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ABSTRACT 

Machine learning now informs consequential decisions in education. It flags students at risk, 
forecasts attainment, recommends interventions. The models that predict best are the least 
transparent, and this opacity now threatens trust, accountability, and the pedagogical 
legitimacy of these systems. SHapley Additive exPlanations (SHAP) and Local Interpretable 
Model-agnostic Explanations (LIME) are the post-hoc techniques most often proposed as 
the remedy. How the two are actually used in educational research is far less clear. This 
review, reported in accordance with the PRISMA 2020 statement, covers 75 peer-reviewed 
studies published between 2022 and 2026. Five databases were searched (Scopus, 
SpringerLink, ScienceDirect, ERIC, and IEEE Xplore) and returned 781 records; 669 
remained after de-duplication, 135 met the eligibility criteria, and 75 full texts were retrieved, 
coded, and analysed by model, dataset, task, and explanation method. The picture that 
comes out of the coding is one-sided. SHAP appears in 74 of the 75 studies. LIME appears 
in 33, and in 32 of those 33 it accompanies SHAP rather than replacing it. Tree-based models 
predominate (72 of 75), and the literature concentrates on performance and dropout 
prediction in higher education. Interpretability is judged almost entirely from the model side; 
whether educators or students understand the explanations, or change anything because of 
them, is rarely tested. The review describes this state of practice as SHAP-centric, 
technically framed interpretability, and uses the gaps it leaves, in human-centred evaluation, 
longitudinal explanation and fairness, to set out a research agenda for trustworthy 
educational XAI. 
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1. Introduction 
Education has entered an era in which data, rather than intuition alone, increasingly mediates pedagogical and 

administrative judgement. Machine learning (ML) now underpins adaptive learning platforms, early-warning systems, 
automated assessment, and intelligent tutoring, and high-capacity models such as gradient-boosted trees and deep neural 
networks routinely outperform classical baselines on tasks ranging from dropout detection to attainment forecasting 
(Asselman et al., 2023; Kalita et al., 2025)(Study A31). The very property that confers this accuracy, the capacity to model 
complex, non-linear interactions, also renders such models opaque: they yield predictions without disclosing the reasoning 
behind them (Arrieta et al., 2020; Minh et al., 2022). In a domain where an algorithmic output may determine whether a 
student is flagged as failing, granted admission, or selected for intervention, opacity is not a mere technical inconvenience 
but a threat to trust, validation, and institutional accountability (Angelov et al., 2021; Guidotti et al., 2018). 

Explainable Artificial Intelligence (XAI) has become an important way to improve the transparency of machine learning 
models. Post-hoc and model-agnostic XAI methods, such as SHAP and LIME, are predominantly used for prediction 
interpretation. SHapley Additive exPlanations (SHAP) are grounded in cooperative game theory, where Shapley values are 
used to estimate the contribution of each input feature to a specific prediction. As a result, SHAP can support both local 
explanations for individual cases and broader global insights into model behaviour (Lundberg & Lee, 2017). Local 
Interpretable Model-agnostic Explanations (LIME) instead approximate a complex model in the neighbourhood of a single 
instance with a sparse, interpretable surrogate, yielding case-level rationales applicable to any classifier (Ribeiro et al., 
2016). Both promise to convert numerical predictions into feature-level narratives that non-specialists can scrutinise. 

Education, however, has requirements that differ from many of the domains where these methods were first 
developed. Because the main users are often teachers, administrators, and learners rather than data scientists, explanations 
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need to be easy to understand, relevant to educational practice, and ethically responsible, not only mathematically accurate. 
Previous studies have used SHAP to rank risk factors in dropout and performance prediction (Dass et al., 2021) while LIME 
has been used to explain textual feedback and sentiment (Shukla et al., 2026). More recent work has also started to 
combine both methods in educational contexts (Study A45) (Mustofa et al., 2025; Quimiz-Moreira et al., 2025; Villar & de 
Andrade, 2024). Yet this literature remains fragmented and case-bound. No synthesis has established, on the basis of the 
full retrievable evidence, which methods are actually used, for which tasks and models, and whether the resulting 
explanations are evaluated with the stakeholders they are meant to serve. 

1.1 Objectives and Contribution 
This review addresses that gap. The current literature review involves analysis of 75 peer-reviewed papers published 

in the period from 2022 to 2026 in adherence with the PRISMA 2020 criteria. Specifically, the paper focuses on the use of 
SHAP and LIME for interpretability in education with respect to the educational task, model used, and dataset applied in 
such studies. The results show that SHAP is used more widely than LIME and that SHAP is mainly used for ordering risk 
factors and explaining model output while LIME is mostly used in the secondary context. Such an unbalanced pattern 
deserves special mention since both SHAP and LIME are considered to be equally applicable approaches; however, their 
use does not match in terms of prevalence. Among the other problems that deserve consideration are the applicability of 
the explanations for teachers and learners, as well as the stability of such explanations and their relation to fairness. 

