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Abstract: Predicting student academic performance accurately is essential and allows for timely interventions and data-

supported educational decision-making. However, the black-box nature of state-of-the-art machine learning models 

hinders their use in policy-sensitive educational settings, where interpretability and accountability are paramount. We 

propose a structured hybrid explainable artificial intelligence (XAI) framework that combines three tree-based ensemble 

models–namely, random forest, XGBoost, and CatBoost–using a prediction-level soft-voting strategy and couples them 

with complementary post-hoc interpretation methods at the explanation level (SHAP and LIME). Instead of proposing a 

new base algorithm, this study systematically unifies heterogeneous boosting and bagging approaches with strict 

validation as well as dual-layer explanation consistency evaluation. Experiments on the UCI Student Performance 
dataset show that the proposed framework can achieve a competitive predictive performance (91.8% accuracy, ROC–

AUC = 0.953) together with transparent and actionable interpretability. The robustness of the interpretability layer is 

further supported by a quantitative assessment of explanation stability, fidelity, and agreement across various methods. 

The presented framework harmonizes the trade-off between accuracy and interpretability to provide a deployable, 

policy-aware decision-support solution that is aligned with responsible AI principles for adoption within educational 

contexts. 

 

Index Terms: Explainable AI, Hybrid Machine Learning, SHAP, LIME, Student Performance Prediction, Educational 

Data Mining, Ensemble Learning. 

 

 

1. Introduction 

In the last few years, artificial intelligence (AI) has changed the face of many sectors; however, the education 

domain is among the most affected, as AI allows the elimination of subjective evaluation methods and the provision of 

continued learning support to students. Educational data mining (EDM) and learning analytics (LA) refer to the 

automated, systematic extraction of patterns from large datasets. They can assist institutions in predicting success, 

flagging potential students likely to fail, and providing the opportunity to intervene with support mechanisms before it 

is too late. Another important aspect of higher education is retention prediction, where success is determined by 

retention rates, graduation rates, and academic performance [1, 2]. 

In contrast, the increasing embedding of AI in educational decision-making has a significant drawback, the ―black-
box‖ problem [3, 4]. Moreover, state-of-the-art machine learning techniques (i.e., gradient boosting machines [5], 

random forests [6], and XGBoost [7]) could yield non-interpretable black-box output that is not very useful for 

stakeholders to understand. In educational settings, however, the interpretability frontier imposes limits on the adoption 

of such models. Consequently, decision-makers, such as teachers, principals, or policymakers, need not only accurate 

predictions but also explanations to make informed decisions, trust the model[s], and meet the requirements of the 

General Data Protection Regulation (GDPR) [8]. 
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Explainable artificial intelligence (XAI) is a potential solution that creates an understanding of how a model makes 

decisions [9-11]. Methods such as SHapley Additive exPlanations (SHAP) [10, 11] and Local Interpretable Model-

Agnostic Explanations (LIME) [9] provide local (instance-specific) and global (i.e., dataset-wide) interpretations of 

model behavior. This helps identify factors, such as academic history, family background, behavioral markers, or 

socioeconomic variables, from which educators can largely predict student learning outcomes. For instance, Kesgin et 

al. [1] demonstrated that SMOTE [12], a tree-based algorithm combined with the concept of using fairness-aware 

models, could ensure gender and ethnic fairness via interpretable predictions over different subgroups for student 

prediction. 

The UCI Student Performance Dataset is a representative dataset for other EDM studies [13, 14]. The dataset 

contains attributes such as demographic variables, academic records, and lifestyle features of students in Portuguese 

secondary education. The dataset [13] has previously been studied with several predictive methods, such as support 
vector machines, logistic regression, and deep learning architectures [15, 2, 16, 17, 18]. Some existing studies have 

initiated solutions to the interpretability issues discussed above, whereas others have focused on achieving higher 

precision at the cost of interpretability [23]. Others have presented promising interpretation methods along with 

complexity in producing better predictions through data-analytic model ensembles [17, 33, 19]. 

To address this gap, we present a hybrid explainable AI framework by leveraging a combination of different 

strengths of disparate error rate-based machine learning algorithms and strong post-hoc interpretation methods. The 

complementary ability of random forest [6], XGBoost [7], and CatBoost [20] in handling heterogeneous educational 

data makes an ensemble of these three models a strong candidate for the proposed model. Within the ensemble 

framework, model predictions were further analyzed using SHAP and LIME to obtain both instance-level explanations 

and statistically robust global feature importance measures, thereby preserving interpretability alongside predictive 

performance. In doing so, predictions are multi-layered and present a high degree of predictive accuracy along with 
logical reasoning behind them. 

The main contributions of this study are as follows. 

 

1. Structured Hybrid Integration Framework — A structured hybrid integration framework is a systematic 

soft-voting ensemble that joins three weak learners, namely random forest, XGboost, and CatBoost, with 

extensive ablation and synergetic verifications to quantify the individual contribution of each model. 

2. Dual-Layer Explainability Assessment — Merging both SHAP (global and local consistency) and LIME 

(instance-level interpretability) with a static evaluation of explanation fidelity, stability, and cross-method 

consistency. 

3. Rigorous Validation and Statistical Verification — Controlled processes, including cross-validation, 

holdout testing, Bayesian hyperparameter tuning, and Wilcoxon signed-rank statistical tests are used to verify 

performance improvements. 

4. Educational Policy-Oriented Design Perspective — Framing predictive modelling within a responsible AI 

and policy-compliant decision-support context suitable for early-warning academic systems. 

