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Abstract: This study examines the application of Educational Data Mining (EDM) to predict the aca-

demic performance of first-year students at the Catholic University of Bukavu and the Higher Institute 

of Education (ISP) in the Democratic Republic of Congo. The primary objective is to develop a model 

that can identify at-risk students early, providing the university with a tool to enhance student support 

and academic guidance. To address the challenges posed by data imbalance (where successful cases 

outnumber failures), the study adopts a hybrid methodological approach. First, the SMOTE algorithm 

was applied to balance the dataset. Then, a stacking classification model was developed to combine the 

predictive power of multiple algorithms. The variables used for prediction include the National Exam 

score (PEx), the secondary school track (Humanities), and the type of prior institution (public, private, 

or religious-affiliated schools), as well as age and sex. The results demonstrate that this approach is 

highly effective. The model is not only capable of predicting success or failure but also of forecasting 

students' performance levels (e.g., honors or distinctions). Moreover, the use of the Apriori association 

rule mining algorithm allowed the identification of faculty-specific success profiles, transforming pre-

diction into an interpretable decision-support tool. This research makes several significant contribu-

tions. Practically, it provides the University of Bukavu with a tool for student orientation and early risk 

detection. Methodologically, it illustrates the effectiveness of a combined approach to EDM in an 

African context. However, the study acknowledges certain limitations, including the non-public nature 

of the data and the geographical specificity of the sample. It therefore proposes avenues for future 

research, such as the integration of Explainable AI (XAI) techniques for more refined and transparent 

analysis of the results. 

Keywords: Apriori algorithm; Data mining; Educational data mining; Higher education; Performance 

prediction; SMOTE; Stacking ensemble; Student success. 

 

1. Introduction 

The transition to higher education is a crucial stage in a student’s academic career. Failure 
during the first year often becomes a strong demotivating factor that discourages students 
from continuing their studies. At the Catholic University of Bukavu and the Higher Institute 
of Education (ISP), as in most higher education institutions in Bukavu, the first year of uni-
versity is a critical period that can significantly shape a student’s academic path. As shown in 
[1], a strong correlation exists between first-year results and subsequent-year performance. 

Today, almost all universities rely on computerized systems that store large amounts of 
student data year after year, including academic backgrounds and results. Unfortunately, these 
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systems are generally limited to operational tasks such as automated deliberation, report card 
printing, and financial management. While such uses are important, they overlook the poten-
tial value of these data for deeper analysis. 

The growing volume of academic data represents a major asset for data mining technol-
ogies [2]. Unlike storage technologies, which are primarily designed to organize and retrieve 
information, data mining seeks to uncover new knowledge hidden in these datasets [3]. This 
process provides valuable leverage for decision-making, particularly in guiding program ori-
entation and improving institutional support strategies[4], [5]. 

Data mining, defined as the extraction of knowledge from large databases [6], is widely 
applied in various domains. In e-commerce platforms, it contributes to increased productiv-
ity, profits, and customer retention. In e-learning environments, it plays a key role in enhanc-
ing the quality of teaching and learning [7]. Data mining relies on statistical methods, machine 
learning (ML), and artificial intelligence (AI) tools. When specifically applied to educational 
data, the field is referred to as educational data mining (EDM) [8]. Within education, EDM 
can be applied at several levels: to predict outcomes for individual courses [9], to forecast 
performance across entire study programs [10], or even to anticipate test results in intelligent 
tutoring systems [11]. These applications highlight EDM’s potential to provide actionable 
insights into student learning and institutional performance. 

However, predicting student outcomes remains a challenging task. The complexity of 
influencing factors, combined with the natural imbalance in student data—where the number 
of successful students typically exceeds that of unsuccessful ones, renders many conventional 
models ineffective. To address these limitations, an advanced combined methodological ap-
proach was employed. Specifically, the SMOTE algorithm was applied to correct class imbal-
ance and reduce bias toward the majority class. Additionally, stacking, an ensemble learning 
technique, was employed to combine the strengths of multiple classifiers. Through this ap-
proach, a model was constructed that is both more robust and more accurate than any single 
classifier. 

The primary objective of this research is to apply a combined methodology at the Cath-
olic University of Bukavu and ISP to predict the success of first-year students. The predictive 
factors include national secondary school examination results, the type of secondary school 
attended, the field of study pursued at the secondary level, as well as demographic attributes, 
such as age and gender. More specifically, this study aims to: 

• Build a model capable of accurately predicting a student’s success or failure in their first 
year. 