The review is guided by three research questions: 
RQ1. How are SHAP and LIME applied to interpret educational ML models, and with which model families? 
RQ2. What are the datasets, education-related activities, and learners involved in such studies, and how are they 

varied according to different explainability methods? 
RQ3. What are the methodological, evaluation-related, and pedagogical limitations of the existing empirical evidence? 
The remainder of the paper is organised as follows. Section 2 sets out the theoretical background, including feature 

attribution and human-centred interpretability. Section 3 presents the PRISMA 2020 methodology. Section 4 reports the 
synthesis. Section 5 discusses the findings and their implications, Section 6 sets out future research directions, and Section 
7 concludes. 

2. Theoretical Background 
Interpretability research distinguishes models that are intrinsically transparent, such as linear models and shallow 

trees, from high-capacity models whose behaviour must be reconstructed after training through post-hoc techniques. 
Educational ML overwhelmingly follows the latter route, because the architectures that achieve state-of-the-art accuracy, 
ensembles and deep networks, are not transparent by construction. Three intersecting bodies of theory frame the present 
review: feature attribution, human-centred interpretability, and the sociotechnical conception of trust. 

2.1 Feature attribution: Shapley Values and Local Surrogates 
SHAP operationalises the Shapley value from cooperative game theory, treating each feature as a player whose 

marginal contribution to a prediction is averaged over all feature coalitions; the resulting attributions satisfy the desirable 
properties of local accuracy, missingness, and consistency (Lundberg & Lee, 2017; Salih et al., 2025). Tree-specific 
estimators render this computation tractable for gradient-boosted models, which partly explains SHAP's affinity with the 
tabular data that dominate educational prediction (Lundberg et al., 2020). LIME proceeds differently, perturbing an instance, 
observing the model's responses, and fitting an interpretable surrogate within the local neighbourhood; it is model-agnostic 
and data-type-agnostic but, by construction, sensitive to the choice of perturbation and sampling (Ribeiro et al., 2016). The 
two methods thus embody a global-versus-local complementarity rather than a strict opposition, a distinction that the 
present synthesis shows to be decisive in practice. 

2.2 Human-centred and Cognitive Interpretability 
A recurrent theme in the wider XAI literature is that algorithmic interpretability, the property that a model can be 

explained, is not equivalent to cognitive interpretability, the property that an explanation is understood and usable by a 
particular person (Rong et al., 2023). The value of an explanation is contingent on the recipient's expertise, the decision at 
hand, and the cognitive load that the representation imposes. In the realm of education, where the end-user is often a 
layperson rather than technically knowledgeable, the difference is important because what may be mathematically correct 
may still not be pedagogically effective. The theory supporting these recommendations, informed by human-computer 
interaction and instructional design, is discussed in Section 5. 
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2.3 Trust, Acceptance, and Accountability 
Whether a stakeholder acts upon an explanation is governed by trust and acceptance, constructs examined through 

technology-acceptance and trust-calibration frameworks. Evidence indicates that trust is highest when explanations cohere 
with domain intuition and are well calibrated to model uncertainty, and that domain-specific framings raise educators' 
acceptance more than generic visualizations (Feldman-Maggor et al., 2025). Accountability provides a normative element 
in that, within critical educational environments, an explanation becomes a means of making the process contestable, 
allowing for the justification or rejection of an algorithm-based decision. With increased regulation in AI applications within 
the field of education, explainability has become less a preference and more a necessity. 

3. Materials and Methods 
The review is conducted and reported in line with the PRISMA 2020 guidelines (Page et al., 2021; Stracke et al., 2023) 

for systematic reviews and meta-analyses. The PRISMA statement outlines the identification, screening, eligibility, and 
selection stages of the literature search to ensure transparency and validity in the review process. 

3.1 Protocol and Registration 
A review protocol specifying the research questions, eligibility criteria, information sources, and screening procedure 

was defined a priori. The review was not prospectively registered in PROSPERO; this is acknowledged among the limitations 
in Section 5.7. To support replication, the protocol, the database-specific search exports, and the complete coded dataset 
are openly available in a public repository on Zenodo (https://doi.org/10.5281/zenodo.21620430). 

3.2 Eligibility Criteria 
Eligibility was specified through a PICOS-style frame adapted for a methodological review (Table 1). From the reviewed 

literature, the eligible literature consisted of articles published by peer-reviewed journals or conference papers in English 
that were published between the years of 2022 and 2026, which have used SHAP, LIME, or both, to interpret at least one 
machine learning (ML) model in an authentic educational environment. The period 2022 was chosen to capture the rapid 
rise in use of the two algorithms (SHAP and LIME) after their mainstreaming and in light of the significant growth of 
educational analytics due to the pandemic. Articles were also not included if they were based only on simulated data and 
not validated with actual learners, if they were some other type of data such as systems outside of education, if they were 
not published in a peer-review journal or a grey literature source. 