 
Unlike previous works, where related studies aimed to either develop improved predictive accuracy without 

providing interpretability or rely on different interpretability algorithms, this work does not aim to invent a new base 

algorithm. Instead, it defines a systematic structure for hybridization that aligns mutually advantageous boosting and 

bagging models with complementary explanatory structures that ground policy-compliant educational decision support. 

The contributions of this study are a systematic integration followed by a stringent validation strategy, verification of 

statistical significance, and synergy through an ablation study, along with the quantification of the fidelity of 

explanation over benchmarked education datasets. This study is therefore positioned as a methodological consolidation 

and validation-oriented contribution rather than the introduction of a new algorithmic paradigm. 

The rest of this paper is structured as follows: literature review of existing work on student performance prediction 

and XAI approaches (Section 2), followed by the proposed hybrid XAI framework (Section 3) and experimental setup 

(Section 4), then results and discussion (Section 5), before concluding with research findings, implications and 

challenges in future research directions (Section 6). 

2. Literature Review 

The academic performance prediction of students has been one of the main research directions within the area of 

educational data mining (EDM) and learning analytics (LA) over the last 20 years [21-23]. This includes specialized 

statistical methods, as well as data mining and EDM techniques for analysing sets of education-related data. Three 

research lines are related to this work: (i) predictive modelling of academic performance, (ii) XAI frameworks in 

education, and (iii) hybrid ensembles incorporating interpretability. 
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2.1. Predictive Modelling in Educational Data Mining 

Preliminary research on traditional types of machine learning algorithms for EDM. These include decision trees, 

K-nearest neighbors (KNN), and logistic regression, which seek to determine the relationships between students' work 

[13, 18, 21, 22]. Although early models, such as decision trees and logistic regression, were interpretable in terms of 

decision rules, their predictive performance was limited when representing nonlinear and heterogeneous data [5]. In 

recent years, more sophisticated algorithms, such as random forest (RF) [6], gradient boosting machine (GBM) [5], 

XGBoost [7], and CatBoost [20], have emerged that exploit higher-order interactions between features, which typically 

increases predictive accuracy. 

The UCI student performance dataset [13, 14] is a widely used benchmark dataset for developing prediction 

models. In fact, the dataset was used to set a benchmark performance based on decision trees, random forests, and 

neural networks using secondary school data [13]. However, for the accuracy test, CatBoost + Double PSO was the 
winning method [15]. The generalization ability of the models on our dataset was also confirmed, as [16] demonstrated 

that tree-based models dramatically outperform linear models on this task. 

Several EDM studies emphasize enhancing the different performance metrics of the model (accuracy, F1-score); 

however, they do not consider the interpretability of the model [15, 2, 16]. This emphasis on performance indicators 

constrains educational administrators who require decision-making information [3, 4]. 

2.2. Explainable Artificial Intelligence in Education 

To help fill this gap in interpretability, explainable AI (XAI) [9, 10, 24] aims to explain how a model arrives at a 

certain prediction and/or why a certain prediction is made with a given model. The need for transparency-aware system 

design is even more salient, following recent discussions on embedding XAI in a general educational data mining 

ecosystem [25]. Interpretability is crucial for trustworthiness, accountability, and compliance with data protection 

legislation, such as the General Data Protection Regulation (GDPR) [8] in education. Post-hoc explanation methods, 
such as LIME [9] and SHAP [10, 11], are widely used and allow users to understand the contribution of individual 

features to a particular prediction. 

More recently, we have argued that explainability cannot rely solely on vision but calls for systematic 

benchmarking and quantitative validation. Mohamed et al. [26] provide a systematic overview of recent developments 

and emphasize the importance of explanation stability and robustness across domains. Salih et al. [27] fully discussed 

both SHAP and LIME, theoretically and empirically, revealing the complementary merits of the two methods and 

which aspects of model reasoning each method captures. We have previously stated that global and local explanation 

techniques should be evaluated for consistency as well as fidelity when performed by benchmarking initiatives such as 

BenchXAI [28] or large-scale tabular data evaluations [29]. These recent works suggest the potential for moving toward 

structured and empirically based interpretability, particularly in high-stakes domains such as education. 

Kesgin et al. [1] used SHAP in conjunction with a fairness-aware sampling method (SMOTE [12]) to increase 
fairness in predicting student performance and indicated that interpretability and fairness can be achieved together. 

Johora [17] used SHAP and LIME to predict undergraduate performance in Bangladesh and explored how one such 

explanation can guide curriculum redesign. Similarly, Mastour [30] adapted these concepts to medical education and 

used SHAP and LIME with a stacking ensemble (RF, AdaBoost, XGBoost) to gain insight into whether interpretations 

of high-stakes exams are transparent. Akter et al. [19] provided socio-academic and economic drivers of exam 

performance by merging causal inference with SHAP-based explanations. 

Although these works collectively underscore the promise of XAI, most have been demonstrated on individual 

models or context-specific datasets, thus restricting their generalizability and potential performance. 

2.3. Hybrid and Ensemble Approaches with Interpretability 

The essence of ensemble learning is to combine multiple models in a way that improves the robustness and 

accuracy of predictions. Popular ensemble techniques, such as bagging (e.g., Random Forest [6]) and boosting methods 

(e.g., gradient boosting), frequently yield superior results compared to individual models; however, they introduce 
additional complexity and reduced transparency. 

Ahmed [31] used heterogeneous ensemble regressors to predict student performance and obtained better accuracy 

but no model explanation. Adeyemi and AlOtaibi [32] incorporated SHAP into a decision support system based on 

LightGBM for early in-class student interventions but did not apply the method to benchmark datasets such as UCI. 

