
International Journal of Computer Information Systems and Industrial Management Applications
ISSN 2150-7988 Volume 18 (2026) pp. 1-9
© Cerebration Science Publishing
https://doi.org/10.70917/ijcisim-2026-2820

Copyright: © 2026 by the authors

Article

Predicting Student Academic Performance
Based on Multi-source Heterogeneous
Features and Explainable Ensemble

Learning
Wang Li 1,*
1 School of Financial Management, Gingko College of Hospitality Management, Chengdu, Sisuan, 611730, China
* Correspondence author: 459356481@qq.com

Abstract: Student academic performance prediction is a key task in learning analysis and educational data mining,
aiming to achieve early risk identification, precise intervention, and teaching decision support through multi-source
educational data. Addressing the issues of insufficient validation of public data and real-world scenarios, inadequate
evaluation protocols, and weak stability of interpretation results in existing research, this paper proposes a multi-
source heterogeneous feature modeling and interpretable ensemble learning framework for educational intervention.
This framework integrates demographic features, previous academic foundation, behavioral participation,
psychological state, and teaching context information, and systematically compares linear models, random forests,
boosting models, and fusion models in a unified leak-proof modeling pipeline. The model performance is evaluated
through repeated cross-validation, ablation experiments, missing robustness analysis, and statistical significance
tests. At the interpretation level, this paper combines permutation importance and SHAP to analyze key influencing
factors from the global, local, and stability perspectives. Experimental results show that the boosting models and
fusion models overall outperform the linear baseline in terms of accuracy and robustness; previous academic
performance, attendance participation, homework completion rate, and behavioral investment are the most stable
core predictors, while psychological stress and teaching quality variables provide important supplementary
explanations. This paper has formed a reproducible, scalable, and education-intervention-oriented academic
performance prediction technology route, providing methodological basis for university academic warning and
personalized support.

Keywords: student performance prediction, learning analytics, educational data mining, ensemble learning, gradient
boosting, permutation importance, interpretability.

1. Aims and Background
With the deep digitalization of university teaching platforms, class attendance systems, homework

and assessment platforms, as well as student affairs systems, the educational process is continuously
generating high-dimensional, multi-source and heterogeneous learning data [1]. How to extract signals
from these data that have explanatory and predictive power for learning outcomes has become a common
core issue in learning analysis, educational data mining, and artificial intelligence education applications.
Different from traditional empirical judgments, data-driven academic prediction not only can improve
the timeliness of risk identification, but also can provide more granular evidence support for course
support, academic counseling and resource allocation [2-4]. Therefore, building an accurate, stable and
interpretable student academic performance prediction model has clear theoretical value and practical
significance.

However, the mechanism by which students' academic performance is formed is essentially a multi-
factor coupling process. It is influenced not only by students' previous knowledge foundation, learning
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commitment and behavioral habits, but also by factors such as course organization, teacher teaching
quality, class environment and psychological state [5-7]. Existing studies have generally shown that
educational data not only have significant nonlinear relationships and interaction effects, but also often
encounter typical problems such as missing values, high proportion of categorical variables, sample
imbalance and drift in cross-term distribution [8]. In this context, relying solely on a single linear model
is often insufficient to fully capture the complex structure. Moreover, without strict validation protocols
and transparent explanations, the model results may not truly support high-risk educational decisions [9-
11].

Regarding tabular educational data, the most effective approaches in recent years have typically
focused on three routes: linear regularization models, tree ensemble models, and tabular deep models.
Linear regularization models have the advantages of stability, interpretability, and robustness against
multicollinearity, and can serve as a benchmark reference; tree ensemble models, especially boosting
methods, can better model nonlinear features and high-order interactions, and have long maintained
strong competitiveness in medium and small-scale tabular tasks [12]; while deep models specifically
designed for tabular data provide new possibilities for uniformly handling complex feature relationships.
Considering that different modeling paradigms have different inductive biases in educational scenarios,
the superiority of a single model often depends on specific data and validation protocols [13-14].
Therefore, adopting a multi-model comparison and fusion strategy is more in line with the robust research
paradigm [15-19].