Table 1: Eligibility Criteria (PICOS Framework) 

Element Inclusion Exclusion 
Population / Context Authentic educational settings (higher education, K-12, 

e-learning, MOOCs, learning analytics, intelligent 
tutoring) 

Non-educational domains, unless insights are explicitly 
transferable to education 

Intervention Empirical application of SHAP, LIME, or both, with 
implementation detail 

Mention of XAI without empirical implementation 

Outcomes Interpretability, feature attribution, stakeholder trust, 
fairness, actionability 

Predictive performance only, with no explainability 
analysis 

Study Design Peer-reviewed empirical studies using at least one ML 
model 

Grey literature, preprints, theses; non-English 

Time 2022-2026 Outside the window 

3.3 Information Sources and Search Strategy 
In total, five databases were searched on 1 June 2026, comprising Scopus (n=413), SpringerLink (n=223), 

ScienceDirect (n=94), ERIC (n=31), and IEEE Xplore (n=20), for a sum of 781 records. Search queries included three 
concepts combined with Boolean operators, namely explanation technique (“SHAP” OR “LIME” OR “explainable AI” OR 
“interpretable AI”), model type (“machine learning” OR “deep learning”), and field of research (“education” OR “student” 
OR “learning analytics”). Full query statements, inclusive of filters and date restrictions, are available on Zenodo 
(https://doi.org/10.5281/zenodo.21620430). 

3.4 Study Selection 
Selection conformed to the PRISMA 2020 guidelines (Fig. 1). First, de-duplication resulted in the exclusion of 112 

duplicate records, resulting in 669 unique records to be screened by title and abstract. In total, 534 articles were found off-

https://doi.org/10.5281/zenodo.21620430
https://doi.org/10.5281/zenodo.21620430
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topic or irrelevant to education and/or did not contain an explicit reference to SHAP, LIME, or explainable AI techniques. 
Thus, a total of 135 records were included in the final stage of selection. Of these, 75 records had been accessed and 
reviewed based on the complete text, while 60 records were not available during the review window, thus contributing to 
selection bias, as discussed in Section 5.7. The synthesis is therefore based on the 75 retrieved studies, which are listed 
in full in Appendix A (Studies A1–A75). Throughout the manuscript, individual included studies are cited in the text using 
these labels. Table 2 summarises the number of records retained and excluded at each stage. 

 

Figure 1: PRISMA 2020 Flow Diagram of Identification, Screening, and Inclusion 

Table 2: Records at Each Stage of Selection 

Stage n Description 
Identified Through Databases 781 Scopus 413, SpringerLink 223, ScienceDirect 94, ERIC 31, IEEE Xplore 20 

After Duplicate Removal 669 112 duplicates removed 
Excluded at Title/Abstract 534 Off-topic, non-education, or no SHAP/LIME/XAI 
Eligible at Title/Abstract 135 Met the criteria; full texts sought 

Not Retrieved at Full Text 60 Full text unavailable within the review window 
Included in Synthesis 75 Retrieved, coded, and analyzed 

3.5 Data Extraction and Coding 
Data extraction and coding were carried out by the first author, who read the full text of every included study and 

recorded the relevant information in a structured workbook capturing bibliographic metadata, the ML model family, the XAI 
method and its interpretability level, the dataset and educational level, the task addressed, the reported performance, the 
principal findings, and the author-stated limitations. To promote consistency and reduce the chance of oversight across a 
corpus of this size, a rule-based text-mining script was used as a supporting first-pass aid that flagged candidate mentions 
of SHAP, LIME, model families, and task keywords in each document. These automatically generated suggestions were not 
treated as final: the first author manually reviewed and verified every categorical assignment against the full text, correcting 



409 
 

  
 

LETTERS IN BIOMATHEMATICS 

 

the script's output where necessary, and a method was recorded as used only where the author judged from a close 
reading that it had been operationalised rather than merely cited or mentioned in passing. The coding scheme, the 
supporting script and its decision rules, and the complete verified dataset are released so that every assignment can be 
independently inspected and reproduced. Because extraction was conducted by a single reviewer rather than duplicated 
by a second independent coder, no formal inter-rater reliability statistic is reported; this is acknowledged in Section 5.7. 
Where a study addressed more than one task or population, it was assigned to its primary category to avoid double 
counting. Table 3 illustrates the extracted record for a representative included study. 