• Identify the student’s likely performance level (e.g., grades such as “A” or “B”) for tar-
geted support. 

• Apply association rule mining (Apriori) to identify key factors that explain success or 
failure within each program of study, thereby transforming prediction into an interpret-
able decision-making tool. 
Such models serve a dual purpose. On the one hand, they can help students align them-

selves with study programs that best match their profiles. On the other hand, they can support 
administrators in improving admission policies, while enabling early identification of students 
at risk of failure so that timely interventions can be provided [12]–[14]. 

ML is among the most widely used families of techniques in data mining. These tools 
are generally divided into two main categories: supervised learning and unsupervised learning. 
Classification tasks fall under supervised learning, whereas rule extraction belongs to unsu-
pervised learning. The purpose of classification is to build a model that assigns a class or label 
to objects in the dataset. Ideally, the generated model should not only fit the training data but 
also generalize well to unseen test data [15]. 

By contrast, the purpose of rule extraction is to uncover relationships among variables 
that describe a dataset, expressed in the form of implications. In other words, rules connect 
one or more attributes to another attribute, resulting in “if-then” statements about the data. 
In EDM, such rules allow researchers to study groups of students and identify common char-
acteristics underlying their behavior. For example, association rules have been applied to ad-
missions data [16] to provide knowledge that supports program-level admission decisions. 
The remainder of this paper is structured as follows. Section 2 presents the materials and 
methods, followed by results in Section 3. Section 4 discusses the findings, and Section 5 
concludes with final remarks and implications. 
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2. Literature Review 

Research into the use of data mining algorithms in education has shown promising re-
sults for predicting students’ academic performance. Numerous studies have been conducted 
using various classifiers, including Bayesian networks, decision trees, random forests, genetic 
algorithms, k-nearest neighbours (KNN), and ensemble methods. These approaches have 
been applied to datasets from thousands of students across different educational contexts, 
consistently demonstrating the potential of data mining in this field. 

For example, in a seminal study [17]], student performance was predicted using only 
academic grades, without including socio-economic variables, and still achieved satisfactory 
results. The model relied on pre-university grades as well as first- and second-year course 
results to forecast success in a university program. 

Other studies, such as [18]–[20], developed models that incorporated personal, pre-uni-
versity, and university characteristics, including gender, year and place of birth, place of resi-
dence, country, cumulative scores from previous education, current semester performance, 
and overall university scores. However, despite the wide range of features, these models did 
not achieve an accuracy rate exceeding 70%. 

In addition, [21] extended this line of research by focusing on small-sample modelling. 
Their analysis, based on 50 student records from the Master of Administration program at 
the British University in Dubai, revealed that graduate performance could be explained by 
age, secondary-level GPA, and bachelor-level GPA. This study demonstrated that even lim-
ited datasets can yield meaningful insights when analyzed with appropriate methods. 

Class imbalance is another frequent challenge in academic databases. Several studies have 
addressed this issue using oversampling techniques, most notably SMOTE and its variants 
[22], [23]. On the other hand, research such as [24] integrated broader contextual infor-
mation—including school of origin, English proficiency, admission test scores, and socio-
economic factors—across different universities. Their results achieved prediction rates ex-
ceeding 90% for binary classification (Pass/Fail). However, as the number of classes in-
creased, accuracy declined significantly. Decision trees and Bayesian networks were among 
the models used in this context. 

The effectiveness of prediction models has also been enhanced through the use of en-
semble learning methods. For instance, [25] proposed a hybrid approach combining multiple 
classifiers with genetic algorithms to predict final scores. This method achieved improve-
ments of approximately 10–12% compared to traditional aggregation strategies, highlighting 
the benefit of combining different learners. 

Beyond simple prediction, extracting interpretable knowledge from educational data is 
essential for informed decision-making. The use of association rules—such as those generated 
by the Apriori algorithm—has been explored to uncover patterns of success and failure [24]. 
Such interpretability is crucial for educational decision-makers. For example, in [26], Apriori-
based analysis was applied to student participation in assignments, assessments, and attend-
ance. The resulting rules enabled the identification of average and below-average students, 
thereby facilitating targeted interventions aimed at improving academic performance. 