George et al. [33] used several interpretability techniques for the phonemes' grade prediction, but halted hybrid model 

integration by providing a comparative view of the available explanations. Zhang et al. [34] highlighted human-centered 

design for early prediction models and outlined the need to align interpretability with educator needs. 

The above findings point to a gap in the literature, in which high-performing hybrid models exist and XAI 

techniques are broadly tested; however, very few studies combine ensemble learning and dual-layer explainability 

(SHAP + LIME) on benchmark datasets to produce optimal accuracy with actionable insights. 

Additionally, recent comparative analyses caution against assuming that the aggregation of explanation techniques 
necessarily improves interpretability. Givisis et al. [35] show that both SHAP and LIME depend on model structure and 

dataset properties when deciding feature attributions. These principles are already being applied in practice; for example, 
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Lünich and Keller [36] demonstrated that the simplicity of explanations and perceived fairness play a significant role in 

stakeholders‘ trust in predictive systems. In other words, empirical warrants should be made for the integration of the 

two methods, in addition to their conceptual justification; therefore, a systematic validation method was undertaken in 

this study. 

2.4. Identified Research Gap 

Despite the strong advancements in educational data mining for both predictive modelling and explainable 

artificial intelligence (XAI) [25], important missing pieces of knowledge remain. 

1. Performance–Interpretability Trade-off 

Several high-performing algorithms, such as gradient boosting and random forest, can produce higher predictive 

accuracy; however, they function as ―black boxes‖ [3, 4]. In contrast, interpretable models (e.g., decision trees and 

logistic regression) prioritize transparency over accuracy. Only a handful of studies have attempted to combine these 

goals in a coherent framework [17, 33, 30]. 

2. Limited Use of Complementary XAI Techniques 

SHAP [10, 11] and LIME [9] are two common post-hoc interpretability methods that are often used in isolation. 

SHAP provides consistent global (importance) and strong local explanations, whereas LIME is a tool for human 

readability and instance-specific interpretability. Combining them can produce deeper and more actionable insights; 

however, dual integration has been little used in educational research [1, 19, 32]. 

3. Benchmarking Deficiency on Widely Recognized Datasets 

Most studies validate their methods using in-house or context-specific datasets, making reproduction and inter-

study comparisons difficult [17, 30, 32]. The UCI Student Performance Dataset [13, 14] is one of the few public 

benchmarks featuring multidimensional student data; however, none of the ensemble–XAI integrations have been 

rigorously evaluated therein. This hampers the assessment of generalizability and replication of findings in diverse 

educational settings. 

4. Lack of Policy and Compliance Considerations 

For high-stakes educational decisions, such as determining whether to retain a student, award a scholarship, or 

encourage targeted academic interventions, interpretability is not only beneficial but is frequently mandated by policy 

frameworks and regulations (e.g., the EU‘s GDPR enshrined a ―right to explanation‖ for automated decision-making 

[8]). However, most previous studies do not explicitly mention compliance with such policies, which could limit the 

uptake in institutional environments. 

5. Practical Adoption Barriers 

Even for interpretable models, it may be difficult to translate the explanations to non-specialist stakeholders (such 

as academic advisors, school administrators, or policymakers). This establishes a gap between what the model is able to 

produce and what end-users can act on [33, 34]. Few studies convert interpretability outputs into educator-friendly 
insights, which would provide direct guidance for actionable interventions. 

Table 1. Summary of Key Related Works. 

Ref. 
Author(s), 

Year 
Dataset Algorithm(s) 

XAI 

Method(s) 

Performance 

Metrics 
Key Findings Limitation 

[13] 
Cortez & 

Silva (2008) 

UCI 

Student 

Performanc

e 

Decision Tree, 

Neural Net, RF 
None 

Accuracy, 

RMSE 

Baseline 

models for 

dataset 

No 

interpretability 

[1] 
Kesgin et al. 

(2025) 
UCI 

RF, SVM + 

SMOTE 
SHAP 

Accuracy, 

Fairness metrics 

Fairness-

aware model 

with 

interpretable 

outputs 

No ensemble 

optimization 

[15] 
Fan et al. 

(2023) 
UCI CatBoost + PSO None 

Accuracy, F1-

score 

Improved 

accuracy via 

PSO 

No 

interpretability 

[16] 
Mohammad 

et al. (2023) 
UCI 

Multiple ML 

models 
None Accuracy, Recall 

Tree-based 

models 

outperform 

linear 

No explanation 

layer 

[17] Johora (2025) 
Bangladesh 

dataset 
Ensemble 

SHAP, 

LIME 

Accuracy, 

Precision 

Interpretable 

predictions for 

undergraduate

Not 

benchmarked on 

UCI 
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s 

[33] 
George et al. 

(2025) 

Institutiona

l 
Multiple ML 

SHAP, 

LIME, PDP 

Accuracy, 

Interpretability 

Compared 

explanation 

methods for 

grades 

No hybrid 

integration 

[30] 
Mastour 

(2025) 

Medical 

education 

Stacking (RF, 

AdaBoost, 

XGBoost) 

SHAP, 

LIME 

Accuracy, F1-

score 

Transparent 

medical exam 

prediction 

Not applied to 

UCI dataset 

[31] 
Ahmed 

(2025) 

Multi-

institutional 

Heterogeneous 

ensemble 

regressors 

None RMSE, MAE 
High accuracy 

across datasets 

No XAI 

integration 

[19] 
Akter et al. 