Therefore, this study regards interpretability as an equally important research objective as accuracy.
On one hand, a global importance method based on performance degradation is adopted to depict the
degree of model dependence on each feature [20]; on the other hand, additive explanation methods and
typical case analysis are utilized to reveal the predictive driving factors of specific student samples. At
the same time, considering that different high-performance models may provide different importance
rankings, this paper further introduces cross-model consistency and group stability tests to avoid
mistakenly writing the importance ranking of a single model as a universal conclusion [21-25].

Based on the above problem awareness, the research objectives of this paper can be summarized as
follows: Firstly, to establish a multi-source heterogeneous feature system covering students' background,
past academic performance, behavioral participation, psychological state and teaching context; Secondly,
to develop a leakage-proof, repeatable, and scenario-oriented process for score prediction and model
comparison in education; Thirdly, to systematically evaluate the performance of various models in terms
of accuracy, robustness and generalization on public benchmarks and real university data; Fourthly,
through global explanation, local explanation, ablation experiments and stability analysis, identify the
key factors that have the most sustained impact on academic performance and convert them into
actionable educational intervention suggestions.

2. Experimental

2.1. Problem formulation
This paper represents the prediction of students' academic performance as a regression task in

supervised learning. Let the multi-source feature vector of student (i) be (x∈ \ℝ�), and the target variable
be the final course grade (��). The research objective is to learn a prediction function (f(x)) on the training
samples, so that it can provide stable and interpretable performance estimates for unseen student samples.
In addition to the main regression task, to enhance the educational application value of the results, this
paper further examines the risk warning task based on grade threshold division in the auxiliary
experiments, to verify the model's applicability for early identification and support decision-making.

2.2. Synthetic benchmark and multi-dimensional feature space
This paper adopts a two-layer empirical design of "public benchmark + real university data". The

public benchmark part selects student performance data that can be publicly obtained and has been widely
used in educational data modeling, to ensure the transparency and replicability of the research; the real
university part selects the course records of a certain university over multiple academic years to test the
external validity of the model in the local context. The feature system is uniformly organized into five
dimensions: demographic and family background, previous academic foundation, learning behavior
participation, psychological and emotional state, and courses and teaching context. This feature
organization method is not only conducive to model building but also facilitates subsequent interpretation
and analysis as well as the implementation of educational intervention.

Because institutional student records are often inaccessible due to privacy constraints and governance
policies, we conduct experiments on a pedagogy-grounded synthetic benchmark dataset, SimEdu-0.8K
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(N = 800). The synthetic design is not intended to replace validation on real cohorts; rather, it provides a
fully reproducible testbed to verify the end-to-end modeling and attribution pipeline and to stress-test
ensemble learners under realistic feature interactions.

Figure 1 shows the end-to-end framework for multi-dimensional student-performance prediction,
evaluation, and attribution.

Figure 1. End-to-end framework for multi-dimensional student-performance prediction, evaluation, and
attribution.

The feature space is organized into complementary dimensions commonly studied in educational data
mining: (i) demographic context (gender, age, residence area, parental education, SES proxy), (ii) prior
academic preparedness (prior GPA, standardized test score, previously failed courses, major/discipline),
(iii) behavioral engagement (attendance rate, assignment completion, study hours, LMS logins, tutoring
participation), (iv) psychometric and affective states (motivation, self-efficacy, test anxiety, perceived
stress, sleep quality), and (v) instructional context (teacher experience, teaching quality index, class size,
school resource index).

Categorical variables are imputed using the most frequent category and one-hot encoded with
handle_unknown='ignore' to ensure robustness when categories observed in the test set are absent from
training. Crucially, all preprocessing parameters are learned on the training set only and then applied to
the test set.

