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Ensemble Learning, Regression (LR), Random Forest (RF), Gradient Boosting Classifier (GBC), Multilayer
Introductory Programming Perceptron (MLP), Support Vector Machine (SVM), and Extreme Gradient Boosting
Courses in Engineering and (XGBoost) were tested on an 80:20 train-test split and 10-fold GroupKFold cross-validation.
Computer Science Programs, The Authors subsequently developed a stacking ensemble model combining RF, GBC,
Student Performance Prediction. MLP, SVM, and XGBoost as base learners, with LR as the meta-learner. The ensemble

obtained F1-score of 0.857 and ROC-AUC of 0.905 and was more reliable than individual
classifiers, Statistical significance of the performance gains achieved through behavioural
feature engineering. Authors confirmed Ensemble learning using a paired Wilcoxon signed-
rank test. The proposed framework is applicable to detect at-risk students, promotes certain
pedagogical interventions in computer science education.
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I. INTRODUCTION

In computer science education, introductory programming courses in engineering and computer science programs are often the
first major challenge faced by students. Students must learn new programming rules, think logically, and practise often. Because of this,
some students begin to struggle very early in the course. Usually, teachers notice these problems only after exams, when it becomes
difficult to help the students. Therefore, finding at-risk students as early as possible is very important. Earlier research on predicting
student performance mainly used fixed information such as student background details or previous exam results. While this information
gives some basic idea, it does not show how students actually learn programming during the course. Programming skills take time to
develop. Students usually improve by writing code many times. They make mistakes, fix them, and then try again. Learning happens
gradually in this way. Because of this, learning problems may appear early. Final exam scores do not always show these issues. Methods
that rely only on exam results can miss them. Many programming courses now use online submission systems. These systems record
basic activity information. This includes how often students submit code. They also record whether programs run correctly. The number
of errors is captured as well. Submission times are stored automatically. Because this information is collected from the start of the course,
it can be useful. It helps in understanding student progress at an early stage. However, this activity data is not easy to use. Individual
exercise records are scattered. They do not show how a student works across the entire course. To make the data useful, activities need
to be grouped at the student level. The grouped data must then be converted into meaningful features.
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These features describe learning behaviour over time. Such features can represent effort and consistency. They can show common
error patterns. They can also reflect task difficulty and timing of engagement. Together, these features provide a clearer picture of how
students learn programming. Machine learning models are often used to study learning behaviour and predict student outcomes. Different
models learn different patterns, but depending on only one model may not always give reliable results. Ensemble learning combines
multiple models and usually produces better and more stable predictions. Among these methods, stacking ensembles combine the
strengths of several models to improve overall prediction performance. Apart from getting good accuracy, it is also important to check
whether the results are actually dependable. Sometimes, differences between models can appear just by chance. A statistical test is used
to verify the results. The Wilcoxon signed-rank test is applied because it is suitable for comparing machine learning models without
making strong assumptions about the data. Based on the reviewed studies and the observed limitations, this study addresses the following
research questions:

(i) Can behavioural features derived from programming exercise submissions support early identification of at-risk students in
introductory programming courses in engineering and computer science programs?
(ii) Does combining multiple machine learning models lead to more reliable prediction of student performance compared to using
individual models?
(iii) Do the observed differences between prediction models remain meaningful when evaluated using the Wilcoxon signed-rank
test?
Il. THEORETICAL REFERENCE

1.1 EARLY PREDICTION OF STUDENT PERFORMANCE IN PROGRAMMING COURSES

Introductory programming courses in engineering and computer science programs are well known for being difficult for many
students. Several studies report that students often face problems very early in such courses and that these early difficulties later lead to
failure or dropout [1], [2]. Because of this, many researchers have focused on predicting student performance as early as possible in CS1
and programming fundamentals courses [3], [4]. Earlier research mainly used information such as student background details or previous
academic results to predict performance. Although this information is easy to collect, it does not explain how students learn programming
during a course [5], [6]. Programming skills do not develop instantly. Students learn by writing code repeatedly, making mistakes, and
fixing them over time. Studies therefore suggest that learning behaviour during the course is more useful than static information for early
prediction [7], [8].