(2025) 

Exam-

based 

Ensemble + 

causal 
SHAP 

Accuracy, 

Causal impact 

scores 

Socio-

academic 

factors 

identified 

No boosting 

integration 

[32] 

Adeyemi & 

AlOtaibi 

(2025) 

Real-time LightGBM SHAP Accuracy, AUC 

Feedback-

driven 

intervention 

system 

No standardized 

dataset 

[34] 
Zhang et al. 

(2025) 
Real-world 

LR, 1D-CNN, 

Multi-task 

models 

None 
Accuracy, Early 

prediction rate 

Human-

centered 

prediction 

design 

No XAI a 

3. Methodology 

In this study, we describe the architecture and processes involved in the proposed hybrid explainable AI (XAI) 

framework using the UCI Student Performance Dataset for prediction and explainability tasks related to student 

academic performance. The proposed framework comprises five primary processes: dataset selection and preprocessing, 

model design, hybrid ensemble integration, explanation layer, and evaluation process. 

3.1. Overview of the Hybrid XAI Framework 

The proposed framework (Figure 1) comprises two primary layers: 

 

1. Prediction Layer — Three high-quality tree-based models (random forest, extreme gradient boosting, and 

CatBoost) are aggregated in the prediction layer. These approaches learn models from preprocessed data that 

are optimized for predictive performance while accommodating data-type limitations. 

2. Explanation Layer — The outputs of the ensemble are explained using the post-hoc interpretability tools 

SHAP and LIME, which provide both global feature importance (SHAP) and local, instance-specific 

explanations (LIME). 

 

 

Fig. 1. Conceptual Diagram of the Proposed Hybrid XAI Framework. 
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3.2. Dataset Description 

We conducted the experiments using the UCI Student Performance Dataset [13, 14], which includes demographic, 

social, and academic factors of Portuguese secondary school students. The dataset consists of two parts: courses in 

mathematics (mat) and Portuguese (por). The features are numerical and categorical variables, such as study time, past 

failures, parental education, travel time, and grades (G1, G2, G3). 

Table 2. Summary of Dataset Features. 

Feature Type Examples Count Description 

Demographic sex, age, address, famsize 5 Gender, age, family size, residential type 

Parental & Social Medu, Fedu, Mjob, Fjob, guardian 5 Parental education and occupation 

Behavioral 
traveltime, studytime, failures, 

absences 
4 Student habits and performance history 

Social & Support schoolsup, famsup, paid, activities 4 Support programs and activities 

Academic G1, G2, G3 3 First, second, and final grades 

Total — 21 Combined features from both subsets 

3.3. Data Preprocessing 

The preprocessing stage includes the following steps: 

 

 Data cleaning — Removing missing or inconsistent entries. 

 Encoding categorical features — Applying one-hot encoding for non-ordinal categorical variables and 

ordinal encoding where applicable. 

 Feature scaling — Standardizing numerical features for XGBoost and CatBoost compatibility. 

 Train–test split — Splitting data into training (70%) and testing (30%) sets, with stratification based on the 

target variable. 

 Balancing classes — Applying the synthetic minority over-sampling technique (SMOTE) [12] to address 

class imbalance, as recommended in prior studies [1]. 

3.4. Prediction Layer: Ensemble Model Design 

The following three algorithms form the hybrid ensemble. 

3.4.1. Random Forest (RF) 

A collection of decision trees trained using bagging to decrease variance [37]. A bootstrapped sample is used to 

train each tree, and for all trees, the most votes are taken (for classification) or the mean (regression). The output of RF 
is given as follows: 

 

 

1

1
ˆ ( )

T

t

t

y h x
T 

   
(1) 

 

where    is the  -th decision tree,   is the total number of trees, and   is the input feature vector. 

3.4.2. XGBoost 

A gradient-boosted trees algorithm that creates trees one at a time, wherein each new tree helps correct errors made 

by previously trained trees. The loss function is given by, which combines a loss term and a regularization term. 
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where   is the loss function, Ω is the regularization term, and    represents the  -th tree. 

3.4.3. CatBoost 

CatBoost can be optimized using ordered boosting and target encoding to prevent overfitting, and it works well 
with categorical features. CatBoost supports categorical variables by default, simplifying preprocessing. 

3.5. Ensemble Integration Strategy 

The three constituent models are combined through a soft-voting ensemble mechanism where the predicted 

probabilities of each class for all constituent models are averaged, and then the class corresponding to the maximum 

average probability is output as the final prediction. 
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where   is the number of models,   is a class label, and     is the predicted probability from model  . 

3.6. Explanation Layer: SHAP and LIME 

 SHAP — Based on Shapley values from cooperative game theory, SHAP assigns an importance value to each 

feature by averaging the marginal contributions across all feature subsets: 
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where    is the SHAP value for feature  ,   is the set of all features, and   is a subset of   without  . 

 LIME — This approach locally perturbs the input data, passing it into a complex model whose predictions are 

to be explained, and fits an interpretable (lower-bias) model (e.g., linear regression) around the prediction. 

 

 ˆ argmin ( , , ) ( )g e xg L f g g   (5) 

 

where: 

 

g is the interpretable model selected from the class   

         is a locality-weighted loss function 

  is the proximity measure defining the locality around instance   

    is a complexity penalty term to ensure interpretability 

3.7. Evaluation Metrics 

The framework was evaluated by using multiple metrics to ensure a comprehensive assessment. 

