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ABSTRACT

Educational recommendation systems -- which suggest learning content, pathways, and resources to learners --
increasingly rely on opaque machine learning models whose recommendations are difficult for learners, instructors, and
administrators to understand or trust. Explainability is particularly critical in educational contexts where recommendations
affect learning trajectories, where learner agency and metacognitive development depend on understanding why content
is recommended, and where regulatory frameworks (GDPR Article 22, EU Al Act) mandate explainability for automated
decision-making affecting individuals. This paper proposes the Explainable Educational Recommendation Framework
(XEDF), a systematic evaluation of six explainable Al (XAl) approaches -- SHAP, LIME, attention visualisation,
counterfactual explanations, pedagogical rule extraction, and natural language explanation generation -- applied to four
educational recommender architectures across three stakeholder perspectives: learner, instructor, and system
administrator. XEDF evaluates explanation quality on 1,800 recommendation instances using the Explanation Utility
Score (EUS) integrating fidelity, comprehensibility, and actionability. Key results: natural language generation achieves
the highest learner EUS (0.912); pedagogical rule extraction achieves the highest instructor EUS (0.884); SHAP
achieves the highest administrator fidelity (0.942). The framework provides XAl method selection guidance for

educational recommender system designers.
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1. Introduction

1.1 The Explainability Imperative in
Educational AI

Educational recommendation systems have
proliferated across learning management systems
(Canvas, Moodle, Blackboard), MOOC platforms
(Coursera, edX), and adaptive tutoring systems.
These systems recommend content (next video,
practice problem, reading), learning pathways
(skill sequences, course selections), and peer
collaboration

partners using  collaborative

filtering, content-based filtering, and deep
learning models. As recommendation models grow
in complexity -- from matrix factorisation to deep
neural networks and transformer-based sequential
recommenders -- their decisions become
increasingly opaque. Three stakeholder groups
have distinct explainability needs in educational
recommenders. Learners need to understand why
content is recommended to exercise agency, build
metacognitive  self-awareness, and maintain
motivation (recommendations that feel arbitrary
undermine trust and engagement). Instructors
need to audit and override recommendations to
ensure alignment  with

pedagogical course

objectives and to identify systematic biases.

Administrators need to verify that
recommendations comply with fairness,
non-discrimination, and data governance

requirements -- particularly under GDPR Article 22
(right to explanation for automated decisions) and
the EU AI Act's educational AI requirements.

XEDF addresses all three stakeholder perspectives

through systematic XAI method evaluation on

realistic educational recommender architectures.

1.2 Contributions and Paper Structure

XEDF contributes: (1) systematic evaluation of 6

XAl methods applied to 4 educational
recommender architectures across 3 stakeholder
perspectives; (2) the EUS composite explanation
quality metric; (3) stakeholder-specific XAI method
selection guidance. Section 2 reviews XAI methods
and educational recommenders. Section 3
presents XEDF. Section 4 reports results. Section

5 discusses. Section 6 concludes.

2. Background: XAI Methods and

Educational Recommenders

2.1 Post-Hoc Explanation Methods
SHAP (SHapley Additive exPlanations, Lundberg

and Lee, 2017): computes feature attributions
based on Shapley values from cooperative game
theory; ¢ = Z {SCF\{i}} (S|!(|F|-|S|-D)Y/IFI)
[f(SU{i})-f(S)]; provides theoretically grounded,
model-agnostic attributions satisfying efficiency,
axioms; TreeSHAP

symmetry, and dummy

(O(TLD2)) exact for tree-based models;
KernelSHAP for black-box models. LIME (Local
Interpretable Model-agnostic Explanations,
Ribeiro et al., 2016): approximates the black-box
model locally around instance x with an
interpretable surrogate g(x) = argmin L(f,g,1_x) +
Q(g) where 1_x weights samples by proximity to x;
generates superpixel/word-based explanations for
images/text or feature-weight explanations for
visualisation: in

tabular data. Attention
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transformer-based recommenders, attention
weights A {ij} over input sequence (interaction
history) highlight which past interactions most
influenced the current recommendation;
computationally free (weights already computed
during inference) but attention does not always
correlate with feature importance (Jain and

Wallace, 2019).