1.2 USE OF BEHAVIOURAL DATA AND MACHINE LEARNING MODELS

With the use of online programming platforms and learning management systems, it has become possible to collect detailed records
of student activity. These systems store data such as code submissions, compilation errors, execution results, task completion, and time
spent on exercises [9], [10]. This data gives a direct view of students’ programming activity during the course. However, raw activity
data is difficult to use directly. Researchers usually do not work with raw log data. Instead, the data is first cleaned and reshaped so that
it can describe how students actually work while learning programming [11], [12]. Commonly used indicators include how often students
submit code, how many errors they make, whether they complete tasks, and how much time they spend on programming work [13], [14].
Combining activity data at the student level helps show how students learn over time [15], [16]. A variety of machine learning models
have been applied to this type of data. These include Decision Tree (DT), naive Bayes, Support Vector Machine (SVM), Random Forest
(RF), and Neural Network [17-19]. Many researchers have compared different machine learning models, but no single model performs
best in all situations. The results often change depending on the dataset and the features used [20], [21]. Some recent work has applied
LSTM models to study how student behaviour changes over time. These models can be useful, but they usually require a large amount of
data and higher computational effort [22], [23].

11.3 ENSEMBLE METHODS AND EVALUATION OF PREDICTION MODELS

Several researchers suggest that using a single machine learning model may not always give reliable results. To address this issue,
ensemble methods that combine multiple models have been proposed [24], [25]. In some studies, predictions from more than one model
are used together instead of relying on a single model. This is done by combining their outputs through an additional model, and this
approach has been used in student performance prediction [26]. Many studies report accuracy and similar measures, but they do not
always check whether the differences between models are meaningful. Sometimes, the performance gap between models may simply be
due to random variation rather than an actual improvement. Statistical tests are therefore recommended for reliable model comparison.
Non-parametric tests such as the Wilcoxon signed-rank test are suitable for comparing machine learning models because they do not rely
on strict assumptions about data distribution. However, such tests are still not commonly applied in programming education research.

1. MATERIALS AND METHODS
111.1 DATA SOURCE AND PREPARATION

This study used behavioural data collected from an online programming submission system used in introductory programming
courses in engineering and computer science programs. Similar online systems have been used in earlier studies to analyse how students
learn programming through their activity logs [4], [8]. The system automatically records students’ programming actions, such as code
submissions, errors during compilation, task completion, and submission time. The dataset covers students from multiple courses and
institutions. The original data was stored at the level of individual programming exercises. Since the aim of this study was to predict
student performance, all programming activities of each student were combined into a single record.
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This type of student-level aggregation has been widely used because it provides a clearer view of overall learning behaviour [15],
[16]. The final dataset consisted of 3,049 students, and the target variable indicated whether a student passed or failed the course. A
summary of the dataset and its main characteristics is shown in Table 1. No student names or identifying details were used.

Table 1: Summary of the dataset used in this study.

Category Description
Course Introductory programming course (CS1)
Data source Online programming and automated assessment system [1]

Student-level records
Submission attempts, task completion, syntax errors, and time spent [1]
Easy, medium, and hard
Pass or fail
Source: Authors, (2026).

Unit of analysis
Recorded activity
Task difficulty
Final outcome

The overall process followed in this study, from data collection to model evaluation, is illustrated in Figure 1.

Online

) Evaluation &
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Statistical
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Behavioural
Feature
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Figure 1: Main steps followed in this study, from data collection to model evaluation.
Source: Authors, (2026).