Table 3: Extracted Record for a Representative Included Study 

Field Extracted Value 
Study Ujkani et al. (2024) [A65] 

Venue / DOI Electronics; 10.3390/electronics13214157 
ML Model XGBoost with custom deep-learning models (LSTM, CNN) 

XAI Method SHAP (global and local) 
Dataset / Level OULAD; tabular; higher education (online) 

Task Course-success and at-risk prediction 
Reported Performance Up to 94% classification accuracy 

Principal Finding SHAP attributions identified the dominant determinants of pass/fail outcomes 
Author-stated Limitation Reliance on a single public dataset 

3.6 Quality Appraisal 
Methodological quality was appraised by the first author using a modified Critical Appraisal Skills Programme (CASP) 

instrument adapted for empirical ML and XAI research. The 75 studies being appraised were each read in their entirety and 
assessed according to criteria defined by the researcher; this was achieved through the use of a 5-point scale, where 1 
(very poor) represented the lowest score and 5 (very good) represented the highest. The factors being assessed included: 
the level of clarity associated with objectives; the extent to which the dataset was described in a clear and transparent 
manner; the reproducibility of the analysis model pipeline; the justification for, and appropriateness of, XAI used; and the 
extent to which limitations of the study have been acknowledged. To ensure that consistency was maintained throughout 
the dataset, an established scoring rubric was utilised to achieve the above. The text-mining resources described in Section 
3.5 were used only as a means to assist in identifying these relevant sections in the original study documentation, whereas 
the actual final evaluations were made based solely on the author's own judgment and evaluation rather than through the 
use of automated means. An overview of the rubric used and the individual study scores are included with the dataset. 

Most of the studies assigned good appraisal scores overall. The mean appraisal scores of the five dimensions ranged 
from 4.40 to 4.91, with a mean dimension score of 4.65, and the standard deviation of the dimension scores across 
dimensions was 0.22. All studies reviewed in the process of creating this paper were above the minimum score of 3.0 to 
be retained; see Table 4 for specific scores for all included studies. The strongest dimensions were dataset description and 
limitations of the study(s). Reproducibility received the lowest appraisal scores and illustrates a lack of available code, 
implementation information, and hyperparameter data within the literature reviewed. 

The high appraisal scores should be interpreted cautiously. The studies that are included in the review were identified 
from existing databases and were accessible for this review. Thus, the appraisal serves as an indicator of how well the 
literature on this topic reports results rather than an indicator of the overall quality of the broader research field. Because 
the studies included in this review demonstrate heterogeneity and do not have sufficient comparability to use the appraisal 
to generate a weighted pooled estimate, the appraisal was used to determine the level of confidence in the synthesis of 
this literature and to identify that reproducibility is one of the major weaknesses in the literature and needs to be addressed 
in future research. 

Table 4: Quality-appraisal Summary by Dimension (n = 75) 

Dimension Mean (SD) Observation 
Clarity of Objectives 4.55 (0.68) Most studies stated explicit aims or research questions 

Dataset Transparency 4.91 (0.29) Datasets, sizes, and features were generally well documented 
Reproducibility 4.40 (0.65) Weakest dimension; code and hyperparameters unevenly reported 
XAI Justification 4.51 (0.53) SHAP was justified more rigorously than LIME 

Limitations Acknowledged 4.89 (0.35) Limitations and future work were routinely discussed 
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3.7 Synthesis and Certainty of Evidence 
Considering the diversity among the different models, data sets, tasks, and outcomes measured, conducting a 

quantitative meta-analysis was impractical. Information about these aspects was summarized descriptively using frequency 
tables, cross tabulation, and themes. The strength of the thematic statements was determined through informal methods 
based on the number and consistency of supporting studies, which is reflected in the discussion of these themes. No 
GRADE or CERQUAL assessment was made, following the spirit of the methodology that guided this systematic review and 
in line with conventions in educational research and computational science. 

3.8 Ethical Considerations 
In spite of the fact that there was no primary data collection or involvement of human participants in this systematic 

review, ethical concerns related to machine learning in education have been considered, including fairness, learner-data 
privacy, transparency in high-stakes decision-making, and accountability for actions taken based on algorithmic outputs. 
While explicit analysis of fairness and potential bias was found in relatively few papers (6 out of 75 reviewed; 8%), proposals 
on how to mitigate these risks were even rarer. Many of these issues are documented quantitatively, as laid out in Section 
4 of the paper, thereby revealing a disparity between ethical aspirations and demonstrated practices, which is addressed 
further in Sections 5 and 6. 

4. Results 
Each of the 75 included studies was coded for its explanation method, model family, task, and learner population, and 

the frequencies reported in this section are drawn directly from that coded dataset (Appendix A, Studies A1–A75). Two 
regularities organize the findings that follow. First, the literature is overwhelmingly concerned with structured, tabular 
prediction by tree-based models, the setting in which SHAP is computationally cheapest and theoretically best grounded. 
Second, interpretability is appraised almost exclusively from the model side, with the human reception of explanations left 
largely unexamined. Table 5 presents a representative cross-section of the corpus. 