Based on this review of prior work, the following research hypotheses were formulated: 

• Information related to students’ secondary school background, such as state examination 
scores, field of study, and type of school attended, a significant predictor of first-year 
university performance. 

• The use of a combined methodology involving SMOTE for class imbalance and stacking 
for ensemble learning will significantly improve predictive performance compared to 
single-algorithm approaches. 

• The Apriori algorithm can be successfully applied to discover student success and failure 
profiles, providing valuable interpretability and actionable insights that can be directly 
used by university administration. 

3. Proposed Method 

3.1. Educational Context 

The secondary education system in the Democratic Republic of the Congo (DRC) is a 
six-year program that places a strong emphasis on early specialization. Unlike many Western 
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systems, where specialisation typically occurs at the university level or near the end of sec-
ondary school, Congolese students are required to choose a specific course of study, or op-
tion, as early as their third year. After completing a two-year core curriculum, students spe-
cialize in one of several streams, which range from science and literature to more technical 
areas, such as education, business management, or agricultural and veterinary sciences. The 
most common streams include: 

• Scientific: Focused on hard sciences (mathematics, physics, chemistry, biology). It pre-
pares students for studies in engineering, medicine, computer science, and other science-
related fields. 

• Literary: Oriented toward arts and humanities (philosophy, history, geography). It pro-
vides access to fields such as Law, journalism, psychology, and other humanities disci-
plines. 

• Commercial: Designed to prepare students for careers in business (management, ac-
counting, economics). This stream is often chosen by those intending to pursue admin-
istration, finance, commerce, or banking. 

• Education: Intended to train future primary and preschool teachers, with an emphasis 
on educational sciences and teaching methodology. 

• Technical: Focused on professional and technical fields (electricity, mechanics, construc-
tion, tailoring, and related skills). It equips students to work directly as technicians or to 
pursue further technical studies. 

• Agricultural and Veterinary: Concentrated on agriculture and livestock farming. Students 
acquire practical knowledge of cultivation and animal husbandry, which prepares them 
for employment in agriculture or for advanced studies in agronomy. 
In principle, this structure is designed to prepare young people for either university ed-

ucation or direct entry into the labor market. However, the current realities of the job market 
in the DRC make a university degree almost indispensable, raising questions about whether 
early specialization is sufficient to meet professional requirements. 

The complexity of this system is further accentuated by its governance. Although the 
education sector is officially overseen by a centralized national ministry, in practice it is con-
siderably decentralized and involves a wide range of actors, including religious institutions. 

The case of Catholic schools is particularly notable. These institutions are public schools 
under special management (often referred to as “contract schools”), which differentiates them 
from entirely private or fully religious schools. While they receive state funding, their opera-
tional management is entrusted to the Catholic Church. This arrangement has a direct impact 
on the quality of infrastructure and teacher training. As a result, Catholic schools often achieve 
better academic outcomes compared to private schools, and especially compared to public 
schools run directly by the state. This hybrid model creates a highly diverse educational land-
scape, where the quality of education varies significantly depending on the type of institution 
(public, private, or private under contract). 

Accordingly, the Congolese education system can be categorized by its management 
structures as follows: 

• College: A school managed by the Catholic Church and the Jesuit fathers. 

• Lycée: A Catholic school specifically intended for girls. 

• Complex School: A private school managed by an individual. 

• Institute: A public or private educational establishment managed either by the Congolese 
state or by private individuals. 

• Technique Institute Fundi Maendelo (TIFM): An institution offering technical training 
(e.g., mechanics, electricity, secretarial studies), managed under either public or private 
authority. 

3.2. Data 

The data used in this study consist of personal and academic information from students 
enrolled in five programs: agronomy, medicine, computer science, Law, and economics at the 
Catholic University of Bukavu and the Higher Institute of Education (ISP). The sample in-
cludes more than 3,000 students drawn from five first-year cohorts between 2015 and 2020. 
As presented in Table 1, the dataset contains variables related to first-year academic results at 
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the university, including grades (mention), faculty, age, gender, type of school of origin, sec-
ondary level section, and the percentage obtained at the end of secondary school. 

The national exam score (PEx) is widely used as a proxy for academic achievement in 
the DRC. However, it does not always fully capture students’ competencies due to variations 
in grading practices, unequal resource distribution across schools, and regional disparities. 
Furthermore, since national education systems differ worldwide, the PEx score should be 
contextualized or mapped to equivalent indicators when applying this framework to other 
countries. 