111.2 BEHAVIOURAL FEATURE ENGINEERING

Raw programming logs contain detailed but scattered information and are difficult to use directly for prediction. For this reason,
the authors converted the activity data into behavioural features that describe how students learned over time. Similar ways of working
with student activity data have been used in earlier studies [11], [12]. The features were designed to reflect how students worked on
programming exercises throughout the course. The features were based on how students worked on exercises, such as whether they
finished tasks, how often they tried again, the mistakes they made, and the time they submitted their code. Programming exercises were
also grouped into easy, medium, and hard categories, and difficulty-based features were created. Using difficulty-aware features helps
better represent how students progress while learning programming [7], [27]. A detailed description of all behavioural features used in
this study is provided in Table 2, while an overview of the feature construction process is shown in Figure 2.

Table 2: Programming activity features used in this study.

Feature group Feature Computation What it represents
EasyCompletionRatio; CompletedEasy; / TotalEasy; Completion level for easy tasks
Task completion MediumCompletionRatio; CompletedMedium; / TotalMedium; Completion level for medium tasks
HardCompletionRatio; CompletedHard; / TotalHard; Completion level for hard tasks
EasyEffortEfficiency; TimeEasyi / (CompletedEasy; + 1) Time spent per completed easy task
Work efficiency MediumEffortEfficiency: TimeMedium, / (CompletedMedium; + 1) | | M SPent per faosTp'Eted medium
HardEffortEfficiency; TimeHard; / (CompletedHard; + 1) Time spent per completed hard task
EasyErrorRate; SyntaxErrorsEasy; / (AttemptsEasy; + 1) Errors made in easy tasks
Coding errors MediumErrorRate; SymaXErrorSMedlumil; (AttemptsMedium; + Errors made in medium tasks
HardErrorRate; SyntaxErrorsHard; / (AttemptsHard; + 1) Errors made in hard tasks

Difficulty-based

CompletedWeightedScore;

1-CompletedEasy; + 2-CompletedMedium; +
3-CompletedHard;

Completion adjusted by task
difficulty

Attempts WeightedScore;

1-AttemptsEasy; + 2 AttemptsMedium; +
3- AttemptsHard;

Effort adjusted by task difficulty

SyntaxErrorWeightedScore;

1-SyntaxErrorsEasy; + 2-SyntaxErrorsMedium;
+ 3-SyntaxErrorsHard;

Errors adjusted by task difficulty

Timing TimeSpanEncoded; {1 = Early, 2 = Mid, 3 = Late} When the student was most active
TotalCompleted; CompletedEasy; + CompletedMedium, Total number of completed tasks
CompletedHard;
‘ AttemptsEasy; + AttemptsMedium; +
Overall activity Total Attempts; AlttemptsHard, Total number of attempts
TotalErrors; SyntaxErrorsEasy; + SyntaxErrorsMedium; + Total syntax errors
SyntaxErrorsHard;
OverallEfficiency; TotalCompleted; / (Total Attempts; + 1) Overall efficiency across tasks
Outcome Target; {1 =Pass, 0 = Fail} Course result

Source: Authors, (2026).
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Figure 1: An overview of the feature construction steps.
Source: Authors, (2026).

Only features derived from early course activity were considered. Data from the later part of the course was not included. This
choice kept the focus on how students behaved at the beginning. Early behaviour is more useful for noticing students who may face
difficulties. Such early signals allow risk to be identified before final assessments [1], [2].

111.3 MODEL DEVELOPMENT AND EVALUATION STRATEGY

In this study, the task was to identify whether a student would pass or fail the course. For this purpose, multiple machine learning
models were tested, such as Logistic Regression (LR), SVM, RF, Gradient Boosting Classifier (GBC), Multilayer Perceptron (MLP), and
Extreme Gradient Boosting (XGBoost). Similar models have been applied in previous studies on student performance and were therefore
considered appropriate for analysing programming behaviour data [17], [19], [21]. The authors used LR mainly as a reference point. It
provided a simple baseline for comparison. The authors applied SVM to observe differences between students with different learning
patterns. RF and Gradient Boosting were used to capture relationships that simpler models may overlook. MLP and XGBoost were
included to study more complex patterns in the data [18], [25]. The authors divided the dataset into two parts. They used eighty percent
of the data for training. They kept remaining twenty percent reserved for testing. They used Ten-fold cross-validation during training to
evaluate the models on different data splits [6]. They followed the overall modelling process in this study as illustrated in Figure 3.

