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Abstract

For the binary classification problem of student academic early warning, this
paper proposes an ensemble learning model based on Stacking. The model incor-
porates students’ family background, academic performance, and environmental
factors. This study employs BernoulliNB and HistGradientBoost to construct
base learners, with Logistic regression as the meta-learner for ensemble clas-
sification, and compares it with other baseline models. Experimental results
demonstrate that the model achieves an accuracy of 93.9%, which is 7.99%,
6.61%, 2.20%, and 2.47% higher than the K-nearest neighbors algorithm, de-
cision tree model, random forest, and Light GBM model, respectively; and the
F1-score reaches 0.95, indicating the model’s high application value in student
academic performance prediction.
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Abstract

Addressing the binary classification problem of student academic early warning,
this paper proposes a Stacking-based ensemble learning model that incorpo-
rates students’ family background, academic performance, and environmental
factors. The model employs Bernoulli Naive Bayes and HistGradientBoosting
as base learners, with Logistic regression serving as the meta-learner for inte-
grated classification, and compares its performance against other benchmark
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models. Experimental results demonstrate that the model achieves an accuracy
of 93.9%, surpassing K-nearest neighbors, decision tree, random forest, and
Light GBM models by 7.99%, 6.61%, 2.20%, and 2.47%, respectively. Further-
more, the F1 score reaches 0.95, indicating high application value for student
academic prediction.

Keywords: Stacking Ensemble Learning; Educational Data Mining; Academic
Prediction

1. Introduction

The primary objective of educational institutions is to equip students with com-
prehensive knowledge and the ability to apply that knowledge to solve real-world
problems. With the rapid development of internet technology, educational insti-
tutions at all levels have established information platforms that enable teachers
to assign and grade homework, administer examinations, and compile statistics;
allow students to conveniently submit assignments, organize error logs, and con-
solidate their learning; and empower administrators to quantify the workload
and progress of both teachers and students. Through data exchange with other
institutions and mining of platform data, schools can develop more suitable
teaching plans for their faculty and student body. As each cohort of students
graduates and new cohorts enroll, these platforms accumulate vast amounts of
data related to both teachers and students. The rational utilization of this
data’s latent information can effectively improve student academic performance
and teaching quality.

2.1 Stacking Principle

Stacking (Stacked Generalization) is an ensemble learning technique that com-
bines multiple models. First, the original dataset is partitioned through five-
fold cross-validation to train several diverse base learner models. Subsequently,
the outputs from these base learners serve as a new training set for training
a meta-learner model, with the final prediction result being the output of this
meta-model. The five-fold cross-validation process is illustrated below.

[Figure 1: see original paper]

The Stacking model can incorporate various types of models, including linear,
non-linear, and tree-based models, thereby leveraging the strengths and charac-
teristics of different models to enhance prediction performance. Additionally,
the predictions from multiple models can provide more explanatory information
in the final stage, resulting in better interpretability.

2.2 Construction of Base Learners and Meta-Learner

In Stacking ensemble models, base learners and meta-learners are organized in
multiple layers, where the input of each subsequent layer is determined by the
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output of the previous layer. However, an excessive number of layers increases
model complexity, reduces interpretability, and leads to prohibitively long train-
ing times. Therefore, this study employs a single layer of base learners and
meta-learners.

To enhance model generalization capability, we utilize two base models:
Bernoulli Naive Bayes and Histogram-based Gradient Boosting. Bernoulli
Naive Bayes is a binomial distribution classifier based on Bayes’ theorem,
applicable when input data follows a binomial distribution and suitable exclu-
sively for binary classification problems. In practical applications, Bernoulli
Naive Bayes classification is also widely employed in neural network research.
Histogram-based Gradient Boosting is a novel gradient boosting tree algorithm
proposed by the scikit-learn team in 2020. Compared with traditional gradient
boosting trees, it demonstrates superior performance when handling high-
dimensional, large-scale discrete data, supports adaptive processing of missing
values, and exhibits robust characteristics. For the meta-learner, we adopt
a relatively simple Logistic regression model to prevent overfitting. During
the training process of the Stacking ensemble learning model, we employ the
GridSearchCV algorithm to select optimal parameters for both base learners
and the meta-learner. The overall framework of the model is shown below.

[Figure 2: see original paper]

3. Data Processing and Feature Engineering

Feature engineering refers to the process of extracting experimental features
from raw datasets, where these features can effectively represent the data con-
tent. The primary steps include data preprocessing, feature analysis, and feature
transformation.

3.1 Dataset Introduction

The dataset utilized in this study is sourced from the open data platform Kaggle,
titled “Predict students’ dropout and academic success.” This dataset provides
comprehensive information about undergraduate students in higher education
institutions, encompassing 35 features related to student basic information, cam-
pus learning behavior, and local economic characteristics. These data facilitate
in-depth understanding of factors influencing student academic completion and
exhibit high authenticity and reliability.

3.2 Data Preprocessing

Data preprocessing primarily includes data cleaning, data integration, and data
transformation. Data cleaning involves handling missing values, outliers, ir-
relevant values, noise, and duplicate data. Data integration consolidates data
from different sources into a unified database table. Data transformation com-
presses or expands extremely large or small numerical data to enable models to
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better learn data characteristics. This study first performs normalization and
standardization scaling on the data.