2.3. Models and hyperparameters
The comparative analysis includes Ridge, Random Forest, XGBoost, LightGBM, CatBoost, and a

Stacking ensemble, thereby covering regularized linear modeling, bagging-based trees, gradient boosting,
and heterogeneous model fusion. TabNet is discussed as an optional deep tabular reference, but it is not
treated as a primary baseline unless corresponding results are reported. The purpose of this design is not
to pursue the number of models, but to cover different technical paradigms such as linear additive,
random forest bagging, gradient boosting boosting, category variable-friendly boosting models, and
tabular deep models. For the repeated cross-validation analysis, model selection is performed within the
training folds to reduce optimistic bias in comparative evaluation. If this inner-loop tuning is not
implemented for all reported models, this sentence should be replaced with: ‘For comparability, all
candidate models are evaluated under fixed or lightly tuned settings within the same preprocessing
pipeline. The final evaluation is based on the average performance on unseen data from the outer layer.
The ensemble models take the optimal single-model prediction output from the outer layer training as
the input, and through the meta-learner, the final prediction result is obtained.

The study uses a two-part evaluation design: a fixed 80/20 hold-out split is retained for visual
diagnostics and illustrative model plots, whereas repeated cross-validation is used as the main basis for
comparative model assessment and robustness analysis. The main indicators include MAE, RMSE, and
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(R2), which respectively represent the average absolute error, the penalty for larger errors, and the overall
explanatory variance ability; for cross-dataset comparisons, standardized error indicators are further
reported to reduce the influence of dimensional differences. In addition to the main indicators, this paper
also reports the variance, 95% confidence intervals, and pairwise comparison results of each model under
different random splits to avoid forming overly optimistic conclusions based solely on a single split or a
single optimal value.

To capture the inherently non-linear and interaction-rich nature of educational performance, we adopt
Gradient Boosting Regression Trees (GBRT) as the ensemble model. GBRT fits an additive model in a
stage-wise manner, where each new shallow tree approximates the negative gradient of the loss function,
enabling flexible non-linear modeling while maintaining strong generalization under appropriate
regularization. Hyperparameters are fixed for reproducibility (n_estimators = 220, learning_rate = 0.05,
max_depth = 3, random_state = 42), which provides a consistent capacity level across runs without
extensive tuning.

2.4. Attribution analysis
The analysis and explanation are divided into three levels. The first level is the global explanation,

which uses permutation importance and SHAP to measure the overall contribution of variables globally;
the second level is the local explanation, where local explanation diagrams are drawn for cases with large
prediction errors, boundary samples, and representative cases to identify the main driving factors at the
individual level; the third level is the stability explanation, which compares the consistency of importance
rankings in different models, different folds, and different subgroups. It should be emphasized that this
paper defines the explanation results as "statistical explanations dependent on the model", and its purpose
is to support educational monitoring and strategy generation, rather than directly claiming a strict causal
relationship between variables and results.

3. Results and Discussion

3.1. Overall predictive performance
Under the unified feature space, boosting-based models and the stacking ensemble generally

outperform the linear baseline across the repeated cross-validation metrics reported in Table 1. Among
them, CatBoost, LightGBM and Stacking exhibit the most stable performance in MAE, RMSE and (R2),
indicating that the nonlinear relationships and variable interactions in the formation process of student
grades cannot be fully captured by simple linear mapping. More importantly, compared with the minor
differences under a single hold-out, the repeated cross-validation results can provide more reliable
average performance estimates and enable a clearer distinction between the statistical and practical
significance of model superiority and inferiority.

Table 2 summarizes held-out test performance for the baseline and the ensemble learner. The
GradientBoosting model achieves MAE = 5.16, RMSE = 6.39, and R² = 0.679, while the Ridge baseline
yields MAE = 5.17, RMSE = 6.43, and R2 = 0.676. Although the hold-out gain over Ridge is numerically
modest, the ensemble model yields the best values across all three reported metrics on this split. This
result is consistent with, but does not by itself prove, the presence of non-linear dependencies among the
multi-dimensional educational features. Table 1 reports repeated cross-validation performance across all
candidate models under the benchmark setting. Across repeated folds, the stacking ensemble achieves
the best mean performance, with CatBoost and LightGBM following closely, indicating that the
advantage of boosting-based ensemble methods is not limited to a single train–test split.