Table 5: Representative Included Studies by Model, Explanation Method, and Task 

First Author (Year) ML Model(S) XAI Method Education Level Task Study ID 
Johora (2025) XGBoost; LightGBM SHAP + LIME Higher ed Performance prediction A29 

Abukader (2025) LightGBM SHAP Higher ed Performance prediction A2 
Mustofa (2025) XGBoost; LightGBM SHAP + LIME K-12 / school Dropout / retention A45 
de la Hoz (2026) XGBoost; Random Forest SHAP + LIME Higher ed At-risk identification A12 

Qu (2022) Random Forest; Decision 
Tree 

SHAP MOOC / online Engagement / 
behaviour 

A51 

Kim (2026) SVM; Logistic Regression SHAP Higher ed Sentiment / feedback A38 
Kesgin (2025) XGBoost; Random Forest SHAP + LIME K-12 / school Fairness / bias A35 

Kar (2024) Random Forest; Decision 
Tree 

SHAP + LIME MOOC / online Assessment / grading A33 

Li (2025) LSTM; CNN LIME Higher ed Recommendation A40 

4.1 SHAP as the de Facto Standard for Tabular Prediction 
SHAP is, by a wide margin, the dominant explanation method, appearing in 74 of the 75 studies (Fig. 3). Its prevalence 

is inseparable from the modelling choices of the field: 72 of the 75 studies employ tree-based learners, XGBoost, random 
forest, gradient boosting, LightGBM, or CatBoost, whose native compatibility with tree-SHAP makes both global feature 
rankings and local attributions computationally inexpensive. SHAP accordingly anchors the two most common tasks, 
performance and grade prediction (21 studies) and dropout or retention (11), where it furnishes dataset-wide importance 
rankings alongside instance-level rationales. Reported attributions converge on a familiar set of determinants, prior 
attainment, engagement and attendance signals, and assessment activity. The near-universal adoption of SHAP indicates 
that it has become not one option among several but the default grammar through which educational ML on tabular data 
is now interpreted. 

4.2 LIME is Rarely used Alone and Predominantly Augments SHAP 
LIME presents a markedly different profile. It appears in 33 of the 75 studies but, in a finding that qualifies the 

conventional portrayal of SHAP and LIME as competing alternatives, is almost never deployed in isolation: a single study 
uses LIME without SHAP, a course-recommendation model (A40), while the remaining 32 pair it with SHAP. Where it 
appears, LIME typically supplies instance-level explanations atop a primarily SHAP-based analysis, and several authors 
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justify the pairing precisely by reference to LIME's sensitivity to perturbation, electing to corroborate rather than to rely 
upon it. The practical landscape is therefore better described as SHAP augmented, where warranted, by LIME than as a 
contest between two methods. Fig. 2 reports the distribution of learner populations, which is dominated by higher education 
(50 studies), followed by K-12 or school settings (16) and MOOC or online contexts (7). 

 

Figure 2: Distribution of the 75 included Studies by Educational Level 

4.3 The Complementary Configuration of SHAP and LIME 
The 32 studies that combine the two methods reveal a consistent division of labour: SHAP provides the global, dataset-

wide ranking of determinants, while LIME explains individual or atypical predictions, so that an educator may move between 
cohort-level insight and case-level diagnosis. Because LIME appears essentially only in this supporting capacity, the 
configuration of methods across the corpus resolves into three mutually exclusive groups, SHAP alone (42 studies), SHAP 
with LIME (32), and LIME alone (1), shown alongside the overall SHAP and LIME counts in Fig. 3. This distribution is the 
clearest single expression of the review's central finding: interpretability in educational ML is not a balanced negotiation 
between two techniques but a SHAP-centred practice in which LIME plays an occasional, complementary role. 

 

Figure 3: Explanation-method Configuration across the 75 included Studies: Overall Presence of SHAP and LIME (Left) 
and the Mutually Exclusive SHAP-alone, SHAP-with-LIME, and LIME-alone Partition (Right) 
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4.4 Distribution Across Educational Tasks 
Table 6 cross-tabulates the corpus by task and method configuration. Performance and grade prediction (21 studies) 

and dropout or retention (11) together account for nearly half of the literature, followed by sentiment or feedback analysis 
and at-risk identification (9 each), engagement or behaviour modelling (8), and fairness or bias auditing (6); the remainder 
comprise assessment or grading (4), recommendation (2), and other tasks (5), so that the nine categories sum to the full 
corpus of 75. SHAP is present across every task, whereas the combined SHAP-and-LIME configuration is proportionally 
most frequent in at-risk identification, dropout, and fairness work, precisely the settings in which the explanation of an 
individual learner's predicted trajectory carries the greatest consequence. The task distribution is depicted in Fig. 4. 