Statistical
Significance
Decision

Paired Model
Scores

Wilcoxon Signed-

Rank Test

(Baseline vs Behavioural)

Figure 2: Model training and evaluation steps used in this study.
Source: Authors, (2026).

The authors included a statistical validation step to ensure that differences between models were not due to chance. They used
the Wilcoxon signed-rank test to compare model results. They used this test because it can compare model results without relying on
strict assumptions about the data.

IV. RESULTS AND DISCUSSIONS

IV.1 PERFORMANCE OF BASELINE MODELS USING RAW BEHAVIOURAL FEATURES

The first analysis examined the performance of individual machine learning models trained using raw behavioural features. The
results show that all models achieved comparable performance, with accuracy values ranging from 0.783 to 0.802. LR provided a
reasonable baseline, achieving an F1-score of 0.829 and ROC-AUC of 0.86. The tree-based models performed a little better than the
others. RF obtained an F1-score of 0.838, and Gradient Boosting reached 0.842. SVM and MLP showed similar behaviour, with F1-
scores around 0.84. Among the baseline models, XGBoost recorded the highest F1-score (0.844) and ROC-AUC value (0.894). A detailed
comparison of baseline model performance is presented in Table 3.

Table 3: Machine learning baseline model performance with raw behavioural features.

Model Accuracy Precision Recall F1 ROC-AUC
LR 0.783 0.81 0.849 0.829 0.86
RF 0.797 0.827 0.849 0.838 0.889

GBC 0.802 0.83 0.855 0.842 0.894
MLP 0.792 0.825 0.843 0.834 0.885
SVM 0.798 0.828 0.851 0.839 0.887
XGBoost 0.802 0.824 0.864 0.844 0.894

Source: Authors, (2026).
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The comparison of F1-scores across baseline models is illustrated in Figure 4, while the corresponding ROC curves are shown in

Figure 5.
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Figure 4: ROC curves of baseline classification models using raw
behavioural features.
Source: Authors, (2026).

Figure 3: F1-score comparison of baseline classification models.
Source: Authors, (2026).

IV.2 EFFECT OF ENGINEERED BEHAVIOURAL FEATURES

The next analysis compared baseline behavioural features with engineered behavioural features. All models showed better results
after the engineered features were used. F1-score changes ranged between 0.009 and 0.022, and ROC-AUC followed a similar pattern.
RF and SVM showed the largest increases. LR also benefited from feature engineering, with an increase of 0.022 in ROC-AUC. These
results suggest that engineered behavioural features better represent student learning behaviour compared to raw features. The comparison
between baseline and engineered features is shown in Table 4.

Table 4: Comparison of baseline and engineered behavioural feature representations on model performance.

Model F1 (Baseline) F(zé)acs:e’lbi\ri(): F1 (Engineered) (Er%(i:n:c;l:e%) A F1 AEL(J)(S
LR 0.829 0.860 0.840 0.882 +0.011 +0.022
RF 0.838 0.889 0.860 0.904 +0.022 +0.015

GBC 0.842 0.894 0.858 0.905 +0.016 +0.011
MLP 0.834 0.885 0.843 0.894 +0.009 +0.009
SVM 0.839 0.887 0.860 0.902 +0.021 +0.015
XGBoost 0.844 0.894 0.858 0.905 +0.014 +0.011

Source: Authors, (2026).
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Figure 5: Comparison of baseline and engineered behavioural features using F1-score.
Source: Authors, (2026).