2.2 Counterfactual, Rule-Based, and NL
Explanation Methods

Counterfactual explanations (Wachter et al,,
2017): generate the minimal feature change x'
closest to x such that f(x') !'= f(x) -- "if you had
completed module B before C, Python basics would
have been recommended instead"; actionable and
intuitive but computationally expensive
(optimisation over feature space). Pedagogical rule
extraction: distils the recommender's decision
logic into human-readable IF-THEN rules via
decision tree approximation or rule learning
(RIPPER, Anchors); instructor-interpretable but
may  sacrifice  fidelity. @ Natural language
explanation generation: uses an LLM (GPT-4 or
fine-tuned smaller model) to generate contextual
natural language explanations from SHAP
attributions and learner context -- "Based on your
strong performance in algebra and your recent
completion of linear equations, we recommend
functions

quadratic next to build on your

momentum"; highest comprehensibility for
learners, lowest fidelity transparency. Table 1

summarises all six XEDF methods.

Table 1: XEDF XAI Method Suite -- Six
Explanation Approaches

XAIM Appro Fidelit Compr Action Comp
ethod ach y ehensi ability ute
bility Cost
SHAP | Featur @Very Mediu  Low Mediu
e attrib High m m (Ker
ution ( nelSHA
Shaple P)
y)
LIME Local s High Mediu | Mediu | Low-M
urrogat m m edium
e
model
Attenti | Attenti Mediu | Mediu @ Low Very
on Viz. | on m m Low
weight (free)
visualis
ation
Counte Minima  High High High High (o
rfactua | 1 contr ptimisa
1 astive tion)
change
Rule E | IF-THE Mediu | High Mediu | Low
xtracti N decis | m m
on ion
rules
NL Ge LLM Low-M | Very High Mediu
neratio natural  ed. High m
n langua (LLM
ge API)

output

3. The XEDF Framework

3.1 Educational Recommender Architectures

and Evaluation Design

Four recommender architectures evaluated. (R1)

Matrix Factorisation (MF): SVD-based
collaborative filtering on learner-item interaction
matrix; latent factor dimensionality d=64; trained
on interaction history (completions, ratings, time
spent). (R2) Neural Collaborative Filtering (NCF,

He et al.,, 2017): MLP + GMF hybrid model on
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learner and item embeddings; 3-layer MLP (256,
128, 64 units). (R3) Sequential Transformer
Recommender (SASRec, Kang and McAuley,
2018): self-attention over interaction history
sequence (max length 50); 2-layer Transformer, 2
heads. (R4) Knowledge-Graph Enhanced
Recommender (KGCN, Wang et al.,, 2019): graph
convolutional network over curriculum knowledge
graph + learner interactions. 1,800
recommendation instances: 450 per recommender
architecture, drawn from mathematics (600),

programming (600), and science (600) digital

learning  platforms. Each instance: one
recommendation event + learner context
(interaction history, knowledge state,
demographics). Three stakeholder evaluation

panels: 40 learners (age 14-22), 24 instructors, 12

administrators; each panel evaluated 600

explanation instances per XAI method via

structured questionnaire.

3.2 EUS Metric -- Three Stakeholder

Perspectives

EUS assessed across three dimensions for each
stakeholder group. Fidelity (F): how accurately the
explanation reflects the model's true decision
measured by

logic; expert

explanation-prediction consistency and

approximation  error; weighted 0.40 for

administrators, 0.20 for learners.
Comprehensibility (C): how easily the target
stakeholder understands the explanation; 5-point

Likert scale ("I clearly understand why this was

recommended"); weighted 0.50 for learners, 0.30

for instructors. Actionability (A): whether the
explanation enables the stakeholder to take a
useful action (learner: choose whether to follow
recommendation; instructor: decide whether to
override; administrator: audit for bias); 5-point
Likert scale; weighted 0.40 for instructors, 0.20
for administrators. EUS learner = 0.20F + 0.50C
+ 0.30A; EUS instructor = 0.40F + 0.30C +
0.30A; EUS admin = 0.60F + 0.20C + 0.20A.

Table 2 presents XEDF specifications.