Table 1. Data description. 

Variable Description Values Taken 

Count Total number of records 3509 

SchoolP Type of school of origin 
College, Institute, School Complex, 

High School, Other 

Gender Sex of student Male, Female 

Age Age at university entry ≥ 15 

SectionH Section taken for humanitarian studies Biochemistry, Math-Physics, etc. 

PEx Percentage obtained in state exams ≥ 50 

Faculty Faculty chosen by the student 
Medicine, Agronomy, Computer Sci-

ence, Economics, Law 

PG1 Percentage obtained at the end of the first year ≥ 20 

Year Academic year 2015–2020 

Decision Final grade obtained A, S, D, GD, PGD 

 

Grading in this system follows a categorical structure. An ‘A’ grade indicates failure, as 
the student did not meet the deliberation criteria (usually <54%). An ‘S’ grade means satis-
faction, corresponding to a score between 55% and 69%. A ‘D’ corresponds to 70–79%, 
while ‘GD’ represents 80–89%. Finally, ‘PGD’ is awarded to students achieving 90% or 
higher. Out of the 2,818 records used in the analysis, 1,959 were labeled ‘S’, 564 ‘A’, 220 ‘D’, 
32 ‘GD’, and 1 ‘PGD’. For analytical purposes, the categories ‘PGD’ and ‘GD’ were merged 
into a single group, as were ‘AA’ and ‘A’. All data mining techniques in this study were im-
plemented using Python 3.9, while R 4.4.2 was used to create and visualize the decision tree. 

3.3. Methodology 

Designing a model to predict students’ results at the end of the first year of university 
involves searching for a hypothesis that best fits the data. As noted by Barra [15], this process 
can be carried out at two levels: 
1. Identifying a subset of hypotheses that perform well with the data. 
2. Selecting the optimal hypothesis from within that subset. 

At the first level, multiple families of classification algorithms, including decision trees, 
random forests, and neural networks, are explored. In line with the literature review, it is 
recognized that no single classifier consistently outperforms others across all contexts. There-
fore, to address the first and second research objectives, the classifiers most suitable to the 
dataset are investigated. 

Before applying algorithms, however, a comprehensive data preparation phase is re-
quired. This phase includes cleaning, attribute generation, handling missing values, transfor-
mation, and attribute selection, as shown in Figure 1 (Framework for Developing the Predic-
tive Model). After preprocessing, the dataset is randomly divided into training (70%) and 
testing (30%) subsets. The training set is used to construct the model, while the test set serves 
for evaluation to ensure that the model generalizes beyond the training data. 

To answer Research Question 1, grades ‘A’ and ‘AA’ were grouped as failures, while 
grades ‘S’, ‘D’, ‘GD’, and ‘PGD’ were grouped as passes (binary classification). As the de-
scriptive dataset (see Table 1) shows, the class distribution is unbalanced, with success cases 
dominating. In this context, accuracy alone is insufficient, so precision, recall, and the kappa 
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coefficient are also used as evaluation metrics. For Research Question 2, the same methodol-
ogy is applied but with multiple categories (A, S, D, GD) instead of just binary Pass/Fail 
classes. 

The second level of analysis focuses on optimizing model parameters. Cross-validation 
was employed, and the three classifiers that performed best were then selected. These classi-
fiers were subsequently combined using the stacking algorithm, with SMOTE applied to bal-
ance the training data. This process is also illustrated in Figure 1. 

 

Figure 1. Framework for developing the predictive model 

To achieve Objective 1, grades ‘A’ and ‘AA’ were grouped as failures, while grades ‘S’, 
‘D’, ‘GD’, and ‘PGD’ were grouped as passes (binary classification). As the descriptive dataset 
(see Table 1) shows, the class distribution is unbalanced, with success cases dominating. In 
this context, accuracy alone is insufficient, so precision, recall, and the kappa coefficient are 
also used as evaluation metrics. To achieve Objective 2, the same methodology is applied but 
with multiple categories (A, S, D, GD) instead of just binary Pass/Fail classes. 

The second level of analysis focuses on optimizing model parameters. Cross-validation 
was employed, and the three classifiers that performed best were then selected. These classi-
fiers were subsequently combined using the stacking algorithm, with SMOTE applied to bal-
ance the training data. An overview of this process is provided in Figure 1. 