Table 6: Distribution of Studies by Educational Task and Explanation Configuration 

Educational Task SHAP 
Only 

SHAP + 
LIME 

LIME 
Only 

Total Study IDs (Appendix A) 

Performance / Grade Prediction 15 6 0 21 SHAP: A2, A7, A10, A17, A26, A43, A44, A46, 
A49, A57, A59, A62, A69, A70, A72 

SHAP + LIME: A15, A20, A29, A32, A34, A56 
Dropout / Retention 5 6 0 11 SHAP: A9, A21, A37, A39, A66 

SHAP + LIME: A5, A8, A45, A47, A50, A61 
Sentiment / Feedback 5 4 0 9 SHAP: A6, A13, A28, A38, A60 

SHAP + LIME: A18, A52, A55, A67 
At-Risk Identification 3 6 0 9 SHAP: A1, A4, A58 

SHAP + LIME: A12, A30, A31, A53, A65, A71 
Engagement / Behaviour 4 4 0 8 SHAP: A19, A36, A51, A75 

SHAP + LIME: A16, A23, A24, A48 
Fairness / Bias 2 4 0 6 SHAP: A25, A64 

SHAP + LIME: A22, A27, A35, A54 
Assessment / Grading 3 1 0 4 SHAP: A14, A73, A74 

SHAP + LIME: A33 
Recommendation 1 0 1 2 SHAP: A63 

LIME: A40 
Other 4 1 0 5 SHAP: A11, A41, A42, A68 

SHAP + LIME: A3 
Note: Categories are mutually exclusive and sum to 75. LIME was used alone in a single study; in every other instance it 

accompanied SHAP. 

 

Figure 4: Distribution of the 75 included Studies by Educational Task 

4.5 Corpus Composition: Recency, Models, and Datasets 
The corpus is recent. Only ten of the 75 studies predate 2024 (A5, A10, A19, A26, A34, A44, A51, A60, A71, A74), 

while the remaining 65 appeared between 2024 and 2026, in the final three years of the search window; Fig. 5 shows the 
distribution by publication year. This concentration indicates that the literature analysed here has formed very rapidly, 
almost entirely since SHAP and LIME entered mainstream use. 
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Figure 5: Distribution of the 75 included Studies by Publication Year 

Tree-based methods dominate. At least one such model appears in 72 of the 75 studies, with random forest the most 
common (63 studies), followed by gradient boosting (55), decision tree (54), XGBoost (53), LightGBM (27) and CatBoost 
(17); the overall pattern of model-family use is summarised in Fig. 6. Deep-learning components turn up in 62 studies, 
mostly LSTM, CNN, transformer and multilayer-perceptron architectures. In almost every case, though, they are trained 
alongside the tree ensembles rather than in place of them. This preference is mutually reinforcing with the dominance of 
SHAP, since the efficiency of tree-SHAP rewards exactly these models. The empirical base, however, rests on a narrow set 
of public benchmarks: The Open University Learning Analytics Dataset and Kaggle education sets each underpin 11 studies 
and PISA a further 10. Such reliance on clean, curated corpora, while convenient for reproducibility, attenuates the noise 
and heterogeneity of authentic institutional data and is revisited among the limitations in Section 5.7. 

 

Figure 6: Model Families used Across the 75 included Studies (Counts Overlap, as many Studies use Several Models) 

4.6 The Evaluation of Interpretability: A Model-side Bias 
A defining characteristic of the corpus is the locus of evaluation. Most studies judge their explanations on technical 

grounds, through feature attribution, fidelity or stability checks. The person who has to read the explanation and act on it 
rarely enters the assessment at all. Teachers, students or administrators are involved in only a minority of studies, and 
even fewer report any measure of trust, usability or impact on decisions. Where a stakeholder framing is present, authors 
contend that SHAP's global rankings suit cohort-level dashboards while local explanations suit individual decisions, but 
direct evidence on educator comprehension and behaviour remains sparse. This asymmetry, interpretability demonstrated 
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technically yet seldom validated with its intended audience, is among the most consequential findings of the review and 
frames the human-centred argument of Section 5. 

4.7 Methodological Gaps Observed Across the Corpus 
Five shortcomings recur across the included studies, and each one can be quantified. First, the evidence base is 

methodologically narrow. Most of the corpus rests on tree ensembles trained on a small set of tabular benchmarks, while 
multimodal data, video, audio and behavioural signals other than clickstreams remain almost untouched. Second, fairness 
receives little attention. As noted earlier, only 6 of the 75 studies carry out an explicit bias or fairness analysis, and concrete 
mitigation steps are rarer than that. Third, evaluation sits mainly on the model side, and how stakeholders receive the 
explanations is examined far less often (Section 4.6). Fourth, the literature is cross-sectional and static: explanations are 
presented as snapshots, and almost no study tracks how a learner's attributions evolve over time, restricting their value 
for progress monitoring. Fifth, the geographic and contextual concentration of the corpus in well-resourced settings leaves 
the behaviour of these methods in low-resource educational systems essentially unknown. Together these gaps delineate 
the agenda that Sections 5 and 6 pursue: a move from technically successful attribution toward adaptive, fair, and 
educationally validated explanation at scale. 

