy Al in education requires institutional
commitment, regulatory alignment, and sustained
engagement with the educators and students these
systems are designed to serve.

Explainability and fairness are achievable without
sacrificing predictive performance when properly
integrated from the design stage. SHAP global
summaries, LIME local explanations, and
counterfactual guidance each serve distinct
stakeholder needs and together constitute a
comprehensive interpretability layer. The seven-
principal governance model and regulatory
compliance mapping provide institutions with a
practical roadmap for responsible Al adoption aligned
with GDPR, the EU AI Act, and FERPA.

As Al becomes increasingly embedded in every stage
of the educational lifecycle from enrollment through
graduation the imperative for transparency, fairness,
and human oversight grows commensurately. We call
on the research community, institutions, and
policymakers to prioritize participatory, ethically
grounded approaches to educational Al, ensuring that
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algorithmic systems serve equity and human
flourishing rather than undermine them.

REFERENCES

[1] R.S.J.D.Baker and K. Inventado, “Educational
data mining and learning analytics,” in Learning
Analytics: From Research to Practice, J. A.
Larusson and B. White, Eds. New York, NY,
USA: Springer, 2014, pp. 61-75.

[2] G. Siemens and R. S. J. D. Baker, “Learning
analytics and educational data mining: Towards
communication and collaboration,” in Proc. 2nd
International Conference on Learning Analytics
and Knowledge, Vancouver, BC, Canada, 2012,
pp. 252-254.

[3] M. T. Ribeiro, S. Singh, and C. Guestrin, ““Why
should I trust you?’: Explaining the predictions
of any classifier,” in Proc. 22nd ACM SIGKDD
International ~ Conference on  Knowledge
Discovery and Data Mining, San Francisco, CA,
USA, 2016, pp. 1135-1144.

[4] S. M. Lundberg and S.-I. Lee, “A unified
approach to interpreting model predictions,” in
Proc. 31st Conference on Neural Information
Processing Systems (NeurIPS), Long Beach, CA,
USA, 2017, pp. 4765—4774.

[5] W. Ahmad, G. Kasner, P. Kumar, and M.
Rienecker, “Explainable early dropout prediction
for MOOCs,” in Proc. 13th International
Conference on Educational Data Mining, Ifrane,
Morocco, 2020, pp. 180—190.

[6] C. Conati, R. Barral, D. Putnam, and L. Manske,
“Toward personalized XAI: A case study in
intelligent  tutoring  systems,”  Artificial
Intelligence, vol. 298, Art. no. 103526, 2021.

[7] K. Holstein, B. A. Wortman Vaughan, H. Daumé
III, M. Dudik, and H. Wallach, “Improving
fairness in machine learning systems: What do
industry practitioners need?” in Proc. CHI
Conference on Human Factors in Computing
Systems, Glasgow, U.K., 2019, Art. no. 600.

[8] R. F. Kizilcec, A. J. Piech, and E. Schneider,
“Deconstructing  disengagement:  Analyzing
learner subpopulations in MOOCs,” in Proc. 3rd
International Conference on Learning Analytics
and Knowledge, Leuven, Belgium, 2013, pp.
170-179.

INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 2169



(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

IJIRT 204325

© June 2026 | IJIRT | Volume 13 Issue 1 | ISSN: 2349-6002

L. Floridi and J. Cowls, “A unified framework of
five principles for Al in society,” Harvard Data
Science Review, vol. 1, no. 1, 2019.

E. Turban, R. Sharda, J. E. Aronson, and D.
King, Decision Support and Business
Intelligence Systems, 9th ed. Hoboken, NJ, USA:
Pearson, 2011.

U.S. Department of Education, “Family
Educational Rights and Privacy Act (FERPA),”
20 U.S.C. § 1232¢; 34 CFR Part 99, Washington,
DC, USA, 1974.

European  Parliament, “Regulation (EU)
2024/1689 of the European Parliament and of the
Council on Artificial Intelligence (EU Al Act),”
Official Journal of the European Union, Brussels,
Belgium, 2024.

B. McMahan and D. Ramage, “Federated
learning: Collaborative machine learning without
centralized training data,” Google Al Blog, Apr.
2017.

A. Agarwal, A. Beygelzimer, M. Dudik, J.
Langford, and H. Wallach, “A reductions
approach to fair classification,” in Proc. 35th
International Conference on Machine Learning
(ICML), Stockholm, Sweden, 2018, pp. 60—69.
UNESCO, Recommendation on the Ethics of
Artificial Intelligence. Paris, France: UNESCO
Publishing, 2021.

W. Holmes, J. Persson, I.-A. Chounta, B.
Wasson, and V. Dimitrova, Artificial
Intelligence and Education: A Critical View
through the Lens of Human Rights, Democracy
and the Rule of Law. Strasbourg, France:
Council of Europe Publishing, 2022.

INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY

2170