To achieve Objective 3, attention is directed to the subset of students who were success-
ful (grades A, S, D, GD, PGD). The data are subdivided into groups based on the percentage 
obtained in the first year. To better capture performance variation, results were reclassified 
into five categories: Fair (53–59), Fairly Good (60–64), Good (65–75), Very Good (76–80), 
and Excellent (>80). The Fair category is considered the at-risk group. The Apriori algorithm 
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was then applied to identify the factors explaining success within each program of study. The 
workflow for this step is presented in Figure 2 (Framework for Identifying Success Profiles). 

 

Figure 2. Framework for identifying a success profile 

 

Figure 3. Overall framework 

Finally, the overall methodology can be summarized as a two-branch pipeline, as shown 
in Figure 3 (Overall Framework). The first branch represents the predictive model, which 
applies SMOTE and stacking to maximize prediction accuracy and identify at-risk students. 
The second branch represents the explanatory model, which applies the Apriori algorithm to 
extract interpretable association rules. For example, one discovered rule indicates that “stu-
dents with an ‘A’ grade in the State Exam and from a religious school almost always succeed 
in the Law program.” While the predictive branch emphasizes accuracy, the explanatory 
branch emphasizes interpretability. 

In summary, Figure 1 illustrates the predictive modeling process, Figure 2 focuses on 
extracting success profiles, and Figure 3 integrates both into a comprehensive analytical 
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framework that is both predictive and explanatory. Together, these steps ensure that the 
model not only predicts performance but also provides actionable insights for academic de-
cision-making. 

4. Results and Discussion 

4.1. Classification of Pass or Fail  

After the preprocessing operations, the sample contained the information presented in 
Table 1. The first seven algorithms listed in Table 2 were experimented with to create predic-
tive models. From these seven algorithms, the three with the highest accuracy were selected 
and combined into an eighth model using the stacking algorithm. Since the classes are unbal-
anced, accuracy alone was not considered sufficient to evaluate model performance. To ad-
dress this, the SMOTE technique was applied to balance the dataset when implementing the 
stacking algorithm. Accordingly, Table 2 presents the accuracy, kappa, and AUC values of the 
eight algorithms with their optimal parameters. 

Table 2. Model performance metrics without SMOTE. 

Model Accuracy 
Weighted 
Precision 

Weighted 
Recall 

Weighted 
F1-score 

Kappa AUC 

Decision Tree 0.78 0.92 0.78 0.84 0.176 0.77 

Random Forest 0.77 0.83 0.77 0.79 0.229 0.76 

MLP Classifier 0.79 0.88 0.79 0.82 0.276 0.81 

K-Nearest Neighbor 0.77 0.80 0.77 0.78 0.290 0.74 

XGBoost Classifier 0.76 0.81 0.76 0.78 0.241 0.76 

XGBoostRF Classifier 0.79 0.88 0.79 0.82 0.243 0.81 

AdaBoost Classifier 0.77 0.83 0.77 0.79 0.236 0.62 

Stacking Classifier 0.79 0.95 0.79 0.85 0.166 0.81 

Table 3. Model performance metrics with binary classification using SMOTE. 

Model Accuracy 
Weighted 
Precision 

Weighted 
Recall 

Weighted 
F1-score 

Kappa AUC 

Decision Tree 0.74 0.73 0.74 0.73 0.354 0.75 

Random Forest 0.75 0.76 0.75 0.76 0.293 0.76 

MLP Classifier 0.76 0.76 0.76 0.76 0.337 0.78 

K-Nearest Neighbor 0.62 0.67 0.62 0.60 0.247 0.72 

XGBoost Classifier 0.76 0.76 0.76 0.76 0.316 0.76 

XGBoostRF Classifier 0.77 0.77 0.77 0.77 0.368 0.80 

AdaBoost Classifier 0.75 0.75 0.75 0.75 0.297 0.68 

Stacking Classifier 0.80 0.80 0.80 0.80 0.407 0.81 

 
In relation to the first objective, namely predicting whether a candidate can succeed in a 

chosen university program, the results are positive. In addition to the results presented in 
Table 2, where the stacking classifier achieved a kappa of 0.40 (greater than 0.3), an accuracy 
of 0.80, and an AUC of 0.81, the confusion matrix in Table 4 also supports this finding. For 
example, in the first row representing the failure class (class 0), out of 179 students, the clas-
sifier correctly predicted 101 as failures, resulting in a recall of 56% (101/179). Similarly, in 
the first column, out of 196 predicted failures, 101 were actual failures, resulting in a class-
specific accuracy of 52% (101/196). This value is much higher than the baseline probability 
of a student failing (179/844 = 33%). The same interpretation applies to the pass class (class 
1). 