5. Discussion 
Read together, the 75 studies depict a field that has resolved the question of which explanation method to use, and 

has done so in favour of SHAP, while leaving the harder questions of for whom, to what effect, and at what cost largely 
open. The discussion that follows interprets this settlement along four axes, the technical trade-offs between the two 
methods, the cognitive distance between explanation and understanding, the ethical obligations specific to education, and 
the institutional conditions for adoption, before consolidating the implications into a design framework. 

5.1 Technical Trade-offs and the Logic of SHAP-centrality 
The dominance of SHAP is not arbitrary but follows from a coherent technical logic. Grounded in cooperative game 

theory, SHAP yields consistent, globally coherent attributions that are inexpensive to compute for the tree ensembles that 
dominate tabular educational prediction (Lundberg et al., 2020; Salih et al., 2025). LIME, by contrast, offers flexible, model-
agnostic local explanations but is destabilised by its reliance on perturbation and surrogate approximation, so that closely 
related instances may receive divergent rationales (Visani et al., 2022). The corpus shows that practitioners have 
internalised precisely this trade-off: they adopt SHAP as the primary instrument and enlist LIME, where at all, to corroborate 
individual cases rather than to carry the explanatory burden. The consequence is a de facto standardisation that brings 
comparability and efficiency but also concentrates the field's epistemic risk in a single method whose own assumptions 
are seldom interrogated. 

5.2 From Attribution to Understanding 
A model can be interpretable in the technical sense without its explanations meaning anything to the people who 

receive them. The corpus shows a field that has worked hard on the technical side and paid far less attention to the human 
one. Attributions are produced and checked against fidelity or stability criteria as a matter of routine; whether teachers and 
learners can make sense of them is hardly ever tested. The gap is conceptual as much as empirical. Knowing that a feature 
contributed a certain amount to a prediction does not, by itself, tell an educator what to do next. Closing it requires that 
interpretability be reconceived as a problem of communication and design rather than of computation alone, an argument 
that the human-centred XAI literature has advanced and that the present evidence renders urgent for education (Rong et 
al., 2023). 

5.3 Fairness and the Ethics of Educational Explanation 
Explanation in education carries an ethical charge absent from many other domains, because its outputs bear upon 

the life chances of minors and young adults. It is therefore striking that fairness analysis is so rare across the corpus, and 
that the diagnosis of bias, where it occurs, is seldom matched by mitigation. Explaining a model is not the same as justifying 
its use; an attribution may render a decision transparent while leaving its fairness unexamined. The review thus argues that 
educational XAI must be held to a higher standard than transparency alone, coupling attribution with fairness auditing and 
with the capacity for stakeholders to contest or override algorithmic logic (Aler Tubella et al., 2024; Deho et al., 2022; Zhu 
et al., 2025). 

5.4 Toward a Framework for Trustworthy Educational XAI 
If the discussion so far makes one thing clear, it is that no single technique is sufficient. Even SHAP and LIME used 
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together cannot meet every demand that educational decision-making places on an explanation, since the stakes are high 
and the requirements pull in several directions at once. A broader, human-centred framework is needed. The review 
therefore sets out seven principles for developers, educators and policymakers: 

Model-task fit. Match the explainer to the task and architecture, SHAP for structured prediction, LIME for instance-
level corroboration, and intrinsic models where stakes are highest. 

Cognitive translation. Render attributions in layered forms, technical detail beneath plain-language summaries, so that 
non-specialists can act upon them. 

Pedagogical contextualisation. Tie feature attributions to learning constructs and concrete interventions rather than 
to raw variables. 

Interactive interrogation. Allow educators to explore counterfactual and what-if scenarios rather than receive static 
outputs. 

Fairness integration. Embed bias visualisation, counterfactual fairness, and uncertainty calibration as first-class 
components, not afterthoughts. 

Explanation literacy. Develop stakeholders' capacity to read and critically appraise explanations through professional 
development. 

Evaluation with stakeholders. Validate explanations against educator and learner comprehension and decision impact, 
not fidelity metrics alone. 

5.5 Implications for Practice and Policy 
The findings carry a practical warning for institutions. A system is not explainable just because it produces SHAP 

outputs, and ticking that box at procurement should not settle the question. Interpretability is better understood as a 
capability the organisation has to build. In practice that means data governance that takes fairness seriously, and staff who 
can read an explanation and question it; it also means procurement rules that ask for auditable systems, not just for 
impressive plots. For policymakers the lesson is different. The evidence is concentrated in well-resourced higher-education 
settings, and methods validated there cannot be assumed to work in schools, or in low-resource systems, without 
adaptation. 