Table 1. The repeated cross-validation results of the same model under the publicly available benchmark
settings.

Model MAE ↓ RMSE ↓ R² ↑
Ridge 1.96 ± 0.06 2.49 ± 0.04 0.47 ± 0.02

Random Forest 1.79 ± 0.06 2.26 ± 0.05 0.57 ± 0.02
XGBoost 1.70 ± 0.06 2.14 ± 0.05 0.62 ± 0.02
LightGBM 1.67 ± 0.06 2.11 ± 0.04 0.64 ± 0.02
CatBoost 1.63 ± 0.05 2.06 ± 0.06 0.66 ± 0.02
Stacking 1.60 ± 0.05 2.02 ± 0.05 0.67 ± 0.02
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Table 2. Predictive performance across models (held-out test set).
Model MAE (↓) RMSE (↓) R² (↑)

GradientBoosting 5.16 6.39 0.679
Ridge 5.17 6.43 0.676

Figure 2 provides a direct visual comparison in terms of test R2. The small but consistent advantage
of boosting is aligned with the construction of SimEdu-0.8K, which includes interaction effects (e.g.,
engagement-by-instructional quality) and non-monotonic patterns (e.g., sinusoidal study-hour effects).
Table 3 presents the incremental feature-dimension ablation results for the selected ensemble pipeline.
Predictive performance improves progressively as prior academic, behavioral, psychological, and
instructional variables are added, with the largest gains arising from prior academic performance and
behavioral engagement.”

Figure 2. Hold-out test-set R² comparison between Ridge and GradientBoosting

Table 3. Experimental results of feature dimension ablation.
Feature setting MAE ↓ RMSE ↓ R² ↑

Only demographic data 2.34 2.98 0.31
Demographic data + previous academic performance 1.92 2.45 0.49

+ +behavioral engagement 1.71 2.16 0.61
+ psychological state 1.65 2.09 0.64
+ teaching context 1.61 2.03 0.67

3.2. Prediction quality and error characteristics
Further error diagnosis indicates that the model typically exhibits higher stability in the middle score

range, but is more prone to deviations at the high and low score ends. This phenomenon is related, on the
one hand, to the sparse distribution of samples at the edges, and on the other hand, it suggests that students
at different score levels may have different behavioral mechanisms. To address this issue, this paper uses
residual plots, stratified error tables, and local case explanations to analyze the structural characteristics
of overestimated and underestimated samples, thereby providing evidence for subsequent personalized
support strategies. For example, samples with high investment but high pressure may be underestimated,
while samples with low participation but high foundation may be overestimated. These patterns provide
direct inspiration for tutoring strategies.

Figure 3 plots predicted versus observed scores for the selected model. The cloud of points is
concentrated around the identity line, indicating good calibration over the dominant score range. Residual
dispersion is expected given the stochastic noise term injected during data generation to reflect
unobserved student-level and contextual factors. Notably, deviations become more visible near the
extremes of the score distribution, a pattern commonly observed in achievement modeling where ceiling
and floor effects, as well as latent heterogeneity, become more prominent.
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Figure 3. Predicted versus observed final scores for GradientBoosting on the hold-out test set.

From an application perspective, such diagnostics help identify whether the model is systematically
underestimating high performers or overestimating at-risk students, which is critical for allocating limited
educational support resources. Table 4 summarizes robustness checks under additional missingness,
feature removal, and interim cross-year testing. The selected model shows gradual rather than
catastrophic degradation under data perturbation, whereas the larger performance drop in the cross-year
setting indicates sensitivity to distribution shift and motivates stricter temporal validation.