IV.3 STACKING ENSEMBLE PERFORMANCE

The authors then evaluated and compared a stacking ensemble model with individual classifiers. The ensemble achieved an
accuracy of 0.819, an Fl-score of 0.857, and a ROC-AUC of 0.905. These values are comparable to the best-performing individual
models. While the ensemble did not produce the highest score in every metric, its performance remained stable across evaluation
measures. Model results are reported in Table 5.
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Table 5: Performance comparison between individual classifiers and stacking ensemble.

Model Accuracy F1-score ROC-AUC
LR 0.798 0.84 0.882
RF 0.82 0.86 0.904
GBC 0.818 0.858 0.905
MLP 0.804 0.843 0.894
SVM 0.821 0.86 0.902
XGBoost 0.819 0.858 0.905
Stacking Ensemble 0.819 0.857 0.905

Source: Authors, (2026).

The ROC curve of the stacking ensemble is shown in Figure 6, where it can be seen that the ensemble maintains strong
discrimination ability across threshold values. The ROC curve of the stacking ensemble is shown in Figure 7 and is compared with the
best-performing individual model.

ROC Curve Comparison: Stacking Ensemble vs Gradient Boosting

s — e
" o
—"

08

0.0

0.0 0.2 0.4 06 08 1.0
False Positive Rate

Figure 6: ROC curve obtained for the stacking ensemble.
Source: Authors, (2026).

To examine whether differences between the stacking ensemble and individual classifiers were consistent, the authors applied
Wilcoxon signed-rank test. The Wilcoxon test showed clear differences between the ensemble and LR, Gradient Boosting, MLP, and
XGBoost. In contrast, the comparison with RF and SVM did not show a clear difference. This indicates that the ensemble behaves
similarly to some strong individual models, rather than outperforming all of them in every case. The detailed results are shown in Table
6.

Table 6: Wilcoxon signed-rank test results comparing the stacking ensemble with individual classifiers.

Compared Model Wilcoxon Statistic p-value Significance (a = 0.05)
LR 1,325,618 <0.001 Significant
RF 1,462,668 0.492 Not Significant
GBC 1,400,911 0.014 Significant
MLP 1,394,889 0.008 Significant
SVM 1,432,827 0.122 Not Significant
XGBoost 1,377,959 0.002 Significant

Source: Authors, (2026).

This study examined whether behavioural information obtained from programming exercise submissions can support early
identification of at-risk students in introductory programming courses in engineering and computer science programs. The results show
that meaningful signals about student learning are already present in early-course activity, which supports findings from earlier work in
programming education that report early difficulties as strong indicators of later outcomes [1-3]. This is especially relevant in introductory
programming courses in engineering and computer science programs, where early difficulties tend to affect later progress.A key
contribution of this work is the use of behavioural feature engineering to represent student learning more clearly. Raw log data, such as
individual submissions or error counts, provides only a fragmented view of learning. When the authors combined programming activity
at the student level and described using features such as completion, effort, errors, task difficulty, and timing, the learning behaviour
became clearer. Previous work has shown that features derived from student behaviour provide a clearer picture of learning than raw
system logs [7], [11], [12]. The consistent improvement in model performance after feature engineering indicates that these features
reflect how students learn programming rather than how often they interact with the system. The comparison of individual machine
learning models further highlights that programming learning behaviour cannot be fully captured using a single modelling approach.