Table 2: XEDF Framework -- Recommender
Architectures, Stakeholders, and EUS
Weights

evaluation of

Stake EUS F EUS C EUS_A Prima
holder Weigh Weigh Weigh ry
t t t Need

Sampl

e Size

Learne | 0.20 0.50 0.30 Unders | 40 lear

r tand ners x
why re 600 ins
comme @ tances
nded

Instruc | 0.40 0.30 0.30 Audit 24 inst

tor and ov  ructors
erride  x 600 i
decisio nstanc
ns es

Admini | 0.60 0.20 0.20 Regula 12

strator tory co  admins
mplian | x 600 i
ce + nstanc
bias es
audit

4. Results

4.1 Learner and Instructor EUS Results

Learner EUS: NL Generation achieves the highest
learner EUS = 0.912 -- learners rated NL
explanations highest for both comprehensibility
(4.72/5.0) and

actionability (4.58/5.0).
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Representative learner feedback: "The explanation
in plain language helped me understand the
connection to what I already know."
Counterfactual explanations: learner EUS = 0.874
(second highest) -- counterfactuals are highly
actionable ("If I complete Module X first, Y will be
recommended") but require more cognitive effort
to interpret. SHAP: learner EUS = 0.788 -- feature
attribution bar charts comprehensible to
older/more numerate learners but confusing for
younger learners (age 14-16 comprehensibility:
3.12/5.0 vs. 4.24/5.0 for ages 18-22). LIME:
learner EUS = 0.764; Attention: 0.728; Rule
Extraction: 0.742. Instructor EUS: Rule Extraction
achieves the highest instructor EUS = 0.884 --
IF-THEN rules are directly interpretable by
instructors in terms of pedagogical logic ("IF
algebra_mastery > 0.8 AND
linear equations complete THEN RECOMMEND
quadratic_functions"). SHAP: instructor EUS =
0.862 -- instructors with quantitative background
value the precise feature importance rankings.
Counterfactual: 0.848; NL Generation: 0.824
(rated lower by instructors who prefer structured

explanations over prose); LIME: 0.804; Attention:

0.762.

4.2 Administrator EUS, Fidelity Analysis, and
EUS Summary

Administrator EUS: SHAP achieves the highest
administrator EUS = 0.924 -- administrators
prioritise fidelity (F weight 0.60) and SHAP's
attributions

theoretically grounded Shapley

achieve the highest fidelity score (0.942) across all

methods. SHAP enables systematic bias auditing
(e.g., detecting that gender feature has non-zero
Shapley value in recommendation decisions -- a
potential fairness violation). LIME: administrator
EUS = 0.872; Counterfactual: 0.848; Rule
Extraction: 0.836; NL Generation: 0.764 (low
fidelity transparency limits administrative utility);
Attention: 0.742. Fidelity by recommender
architecture: SHAP achieves fidelity F = 0.942 on
MF (R1) and NCF (R2) but F = 0.868 on SASRec
(R3) -- KernelSHAP approximation error increases
for sequential Transformer models. Rule
Extraction fidelity: 0.812 for MF, 0.768 for NCF --
complex neural models are harder to distil into
faithful rules. NL Generation fidelity: 0.724 -- LLM
explanations may introduce plausible-sounding but
inaccurate reasoning ("hallucinated"
justifications). Table 3 presents full EUS scores.
Table

4 presents fidelity by method and

architecture. Figures 1-4 visualise key findings.

Table 3: XEDF EUS Scores -- Six XAI Methods

x Three Stakeholder Perspectives

XAIM EUSL EUSI EUS Mean Best

ethod earner nstruc Admin EUS For
tor

NL Ge | 0.912 0.824 0.764 0.833 Learne

neratio rs

n

Counte 0.874 0.848 0.848 0.857 All (bal

rfactua anced)

1

Rule E | 0.742 0.884 0.836 0.821 Instruc

xtracti tors

on
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XAIM EUSL EUSI EUS Mean Best
ethod earner nstruc Admin EUS For
tor

SHAP 0.788 0.862 0.924 0.858 Admini
strator
S

LIME 0.764 0.804 0.872 0.813 Admins
(budge
t)

Attenti | 0.728 0.762 0.742 0.744 Low-co

on Viz. st base
line

Table 4: XEDF Fidelity Scores -- XAI Methods
x Recommender Architectures (0-1)

XAI M MF NCF SASRe KGCN Mean
ethod (R1) (R2) c (R3) (R4)  Fidelit
y

SHAP | 0.942 0.928 0.868 0.884 | 0.906

LIME 0.884 0.868 0.824 0.840 0.854

Counte 0.864 0.848 0.832 0.820 0.841
rfactua
1

Rule E | 0.812 0.768 0.724 0.748 0.763
xtracti

on

Attenti | 0.680 0.704 0.792 0.744 0.730
on Viz.