As mentioned earlier, the kappa metric is particularly important for performance evalu-
ation in cases of class imbalance. Comparing Tables 2 and 3, it is clear that applying the 
SMOTE technique improves the kappa values across most classifiers. Table 4 presents the 
ablation study evaluating the effect of removing each variable on the performance of the 
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stacking model. The results indicate that Type of School, Section, and PEx have the most 
significant impact on prediction quality. The performance metrics (accuracy, precision, recall, 
kappa, and AUC) illustrate how the model’s predictive ability changes when these variables 
are excluded. 

Table 4. Variable ablation and model performance. 

Model Variant Accuracy 
Weighted 
Precision 

Weighted 
Recall 

Weighted 
F1-score 

Kappa AUC 

With all variables 0.80 0.80 0.80 0.80 0.407 0.81 

Without the Type of 
School 

0.76 0.77 0.76 0.77 0.328 0.76 

Without Section 0.75 0.76 0.75 0.76 0.279 0.79 

Without Age 0.78 0.79 0.78 0.78 0.373 0.80 

Without Sex 0.79 0.81 0.79 0.80 0.368 0.80 

Without PEx 0.74 0.75 0.74 0.75 0.269 0.75 

Without Faculty 0.79 0.79 0.79 0.79 0.406 0.81 

4.2. Classification as A, S, D, GD 

Table 5 presents the accuracy, precision, recall, and kappa values of eight learning algo-
rithms tested for predictive modeling using the methodology described earlier. It is observed 
that only the stacking classifier achieves a kappa coefficient of 0.3 or higher, with an overall 
accuracy of 67%. 

In relation to the second objective, which aims to determine the candidate’s level of 
success based on the chosen option, it can be concluded that the stacking model can predict 
the success level of a candidate with 67% accuracy according to their profile. When comparing 
the performance on minority classes in the confusion matrix (Table 6), the predictive accuracy 
for classes A (0.48), D (0.45), and GD (0.11) is notably higher than the proportion of these 
classes in the entire dataset (A: 0.21, D: 0.11, GD: 0.01). For the Satisfaction class, which 
represents the majority of students, the predictive accuracy reaches 74.5%. 

Table 5. Model performance metrics with multi-class classification using SMOTE. 

Model Accuracy 
Weighted 
Precision 

Weighted  
Recall 

Weighted  
F1-score 

Kappa 

Decision Tree 0.68 0.76 0.67 0.71 0.220 

Random Forest 0.68 0.78 0.68 0.71 0.200 

MLP Classifier 0.69 0.89 0.69 0.76 0.144 

K-Nearest Neighbor 0.67 0.73 0.67 0.69 0.236 

XGBoost Classifier 0.68 0.77 0.68 0.71 0.210 

XGBoostRF Classifier 0.70 0.86 0.70 0.76 0.231 

AdaBoost Classifier 0.67 0.77 0.67 0.71 0.197 

Stacking Classifier 0.67 0.66 0.67 0.66 0.308 

Table 6. Confusion matrix – stacking classifier 

Binary Classification (1,0) Predicted 0 Predicted 1   

Actual 0 101 78   

Actual 1 95 570   

Multiclass Classification        
(A, S, D, GD) 

Pred. A Pred. S Pred. D Pred. GD 

Actual A 116 64 3 1 

Actual S 74 424 35 1 

Actual D 6 55 33 3 

Actual GD 0 6 2 1 
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4.3. Bias Analysis 

Table 7 presents an in-depth analysis of model performance across sensitive variables, 
specifically gender, academic track, and school type, highlighting disparities that range from 
moderate to substantial. From a gender perspective, the model demonstrates relatively bal-
anced performance, with an F1-score of 78% for female students and 76% for male students, 
despite the underrepresentation of females in the dataset. This suggests the absence of signif-
icant gender bias and indicates that the model generalizes reasonably well across both groups. 

Regarding academic tracks, higher F1-scores are observed for students in the literary and 
scientific streams (≥78%), while the commercial, pedagogical, and agronomy tracks exhibit 
comparatively lower performance (≤74%). These differences may be attributed to higher data 
quality or greater internal consistency within the stronger-performing tracks. Class imbalance 
is considered a less likely explanation, given the overall distribution of the dataset. 