Accuracy: 

 

 
Accuracy

TP TN

TP TN FP FN




  
 (6) 

 

Precision: 

 
 

Precision
TP

TP FP



 (7) 

 

Recall: 

 

 
Recall

TP

TP FN



 (8) 

 

F1-Score: 

 

 Precision Recall
1 2

Precision Recall
F


 


 (9) 

 

ROC-AUC: Area under the Receiver Operating Characteristic curve, assessing model discrimination capability. 

4. Experimental Setup 

In this section, we describe the experimental setup for assessing the proposed hybrid explainable AI (XAI) 

framework. Specifically, we describe the computational environment, software tools, dataset preparation, and 

hyperparameter tuning with a specific validation strategy, and finally the baseline models for benchmarking, to establish 

the experimental workflow. This is important for reproducibility and methodological transparency, which are 

considered best practices in educational data mining [21, 23] and explainable AI research [9-11]. 
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4.1. Computational Environment 

The experiments were conducted in a controlled local computing environment to ensure consistency across 

different phases of the model training, tuning, and evaluation. The specifications are as follows: 

 

 Processor: Intel® Core™ i9-12900K CPU, 16 cores / 24 threads, 3.20 GHz base frequency 

 Graphics Processing Unit (GPU): NVIDIA GeForce RTX 3080 Ti, 12 GB GDDR6X VRAM 

 System Memory: 64 GB DDR5 RAM 

 Storage: 2 TB NVMe SSD (PCIe 4.0) for rapid data access and intermediate storage 

 Operating System: Ubuntu 22.04 LTS, 64-bit 

 
This configuration ensured sufficient computational resources for ensemble model training and for SHAP 

computations, which are known to be computationally intensive for large models. 

4.2. Software Tools and Libraries 

The framework was implemented in Python 3.11, utilizing well-established machine learning and visualization 

libraries. 

 

 Scikit-learn 1.5.0 — Preprocessing, evaluation metrics, and Random Forest implementation [38] 

 XGBoost 2.0.3 — Gradient boosting algorithm with GPU acceleration [7] 

 CatBoost 1.2.3 — Efficient categorical feature handling without extensive preprocessing [20] 

 Imbalanced-learn 0.12.0 — Synthetic Minority Oversampling Technique (SMOTE) for class balancing [12] 

 SHAP 0.44.0 — Shapley value computation for global and local feature importance [10, 11] 

 LIME 0.2.0.1 — Local interpretable model-agnostic explanations for instance-level interpretability [9] 

 Matplotlib 3.8.3 and Seaborn 0.13.2 — Data visualization and interpretability plotting 

 

Thus, we selected LIME to ensure dimensional consistency with regard to case-level attributions and the SHAP 

method, which would provide global metric-level consistency across the model. 

4.3. Dataset Preparation 

For our industry benchmark, we chose the UCI Student Performance Dataset [13, 14] because it contains rich 

demographic, academic, and socioeconomic features and is also popular for educational prediction studies [1,15,16]. 

Key preprocessing steps included: 

1. Label Definition — the final grade (G3) target variable, encoded into binary classification 

 

o Pass: G3 ≥ 10 

o Fail: G3 < 10 

 

We made this binary transformation because it more closely matched early-warning system objectives in practice, 

where predicting the exact grade is less operationally relevant than identifying students at risk of achieving failing 

grades. Educational interventions tend to work by flagging children for potential failure rather than generating ongoing 

estimates from grade distributions. However, binary classification is a simplification of the prediction landscape that 

can create an overestimation in classification metrics when performing regression-based modelling. In future work, 
regression, ordinal, and multiclass stratified prediction strategies will be compared with respect to observed differences 

in performance and robustness across alternative modelling paradigms. 

2. Handling Categorical Data — 

o One-hot encoding of nominal variables (e.g., sex, address, school). 

o Ordinal encoding of ordered variables (e.g., parental education levels). 

3. Feature Scaling — Continuous variables were standardized to improve the model stability for XGBoost and 

CatBoost. 

Table 3. Class distribution before and after SMOTE application. 

Class Before SMOTE Percentage After SMOTE Percentage 

Pass 395 68% 395 50% 

Fail 185 32% 395 50% 
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Table 3 shows the number of instances per class before and after applying the synthetic minority over-sampling 

technique (SMOTE). The dataset is slightly biased towards the ―Pass‖ label. To overcome this imbalance and simulate a 

more realistic environment for the machine learning model to learn, we applied SMOTE [16] only to the training set to 

obtain an equal distribution of 50-50 class balance. Additionally, note that no synthetic samples were added to the test 

set to prevent the introduction of optimistic bias and maintain an unbiased estimate of the actual expected performance 

in real-life scenarios. Though oversampling helps increase minority representation, it also strengthens existing noise in 

the minority class; therefore, statistical validation and cross-fold evaluation were performed to reduce possible bias 

amplification. 

 

4. Class Balancing — Applied SMOTE to the training set to mitigate class imbalance between pass and fail 

classes, thereby improving classifier fairness [12]. 

5. Feature Retention — All features were retained in the final model to preserve completeness in the SHAP 

interpretability analysis. 

4.4. Hyperparameter Tuning 

To optimize the hyperparameters for each of these base models, we used 5-fold cross-validation and Bayesian 

optimization as tuning methods. We optimized for the macro-averaged F1-score to guarantee balanced performance 

across classes. 

 

 Random Forest: number of trees, max depth, min samples to split, max features per split 

 XGBoost: learning rate, max depth, subsample ratio, column sample ratio, and min child weight 

 CatBoost: iterations, depth, learning rate, and L2 strength. 

 

Bayesian Optimization was chosen for being much more efficient than brute force grid search with regard to 

exploration of the high-dimensional parameter space. 