The authors used LR mainly as a reference point, but it did not capture all learning patterns equally well. Tree-based and neural
models performed a little better. This indicates that student learning behaviour involves interactions that are not purely linear, as also
observed in earlier work on student performance prediction [17], [18], [20], [21]). These results reinforce the view that model performance
depends strongly on feature design and data characteristics, rather than on the choice of a single “best” algorithm. The stacking ensemble
produced stable and competitive results when compared with individual classifiers. Although it did not outperform every individual model
across all metrics, its performance remained consistent across evaluation measures. In educational contexts, stable predictions are often
more useful than small gains in accuracy when identifying at-risk students. Previous work has shown that ensemble approaches can
combine the strengths of different models and are less affected by variations in the data [24-26]. The findings here also show that ensemble
learning works well with different programming behaviours. Another strength of this work is the inclusion of statistical validation. Many
studies in student performance prediction report performance metrics without testing whether observed differences are meaningful.
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By applying the Wilcoxon signed-rank test, this study examined whether differences between models were consistent across
validation folds. The results showed that while the ensemble differed from several individual models, strong classifiers such as RF and
SVM remained comparable. These results show why statistical testing matters when comparing models. Earlier studies in educational
data mining have also stressed this point [6], [11]. Statistical tests help check whether differences are reliable. They also help avoid
conclusions based only on small performance changes. The findings further suggest that ensemble methods should be used to improve
robustness. They should not be seen as a complete replacement for individual models.The dataset includes students from different
computer science courses. It also covers multiple institutions and academic settings. This diversity shows that the framework is not tied
to one course structure. It can be applied beyond a single teaching context. Since the framework relies on basic programming activities -
such as the number of attempts, errors made, tasks completed, and when students engage with exercises - it can be applied across courses
that use different curricula or assessment formats. Similar approaches that aim to work across courses rather than within a single setting
have been encouraged in earlier studies on student performance prediction [15], [16], and the results of this study are consistent with
those directions. Programming submission systems that are already used in courses can also help with learning, not only grading.

The activity data collected during regular coursework can help teachers notice students who are having difficulty, without asking
them to take extratests or fill out surveys. When such students are identified early, teachers can offer feedback, extra practice, or guidance
at a time when it can still make a difference. Earlier studies have shown that this kind of timely support can improve learning outcomes
in programming courses [8], [28]. This work contributes to programming education research by combining behavioural feature design,
ensemble modelling, and statistical testing within a single study. This study does not focus only on final prediction scores. Instead,
attention is given to identifying students at an early stage. The consistency of the results is also examined. The framework is considered
across different course settings. Future work may look at real-time use of the framework. It may also examine the effects of specific
teaching interventions. The current results provide a practical basis for using behavioural activity data to support learning in introductory
programming courses in engineering and computer science programs.

V. CONCLUSIONS

This work proposed a machine learning framework for predicting student performance in introductory programming courses in
engineering and computer science programs. The framework uses behavioural activity data collected from online programming
submission systems. Submission logs from the early part of the course were analysed. These logs provided useful information about how
students learn programming before final exams take place [1], [2]. Individual programming activities were grouped for each student. The
authors converted the grouped data into behavioural features. These features described completion behaviour, effort levels, error patterns,
task difficulty, and timing of engagement [15], [16]. The findings show that behavioural features are more useful than raw activity logs.
Models trained with engineered features performed better than those using raw data. This confirms that learning behaviour is more
informative than simple counts of submissions or errors [7], [11], [12]. Flexible machine learning models were better at capturing these
learning patterns. The stacking ensemble showed steady and reliable performance across evaluation measures. This supports earlier
findings reported in similar studies [17], [18], [25]. The authors used statistical testing to strengthen the comparison between models. The
Wilcoxon signed-rank test examined whether observed differences were consistent. This helped confirm that improvements were not due
to random variation. The results suggest that combining models can be more reliable than using a single approach [6], [11]. The authors
collected the data from students enrolled in different engineering courses and institutions. These courses followed different academic
structures. Because the framework relies on common programming activities, it is not limited to one curriculum or assessment style. This
allows the approach to be applied in a wide range of educational settings [15], [16]. In practice, existing programming platforms can
support early academic monitoring. This can be achieved without increasing workload for students or instructors. Behavioural data
generated during normal coursework can help identify students who may need support while there is still time to intervene [8], [28].
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