Table 7. Bias analysis. 

Group Values Precision Recall F1-score 

Gender 
Male 0.77 0.76 0.76 

Female 0.77 0.78 0.78 

Section 

Scientific 0.77 0.79 0.78 

Literary 0.81 0.82 0.81 

Pedagogy 0.75 0.73 0.74 

Commercial 0.73 0.74 0.74 

Agronomy 0.81 0.70 0.73 

School Type 

Catholic (College and Lycée) 0.90 0.91 0.90 

Public (Institute and Edap) 0.77 0.77 0.77 

Private (CS) 0.68 0.66 0.67 

 
A particularly important observation concerns the relationship between academic track 

and school type. The literary track is predominantly offered within Catholic schools, which 
also show the highest overall performance (F1-score of 90%), significantly outperforming 
public schools (77%) and private schools (67%). This suggests that the model may be captur-
ing more structured and consistent patterns present in Catholic school data. 

Such patterns could stem from standardized educational practices, stricter evaluation 
protocols, or a more homogeneous student population. In contrast, private schools exhibit 
greater data heterogeneity, which may be attributed to less centralized governance and more 
variable assessment standards. For instance, in many private institutions, students finance 
staff salaries directly, which may reduce the imposition of uniform evaluation practices. This 
variability likely introduces additional noise into the dataset, which may explain the compar-
atively lower model performance observed for private schools. 

4.3. Success Profile by Option 

In this section, data from five faculties, including Medicine, Agronomy, Law, Computer 
Science, and Economics, are analyzed. After the sample data were filtered by study option, 
the Apriori algorithm was applied to identify recurring patterns associated with student suc-
cess. In relation to the third objective, which seeks to identify success factors for each pro-
gram of study, the results confirm that meaningful profiles can indeed be extracted. The find-
ings are summarized in Table 8. For Medicine and Agronomy, completing the Biochemistry 
section at the secondary level is a major advantage for success. 

In contrast, success in Law and Economics is more strongly associated with the Literary 
and Commercial sections, respectively. In Computer Science, female candidates face greater 
difficulties compared to male candidates. Excellence in Medicine, Agronomy, and Economics 
is strongly influenced by achieving a score of at least 70% on the national exam and attending 
college-type schools. For Computer Science, however, a 60% threshold and an ITFM-type 
school background are sufficient indicators of strong performance. 

 
 



Journal of Computing Theories and Applications 2025 (November), vol. 3, no. 2, Kikunda, et al. 142 
 

 

4.4. Discussion 

This study developed effective predictive models to anticipate the success or failure of 
first-year university students by leveraging demographic, academic, and institutional data. Re-
sults highlight that school type, program section, and secondary exam percentage are among 
the strongest predictive variables. The integration of machine learning algorithms with the 
SMOTE rebalancing technique improved predictive accuracy and robustness, while the Apri-
ori algorithm enhanced interpretability by identifying clear success and risk profiles. 

Table 8. Success profiles by study program were identified with the Apriori algorithm. 

Study Programme Success Profile (Frequent Patterns) 

Agronomy 
Biochemistry Section (support = 0.40) Secondary exam score between 
60–70% (support = 0.58) Type of school = College (support = 0.50) 

Medicine 
Biochemistry Section (support = 0.61) Male (support = 0.47) Type of 
school = College (support = 0.50) Secondary exam score between 70–

80% (support = 0.40) 

Computer Science 
Male (support = 0.65) Type of school = Institute or ITFM (support = 

0.51) Secondary exam score between 60–70% (support = 0.50) 

Law 
Secondary exam score between 60–70% (support = 0.60) Literary Sec-
tion (support = 0.44) Male (support = 0.77) Type of school = College 

(support = 0.40) 

Economics 
Secondary exam score between 60–70% (support = 0.48) Commercial 

Section (support = 0.51) Female (support = 0.56) Type of school = Col-
lege or Lycée (support = 0.60) 

 
The model’s performance must be interpreted within its educational context. Beyond 

global metrics, particular attention is given to the recall of the failure class, which is crucial 
for support policies. A high recall for class “A” (at-risk students) means that the model effec-
tively identifies most struggling students, thus minimizing false negatives. For the Catholic 
University of Bukavu and the Higher Institute of Education (ISP), this is essential to enable 
timely interventions and reduce dropout risks. 