4.5. Validation Strategy 

The validation method was crafted to ensure transferability as follows: 

 

 Train-Test Split: 70% training and 30% testing, stratified to maintain class distributions. 

 Cross-Validation: During hyperparameter tuning [39], we performed five-fold cross-validation on the 

training set. 

 Hold-Out Test Set: Final evaluation was performed exclusively on the unseen test set to simulate deployment 

conditions. 

 

This combination strikes the right balance between computational efficiency and a robust performance estimate 

[24, 25]. 

A full nested cross-validation was not performed in this study, which may cause some degree of optimistic bias in 

hyperparameter optimization. To address this risk, we restricted Bayesian optimization to the training folds of cross-

validation and evaluated the final model performance on a completely unobserved holdout test set. No test data was 

leaked during the model selection. Although this strategy limits the leakage risk, a fully nested cross-validation 
framework will be used in future work to further solidify the generalization guarantees. 

4.6. Baseline Models for Benchmarking 

To demonstrate the added value of the hybrid framework, the performance was compared with that of the 

following methods: 

 

1. Decision Tree (CART) [13] 

2. Logistic Regression [16] 

3. Support Vector Machine (SVM) with RBF kernel [1] 

4. Standalone Random Forest [6] 

5. Standalone XGBoost [7] 

6. Standalone CatBoost [20] 

 

These baselines span both interpretable and black-box models, enabling a fair performance–interpretability 

comparison. 
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4.7. Evaluation Metrics 

The following metrics were computed: 

 

 Accuracy — Overall proportion of correctly classified instances. 

 Precision — Ratio of correctly predicted positive instances to all predicted positives. 

 Recall — Ratio of correctly predicted positives to all actual positives. 

 F1-Score — Harmonic mean of precision and recall. 

 ROC-AUC — Model‘s ability to discriminate between classes across thresholds. 

 

In addition to these quantitative metrics, interpretability was qualitatively assessed as follows: 

 

1. Global SHAP Analysis — Average absolute Shapley values to rank feature importance. 

2. LIME Case Studies — Local explanations for randomly selected passing and failing students. 

3. Human-Readability Assessment — Evaluation of explanation clarity for non-technical educational 

stakeholders [33, 34]. 

4.8. Experimental Workflow 

The complete experimental procedure is summarized in Figure 2. 

 

 

Fig. 2. Experimental Workflow Diagram. 

Workflow showing data preprocessing, model training, ensemble integration, explanation generation, and 

performance evaluation. 

5. Results and Discussion 

In this section, we present the results of our proposed hybrid explainable AI (XAI) framework for predicting and 

interpreting student academic performance using the UCI Student Performance Dataset. The results are discussed in the 
context of predictive accuracy, statistical validation, interpretability metrics (SHAP and LIME), and a comparison with 

previous studies. 

5.1. Predictive Performance Analysis 

The hybrid framework was evaluated and compared with six baseline models: decision tree (CART), logistic 

regression, support vector machine (SVM) (radial basis function kernel), random forest, XGBoost, and CatBoost. 

Accuracy, precision, recall, F1-score, and ROC-AUC were the evaluation metrics used, as described in Section 4.7. 

Table 4 shows the average results from five-fold cross-validation, confirmed with the holdout test set. 
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Table 4. Performance metrics for the hybrid framework and baseline models. 

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) ROC-AUC 

Decision Tree 82.1 80.4 81.2 80.8 0.872 

Logistic Regression 84.3 83.6 83.9 83.7 0.884 

SVM (RBF) 86.5 85.9 86.2 86.0 0.902 

Random Forest 88.2 87.5 88.0 87.7 0.918 

XGBoost 89.5 88.7 89.2 88.9 0.929 

CatBoost 90.1 89.6 89.9 89.7 0.936 

Proposed Hybrid 91.8 91.1 91.5 91.3 0.953 

 

Interpretation: 

 

 The hybrid framework achieved the highest accuracy of 91.8%, which is an improvement of ~ 1.7% over 

CatBoost, the strongest baseline. 

 The macro F1-score improvement of ~6% over the decision tree model shows its robustness in balancing false 

positives and false negatives. 

 An ROC-AUC score of 0.953 reflects excellent class separation ability, which is essential for identifying at-

risk students. 

5.2. Statistical Validation 

A Wilcoxon signed-rank test was performed to determine whether the performance differences observed between 

the proposed hybrid framework and baseline models were statistically significant, based on fold-level performance 

scores calculated during cross-validation. We used the Wilcoxon test because it is a nonparametric test that can be used 

for paired comparisons (when the samples are not normally distributed) [39]. 

The comparison showed significant improvements in the hybrid framework over the base models. The hybrid 

model consistently outperformed individual models in each fold across cross-validation (n = 5), demonstrating the 
robustness of the performance gains, despite the limited sample size. 

Finally, to validate the generalization ability, a final evaluation was performed on a completely unseen holdout test 

set. 

5.3. ROC Curve and Threshold Analysis 

The ROC curves visualize the trade-off between the true positive rate and false positive rate for all models. 

 

 

Fig. 3. ROC Curves for Hybrid and Baseline Models. 

The ROC curve of the hybrid framework continuously dominated all the baselines and demonstrated a significantly 

superior prediction ability for any threshold setting. At deployment, institutions can choose a recall-prioritizing 

threshold that maximizes the identification of at-risk students. 
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5.4. SHAP-Based Global Interpretability 

In the hybrid model, we obtained a global view of the important features through SHAP analysis. 

 

 

Fig. 4. SHAP Summary Plot. 