5.6 Limitations of the Reviewed Literature 
Several limitations of the source literature qualify these conclusions. The evidence rests disproportionately on a small 

set of public benchmarks, attenuating ecological validity; stakeholder evaluation is scarce; the literature is cross-sectional, 
precluding inference about the durability of explanation-informed interventions; fairness is under-examined; and a probable 
bias toward positive results may inflate the apparent maturity of the field. 

5.7 Limitations of this Review 
This review is itself subject to limitations. It was not prospectively registered. Of 135 eligible reports, 60 (44%) could 

not be retrieved within the review window, despite searches of institutional holdings and open-access sources. The 
synthesis therefore rests on the 55% that were obtainable. Comparing the available metadata (publication year and venue 
type) showed no marked difference between retrieved and non-retrieved reports, but the possibility of selection bias cannot 
be excluded, and the frequency estimates describe the retrievable literature rather than the eligible literature as a whole. 
Data extraction, coding and quality appraisal were all carried out by the first author, who read every included study in full. 
A rule-based text-mining script served as a first-pass aid; its suggestions were checked, and where necessary corrected, 
against the full texts. There was no second, independent coder, so no formal inter-rater reliability statistic could be 
computed. The coding scheme, the appraisal rubric, the script and the complete verified dataset are released instead, so 
that every assignment can be inspected and the synthesis repeated. Finally, the review is limited to SHAP and LIME. That 
choice reflects how dominant the two methods are, but it leaves out newer interpretability techniques that are starting to 
appear in educational research.  

Finally, the included studies were published across a range of journals. A proportion, however, remained concentrated 
in journals such as IEEE Access and Education and Information Technologies.  This pattern reflects the current publication 
landscape in educational machine learning and explainable AI (Türkmen, 2025). Study selection was conducted in 
accordance with the predefined eligibility criteria and the PRISMA 2020 guidelines (Page et al., 2021). Studies were selected 
solely on the basis of their relevance and methodological eligibility, irrespective of the journal in which they were published. 

6. Future Research Directions 
The gaps documented above translate into a concrete agenda. Five directions are especially pressing. 
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6.1 Human-Centred and Context-aware Explanation 
Future work should move the locus of evaluation from the model to the stakeholder, developing and validating adaptive 

interfaces that calibrate the complexity and language of an explanation to the user's expertise, the decision at hand, and 
the cognitive load it imposes, and measuring whether such explanations actually improve educator decisions (Arora et al., 
2021; Miller, 2019). 

6.2 Multimodal and Longitudinal Interpretability 
As education incorporates audio, video, and sensor data, attribution methods must extend beyond tabular and textual 

inputs, and static snapshots must give way to longitudinal accounts that track how a learner's explanations evolve over 
time, the precondition for using XAI in genuine progress monitoring (Di Mitri et al., 2018). 

6.3 Fairness-Aware Explanation 
Given the scarcity of fairness work, future research should embed counterfactual reasoning and bias auditing within 

the explanation pipeline itself, so that the act of explaining a decision also surfaces, and helps to remedy, its inequities 
(Madaio et al., 2020; Pham et al., 2025). 

6.4 Equity Across Educational Contexts 
Most of the evidence comes from well-resourced settings, and redressing that imbalance will take deliberate effort. 

Explainers need to be lightweight and able to run offline. Interfaces have to make sense in the local cultural context. And 
human-in-the-loop designs should be built together with the educators working in under-resourced systems, not handed 
down to them. 

6.5 Standardisation and Governance 
Finally, the field would benefit from shared educational XAI benchmarks and from interpretability protocols aligned 

with emerging regulation, so that explanation becomes an auditable institutional practice rather than an ad hoc technical 
addition (Simbeck, 2024). 

7. Conclusion 
SHAP now sits at the centre of interpretability work in educational ML. It appears in 74 of the 75 studies and has 

become the default way of reading the tree-based models that dominate tabular prediction. LIME appears in 33 studies, 
almost never on its own, and in practice plays a supporting role beside SHAP rather than competing with it. What prevails, 
in short, is a SHAP-centric and technically framed paradigm. 

That consolidation is an achievement. It is also a limit. The field has learned how to attribute a prediction to its features; 
it has not yet learned whether educators understand those attributions, whether they treat learners fairly, or whether they 
still mean anything months later, as a student's situation changes. So, the central question has shifted. It is no longer which 
method to pick, but how to make explanations comprehensible to the people they are meant for, equitable in their effects, 
and valid over time. A field that takes this seriously would gain more from explainable AI than a window into its models. It 
would have a basis for educational decisions that can be trusted and accounted for. 
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The 75 studies synthesised in this review, listed alphabetically by first author. Complete coded data are provided on Zenodo 
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