Conversely, a low recall in class “A” would imply that many at-risk students remain un-
detected, undermining preventive measures. Precision for class “A” indicates the reliability of 
predictions: although perfect precision is desirable, slightly lower precision can be acceptable 
if recall is high, since the cost of unnecessary intervention (false positives) is lower than failing 
to detect a truly at-risk student (false negatives). In our case, recall for class “A” is 64%, with 
a precision at 60%. This means the model detects a majority of at-risk students, but about 
one-third remain unidentified. Meanwhile, 40% of those flagged as at risk may not actually be 
so, which could lead to unnecessary interventions. Overall, these values reflect an intermedi-
ate level of performance, suitable for practical use but with room for improvement. 

The application of the Apriori algorithm enabled the identification of variable combina-
tions that contribute to success within specific programs. The resulting profiles reveal strong 
correlations between secondary-level choices and subsequent academic trajectories. For ex-
ample, students from the scientific section excel in Medicine and Agronomy, commercial-
track students perform better in Economics, literary-track students often succeed in Law, and 
technical-track students (e.g., electricity, secretarial studies) demonstrate promising outcomes 
in Computer Science. These findings underscore the long-term impact of secondary-level 
specialization on higher education outcomes. 

Thus, the combination of predictive modeling and association rule mining enhances 
both performance and interpretability, approaching a valuable decision-support tool. The re-
sults align with prior studies emphasizing the importance of academic and socio-demographic 
variables in student success [20]–[22]. However, this study advances the field by explicitly 
integrating association rules, which provide more nuanced insights into program-specific suc-
cess profiles. 

The theoretical contribution lies in demonstrating that combining predictive and explan-
atory methods can strengthen decision-making in higher education. Practically, the models 
can be used to guide students early, tailor pedagogical interventions, and reduce failure rates. 
Nonetheless, some limitations remain. The reliance on sensitive variables (type of school, 
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section, PEx) requires vigilance to prevent bias and ensure fairness. The dataset is specific to 
the DRC, which limits generalizability. Data were collected from a limited number of schools 
and over a restricted timeframe, which may have affected temporal and geographic represent-
ativeness. Moreover, variables such as socio-economic status and student motivation were 
not available, and privacy concerns limited the inclusion of certain sensitive data. These con-
straints highlight the need for further studies using broader and more diverse datasets. 

5. Conclusions 

The potential of EDM to predict student success in the first year at the Catholic Univer-
sity of Bukavu and the Higher Institute of Education (ISP) has been demonstrated in this 
study. By combining the SMOTE sampling technique with a stacking ensemble model, a ro-
bust predictive system was developed that accurately classifies students as successful or un-
successful, while also addressing multi-class performance prediction. Furthermore, the inte-
gration of the Apriori algorithm enabled the extraction of interpretable success profiles tai-
lored to each faculty. 

The practical implications of these findings are significant for academic institutions. The 
proposed model can function as a decision-support tool for student orientation and the early 
identification of at-risk students. By identifying profiles most likely to succeed in specific ac-
ademic tracks, universities can implement targeted and personalized support programs, 
thereby reducing failure and dropout rates. A key finding of the study is the significant impact 
of three educational background variables: final high school exam score (percentage), aca-
demic track followed in secondary school, and type of secondary school attended. These var-
iables consistently emerged as the most important predictors across all modeling approaches. 
Students with higher exam scores, those from scientific or literary streams, and those who 
graduated from Catholic schools were more likely to succeed in their first year of university. 
This highlights the significant impact of prior academic performance, the nature of previous 
training, and the institutional context on shaping university outcomes. It also suggests that 
predictive models in education should incorporate contextual variables that reflect differences 
in preparation and learning environments, rather than treating students as a homogeneous 
group. 

Despite these contributions, the study has notable limitations. The model was trained 
on a dataset from only two universities, and the data cannot be made publicly available due 
to confidentiality constraints, which limits replicability. Additionally, the variables considered 
are primarily academic, excluding socio-economic and behavioral factors that may also impact 
student performance. These limitations provide avenues for future research. Subsequent stud-
ies could expand the dataset to include other Congolese universities to assess the model's 
generalizability. Moreover, incorporating non-academic variables and adopting explainable AI 
(XAI) techniques such as SHAP would enhance the model’s precision, provide more trans-
parent explanations, and increase its practical utility for academic advisors. 
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