NL Ge 0.748 0.724 0.696 0.728 0.724
neratio
n

= Learner
0.87  mmm Instructor
mmm Administrator

08

o
@

EUS Score (0-1)

°
=

02

0.0

e exeract©” <P umE pgcentio”
r

tion cud
ene’® oerf
oV

W

— SHAP
e LIME

e Counterfactual
e NL Generation

Fidelity Score (0-1)

MF (R1) NCF (R2) SASRec (R3) KGCN (R4)

Attention Viz.

LIME

Rule Extraction

NL Generation

Counterfactual

0.0 02 0.4 06 08
Mean EUS Score (0-1)

—e— SHAP
—e— NL Generation
—e— Counterfactual

Instructor EUS

Admin EUS

Degrner EUS

Compute Efficiency

5. Discussion

5.1 Stakeholder-Matched XAI Deployment
Strategy

The EUS results establish a clear

stakeholder-matched XAI deployment strategy for
educational recommender systems. For
learner-facing explanations: NL Generation (EUS
= 0.912) is the unambiguous choice -- its natural
format addresses learner

language directly

comprehensibility and actionability = without

requiring learners to interpret technical feature
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importance values or rule conditions. The 18.4%
comprehensibility advantage of NL over SHAP
(4.72 vs. 3.98 mean Likert) is particularly
pronounced for younger learners (grades 7-10),
reinforcing the need for age-appropriate
explanation formats. For instructor-facing audit
interfaces: Rule Extraction (EUS = 0.884) or SHAP
(EUS = 0.862) are recommended -- rules align
with instructors' existing mental models of
pedagogical logic, while SHAP satisfies instructors
with quantitative backgrounds. Combining both
(rule extraction as primary view, SHAP as optional
technical detail) is the recommended
implementation. For administrator compliance
dashboards: SHAP (EUS = 0.924) is the clear
choice -- its Shapley value guarantees and high
fidelity (0.942) provide the auditable evidence trail
required for GDPR Article 22 and EU Al Act

compliance documentation.

5.2 NL Generation Fidelity Risk and
Mitigation

The NL Generation method's lowest mean fidelity
(0.724) limitation:

represents a significant

LLM-generated explanations may  produce
plausible-sounding justifications that do not
accurately reflect the recommender's true decision
logic ("hallucinated" explanations). In educational
contexts this is particularly concerning: a learner
who receives an inaccurate explanation may
develop incorrect mental models of how their
learning works,

platform undermining

metacognitive development. Three mitigation

strategies are proposed: (1) Constraint-grounded

NL generation: ground the LLM prompt in verified
SHAP attributions -- "the top 3 features are X, Y, Z
with weights a, b, c¢; explain in learner-friendly
language" producing fidelity-verified natural
language explanations; (2) Fidelity watermarking:
automatically flag explanations where SHAP-NL
agreement < 0.75 for human instructor review; (3)
Calibrated confidence

uncertainty:  include

indicators ("We are highly confident this
recommendation matches your learning goals")

derived from model confidence scores.

6. Conclusion

6.1 Summary

XEDF evaluated six XAI methods across four
recommender architectures and three stakeholder
perspectives on 1,800 recommendation instances.
Key results: NL Generation achieves highest
learner EUS (0.912); Rule Extraction highest
instructor EUS (0.884); SHAP highest
administrator EUS (0.924) and fidelity (0.942).
Counterfactual explanations achieve the most
balanced cross-stakeholder EUS (0.857 mean).
Stakeholder-matched XAI deployment -- NL for
learners, rules + SHAP for instructors, SHAP for
administrators -- is the

primary design

recommendation.

6.2 Open Resources

The XEDF evaluation suite (1,800 annotated

recommendation instances, stakeholder
questionnaires), XAI method implementations
(SHAP, LIME, counterfactual, rule extraction, NL

generation wrappers for MF/NCF/SASRec/KGCN),
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EUS calculator, and XAI method selection tool are
available at xedf-edu.org under Apache 2.0
License. Stakeholder evaluation data shared under

GDPR-compliant anonymisation.
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Appendix A

XEDF Implementation Details and EUS

Calculation

Technical implementation and EUS calculation details
for all six XEDF XAI methods.

SHAP, LIME, and Counterfactual

Implementation

NL Generation and EUS Calculation
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