3.3 Pearson Correlation Calculation and Feature Transformation

Before model training, it is common practice to screen and select dataset features
by removing low-correlation and redundant features, thereby reducing model
training complexity and enhancing interpretability. Therefore, this study em-
ploys the Pearson correlation coefficient to calculate feature associations. The
Pearson correlation coefficient is a statistical method for measuring linear corre-
lation between two variables, with a value range of [-1, 1]. A positive coefficient
indicates positive correlation, a negative coefficient indicates negative correla-
tion, and a coefficient of zero indicates no linear correlation. Evidently, certain
student features in the raw dataset exhibit high correlation and require merging.
The correlation heatmaps of dataset features are shown in the figures.

[Figure 3: see original paper]
[Figure 4: see original paper]

As shown in Figure 3, the similarity between parents’ qualification and occupa-
tion information (Father’s/Mother’s qualification/occupation) is relatively high.
Figures 3 and 4 reveal redundancy among various attributes of students’ two-
year learning behavior (Curricular 1st/2nd sem units). Consequently, this study
merges these feature information through summation and proposes new feature
columns, family_{{{edu}}_{{background}}} and Curricular units, to pre-
serve this information.

3.4 Categorical Feature Description

Based on the aforementioned feature transformations, this study categorizes
data features into three major categories: student basic information, campus
learning behavior, and local economic characteristics. Specific feature informa-
tion is detailed in the tables below.

4. Experiments and Results Analysis

The experiments were conducted on a computer with an Intel i7-10750H proces-
sor and 40GB RAM, running a 64-bit Windows 10 operating system. The model
was constructed using Jupyter Notebook with Python 3.10, employing libraries
including pandas, numpy, matplotlib, seaborn, and scikit-learn. The dataset
contains 76,518 records, randomly split with 90% allocated as the training set
and the remaining 10% as the test set for model validation.

4.1 Model Generalization Ability Evaluation Metrics

The research objective is to predict whether students can successfully gradu-
ate based on their relevant features, classifying predictions into two categories:
graduation (P) and dropout (N), constituting a standard binary classification
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problem. The confusion matrix for this binary classification prediction problem
is presented below.

This study employs five commonly used evaluation metrics to assess model per-
formance: Accuracy, Recall, Precision, F1 score, and AUC score. Accuracy
represents the proportion of correctly predicted samples to total samples. Re-
call, also known as sensitivity, geometrically represents the proportion of actual
positive cases correctly identified by the model. Precision refers to the pro-
portion of correctly predicted positive cases among all predicted positive cases.
The F1 score is the harmonic mean of recall and precision, frequently applied
in imbalanced data scenarios as a comprehensive performance indicator. AUC
(Area Under the Curve) refers to the area under the ROC (Receiver Operating
Characteristic Curve), with values ranging from 0 to 1. When AUC equals 0.5,
the model performs equivalently to random guessing; values closer to 1 indicate
stronger ability to distinguish between positive and negative classes. Although
AUC is unaffected by class imbalance, it is only applicable for evaluating binary
classification problems.

4.2 Model Hyperparameter Settings

Model hyperparameters are parameters set before the learning process begins.
Researchers assign specific values to these parameters to enhance model learning
and performance. Common parameter tuning methods include GridSearchCV
and RandomizedSearchCV. In recent years, population optimization algorithms
with shorter runtime and better convergence, such as the Sparrow Search Algo-
rithm (SSA) and Mantis Optimization Algorithm, have gained significant atten-
tion in deep learning research. This study utilizes the GridSearchCV method for
parameter tuning. The optimal hyperparameters for each learner are detailed
in the table below.

4.3 Model Generalization Ability Analysis

Ensemble learning combines the strengths of multiple learners through specific
strategies, leveraging their respective advantages to improve classifier perfor-
mance. Therefore, the integrated classifier should outperform individual clas-
sifiers. To verify the prediction performance of the proposed Stacking ensem-
ble model, this study compares it against KNN, SVC, Decision Tree, Gradient
Boosting, and Light GBM on the dataset to demonstrate the superiority of our
design. Finally, based on the metrics defined in Section 4.1, we compare the ac-
curacy, recall, precision, F1 score, and AUC score of each classifier, as illustrated
in the figure.

[Figure 5: see original paper]
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5. Conclusion

As an emerging field in recent years, educational data mining aims to deeply
explore student academic performance and capabilities. This study leverages
student educational data to propose a Stacking ensemble learning model. The
model employs Bernoulli Naive Bayes and Histogram-based Gradient Boosting
as base learners, with Logistic regression as the meta-learner. Parameter tuning
via grid search yields satisfactory results. The findings demonstrate that the
proposed model achieves an accuracy of 93.9% and an F1 score of 0.95, surpass-
ing other advanced methods. This research not only contributes to the further
development of educational data mining but also provides valuable reference for
university faculty in improving teaching quality and students’ comprehensive
literacy.
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