Key findings from SHAP analysis: 

 

 G2 (second-period grade) was the strongest predictor, consistent with earlier studies [13, 1]. 

 Other important features included study time, failures, absences, and parental education. 

 Higher study time and educated parents increase the probability of passing, whereas absences and past failures 

reduce it [40]. 

5.5. LIME-Based Local Interpretability 

LIME was applied to generate local explanations for individual students. 

 

 

Fig. 5. LIME Local Explanation Example. 
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Case Example: 

 

 Passing student: Influenced by a high G2 score, stable attendance, and moderate study time. 

 Failing student: Driven by multiple failures, low study time, and high absence rates. 

 

These insights will enable educators to tailor interventions based on individual student profiles. 

5.6. Quantitative Evaluation of Explanation Quality 

In addition to qualitative visualization, we quantitatively measured explanation robustness and consistency as 

indicators of interpretability reliability. 

In addition, the addition of quantitative validation is in line with best practices that are beginning to emerge in 

explainable AI benchmarking. More recent work in this area has highlighted the need to assess explanation fidelity and 

consistency across folds and methods when applying post-hoc interpretability tools [36, 38]. Moreover, systematic 

studies on explainable AI methods have evidenced that a cross-method evaluation is needed to prevent the 

misapplication of interpretations within real practice [26, 27]. Against the new evaluation criteria proposed recently, 

this study frames its interpretability analysis by offering metrics in the realms of stability, fidelity, and correlation. 

 

1. Explanation Stability (SHAP): 
SHAP-based feature rankings were compared across the five cross-validation folds. Four out of the five 

features had a standard deviation of the mean absolute SHAP values across folds below 0.012, indicating that 

we were able to obtain a stable ranking with respect to feature importance. 

2. Local Fidelity (LIME): 

The LIME solutions were local surrogate models that approximated the ensemble model well within each of 

the 25 random neighborhoods [33]. The average R² between LIME and the ensemble was 0.91, indicating that 

the explanations reflected model behaviour. 

3. Cross-Method Consistency: 

The Spearman rank correlation between global SHAP feature rankings and aggregated LIME importance 

values was 0.83 (p < 0.01), indicating strong agreement in the explanation techniques. 

Such quantitative attributes affirm that utilizing SHAP with LIME generates more robust and complementary 
prediction attributions as opposed to superficially replicating explanation outputs without assessing their 

robustness. 

5.7. Comparison with Previous Work 

As presented in Table 5, a comparison of the proposed hybrid framework with significant studies in this area was 

conducted. 

Table 5. Proposed framework vs relevant literature briefly. 

Study & Year Dataset Used Model(s) Applied 
Interpretability 

Method(s) 
Accuracy (%) Key Limitation 

Kesgin et al. (2024) 

[1] 

Synthetic & 

Institutional Data 

Logistic 

Regression, 

Random Forest 

SHAP 87.2 

No hybrid 

ensemble, moderate 

accuracy 

Johora (2023) [17] 
Institutional 

Dataset (non-UCI) 

XGBoost, Random 

Forest 
SHAP, LIME 88.4 

No benchmarking 

on UCI dataset 

Mastour et al. 

(2023) [30] 

Institutional 

Dataset 
Stacking Ensemble SHAP, LIME 89.1 

Complex model, 

limited 

reproducibility 

Fan et al. (2023) 

[15] 

UCI Student 

Performance 

Dataset 

CatBoost + PSO 

Optimization 
None 90.3 

Lacks 

interpretability 

W. Ahmed (2025) 

[31] 

UCI Student 

Performance 

Dataset 

XGBoost SHAP 90.8 
No dual-method 

interpretability 

Proposed Study 

(2025) 

UCI Student 

Performance 

Dataset 

Hybrid Ensemble 

(RF + XGBoost + 

CatBoost) 

SHAP, LIME 91.8 

Addresses both 

performance & 

interpretability 

Discussion: 

To address the shortcomings of previous studies, we present a hybrid framework that exhibits good interpretability 

with two modes (SHAP+LIME) and high predictive performance. While previous work has either shown competitive 

predictive accuracy or focused on interpretability approaches in isolation, this study integrates both. The current study 

provides a systematic integration framework that focuses on harmonizing heterogeneous ensemble learning and 
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complementary explainability mechanisms under rigorous statistical validation. Thus, the work is framed more as a 

methodological consolidation and validation advance than as the proposal of an entirely new solution technique. 

5.8. Practical Implications 

The hybrid XAI framework supports: 

 

 Early warning systems for at-risk students. 

 Personalized learning plans based on interpretable insights. 

 Policy compliance with explainability requirements under GDPR. 

 Stakeholder engagement through accessible visual explanations. 

 

By addressing the five research gaps identified in Section 2.4, this framework can be positioned as a deployable 

and impactful tool for educational institutions. 

5.9. Ablation Study 

To evaluate the contribution of each base learner in the hybrid ensemble, we performed an ablation analysis. The 

hybrid model consists of random forest (RF), extreme gradient boosting (XGB), and CatBoost (CB). We removed one 

component at a time and measured the performance on the same test set. 

Table 6. Ablation study results for the hybrid ensemble. 

Configuration Accuracy (%) F1 (%) ROC-AUC 

Full Ensemble 91.8 ± 0.6 91.3 ± 0.7 0.953 ± 0.005 

XGB + CB 90.9 ± 0.5 90.4 ± 0.6 0.946 ± 0.006 

RF + CB 90.1 ± 0.7 89.7 ± 0.8 0.938 ± 0.007 

RF + XGB 90.4 ± 0.6 89.9 ± 0.7 0.941 ± 0.006 

 

Interpretation: 
 

 All components contribute meaningfully to the overall performance. 