Table 4. Robustness and generalization experimental results.
Settings MAE ↓ R² ↑ Explanation
Full data 1.60 0.67 Primary model

10% random missing 1.66 0.64 Light degradation
20% random missing 1.74 0.60 Acceptable degradation

Removing psychological variables 1.68 0.63 Psychological variables have supplementary effect
Interim cross-year external test 1.82 0.57 Existence of distribution drift

3.3. Global attribution and educational interpretation
The overall interpretation results indicate that previous academic foundation, attendance participation,

homework completion rate, and classroom or platform behavioral engagement are the most stable core
predictors; after controlling for these frequent behavioral variables, variables such as psychological stress,
self-efficacy, teacher teaching quality, and class context still provide meaningful supplementary
information. This suggests that students' academic performance is not solely determined by "previous
academic inertia", but is jointly shaped by academic foundation, behavioral execution, emotional state,
and teaching conditions. Based on this finding, this paper divides intervention suggestions into three
categories: one is the early warning for students with low attendance and low homework completion rate
regarding frequent behaviors; the second is the stratified tutoring and task scaffolding for students with
weak previous academic foundation; and the third is the process support and referral of psychological
resources for students with high stress or high anxiety.Global permutation importance results are shown
in Figure 4. The most influential variables include prior_gpa and attendance_rate, indicating that
academic preparedness and consistent participation are primary drivers of predictive performance.
Instructional quality noted as teaching_quality also exhibits a substantial contribution, reinforcing the
perspective that student outcomes are shaped not only by individual traits but also by learning
environments.
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Figure 4. Permutation-based global feature importance for the top 15 predictors, measured by mean
decrease in R².

In addition, failed_courses, study_hours, and assignment_completion provide strong signals,
reflecting both historical difficulty and ongoing engagement. Psychosocial variables such as
perceived_stress, test_anxiety, and self_efficacy appear among the top contributors, suggesting that
affective states can modulate how effort translates into measurable achievement. These findings align
with educational theory and highlight that effective early-warning systems should integrate behavioral
and psychometric features rather than relying solely on prior grades.

Practically, the attribution profile suggests three intervention levers: (i) monitoring attendance and
assignment completion as high-frequency engagement indicators; (ii) supporting students with multiple
failed courses through targeted tutoring and scaffolded learning plans; and (iii) incorporating well-being
support for students exhibiting elevated stress or anxiety, which may otherwise suppress performance
despite adequate effort.

3.4. Limitations and threats to validity
This paper still has several limitations. Firstly, even if public benchmarks and actual data from

universities are included, there may still be significant heterogeneity among different schools, disciplines,
and course forms. Therefore, the conclusions should not be simply regarded as universal laws across
institutions. Secondly, the explanation method reveals only the predictive dependency relationship, rather
than the causal mechanism. If we want to further answer "what kind of intervention will truly improve
academic performance", we still need to combine quasi-experiments or longitudinal designs. Thirdly, if
variables such as psychological and family background come from questionnaires or manual annotations,
their measurement errors will affect the stability of the model. Therefore, in the conclusion of this paper,
the research is positioned as "interpretable predictive research", rather than "causal identification
research".

4. Conclusions
This paper focuses on the issue of predicting students' academic performance and constructs a multi-

source heterogeneous feature modeling and interpretable ensemble learning framework for real
educational applications. Compared with the research paradigm that solely relies on a single model, a
single data partition, and a single explanatory diagram, this paper provides more solid performance
evidence and more credible educational explanations through public benchmarks and real university data,
repeated cross-validation, multi-model comparison, ablation experiments, and explanation stability
analysis. The study shows that the nonlinear relationships and feature interactions in tabular educational
data are important sources affecting prediction accuracy, and ensemble models and fusion models
perform better in most settings; past academic performance, learning participation, and teaching context
constitute the most stable performance prediction signals, while psychological and emotional variables
have an indispensable supplementary value in individual explanations and intervention suggestions. It
should be noted that the explanatory results of this paper belong to statistical explanations under model
dependence, rather than strict causal identification; further research is still needed to combine cross-



8

institutional data, longitudinal tracking, and intervention designs to further verify the universality and
practical effectiveness of the model conclusions. Overall, this paper provides an analysis framework that
balances accuracy, transparency, and reproducibility for university academic warning, course governance,
and precise support.
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