 The full ensemble provides an accuracy improvement of 0.9–1.7% over any two-model combination. 

 CatBoost appears to be the strongest single learner; however, synergy with RF and XGB yields the highest 

gains. 

5.10. Complexity Analysis 

Although accuracy and interpretability are important, computational efficiency is crucial for real-world 

deployment in academic institutions. 

Table 7. Computational complexity and efficiency. 

Model Training Time (s) 
Inference Time per Student 

(ms) 
Model Size (MB) 

Decision Tree 0.8 0.5 1.2 

Logistic Regression 0.6 0.4 0.9 

SVM (RBF) 2.5 1.1 4.7 

Random Forest 4.8 1.3 12.4 

XGBoost 6.1 1.5 14.8 

CatBoost 5.9 1.6 15.2 

Hybrid Ensemble 16.2 2.7 42.4 

 

Key Observations: 

 

 The hybrid model is ~3x slower to train than the fastest baseline; however, training is performed offline; 

therefore, this does not impact deployment. 

 The inference time remains below 3 ms per student, making it viable for real-time academic dashboards. 

 

The model size is larger because it stores three base learners; however, it is still manageable for institutional 

servers. 
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5.11. Feature Leakage and Temporal Considerations 

One potentially problematic feature is G2, as it has the highest temporal proximity to G3 (the final grade). Given 

that G2 is the second-period assessment immediately before the final exam, models that include G2 may partly reflect 

immediate academic trajectory and not risk patterns early in the semester. 

Early intervention aspect: depending on academic scores that are too close in time may further limit the 

framework's capability to serve as an early intervention system and provide actionable outputs in a timely manner. 

Although adding G2 increased the predictive power, the true practice of an EW detection system should carefully 

incorporate this, given that we would be contending with academic detection timing and availability in the real world. 

In future work, we will systematically examine model performance in experiments that remove one or more 

features from the input (for instance, removing G2 and all near-terminal indicators) to provide quantitative metrics for 

accuracy–timeliness trade-offs for potential interventions. Such controlled analyses will clarify the types of academic 
monitoring scopes to which this model generalizes. 

5.12. External Validity and Generalizability Considerations 

The UCI Student Performance dataset is commonly used as a standard benchmark; however, it represents a small 

and specific cohort. The experimental findings demonstrate internal validity with respect to this benchmark setting; 

however, the framework requires empirical validation across large-scale, multi-institutional, and culturally diverse 

educational systems to establish stronger external generalizability. Longitudinal academic records, multi-country 

institutional datasets, and real-world learning management system (LMS) data should be utilized in future studies to 

evaluate the proposed approach. 

6. Conclusion and Future Work 

6.1. Conclusion 

Using a hybrid explainable artificial intelligence (XAI) framework, we predicted and explained student academic 

performance using data from the UCI Student Performance Dataset. The proposed framework consists of a triple soft-

voting ensemble of three different models — random forest, XGBoost, and CatBoost — with SHAP and LIME for 

global and local interpretability. 

The experimental results indicate that the proposed hybrid model significantly outperformed six competitive 

baselines, including CatBoost and XGBoost, achieving an accuracy of 91.8%. The ROC-AUC score of 0.953 confirms 

that the model has a good ability to differentiate between students who can pass and those at risk of failing. The 

interpretability analysis indicated that G2 score, study time, number of prior failures, absences, and parental education 

were among the most influential predictors of academic outcome. 

Existing methods in the literature have some limitations. 
 

 The black-box nature of high-performance models hinders their practical use in educational contexts. 

 Some XAI-integrated models performed poorly in terms of accuracy, which would limit their use in predictive 

applications. 

 Only a few studies have integrated a mix of high-performance gradient boosting and bagging algorithms with 

dual interpretability methods on the UCI dataset. 

 

Accordingly, this study provides a balanced predictive and interpretability framework suitable for institutional 

deployment in alignment with ethical AI principles and regulatory requirements such as the GDPR‘s ―right to 

explanation.‖ 

6.2. Future Work 

Although the results are promising, there are several paths for improvement: 

1. Dataset Expansion 

o Incorporate multi-institutional datasets from different countries to improve generalizability. 

o Integrate time-series academic records to model progression trends over semesters. 

2. Inclusion of Non-Cognitive Features 

o In addition to learning progress, include psychological, behavioral, and engagement metrics in the feature 

set, for example, motivation surveys, information about extracurricular activities, demeanour, and LMS 

usage patterns. 
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3. Advanced Model Architectures 

o Use neural–symbolic AI to handle multiple heterogeneous knowledge representations, enabling graphical 

and hierarchical structures to reflect the relational interactive nature among students, courses, and 

teachers. 

o Explore AutoML pipelines for feature engineering and hyperparameter tuning with best practices without 

requiring human intervention. 

4. Explainability Extensions 

o Combine SHAP and LIME with counterfactual explanations to offer actionable recommendations for 

performance improvement. 

o Develop dashboard-based visualization tools for educators to interactively explore prediction rationales. 

5. Real-Time Deployment 

o The framework should be implemented as a web-based early warning system integrated with school or 

university management platforms. 

o Support real-time alerts for at-risk students to enable timely interventions by counsellors and instructors. 

6. Longitudinal Impact Assessment 

o Conduct impact studies to evaluate the effectiveness of interventions guided by the framework in multiple 

academic terms. 

o Improve the measures beyond accuracy metrics to include student retention rates, engagement, and 

satisfaction. 
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