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Abstract: Analyzing student performance in Introductory Programming courses in Higher Education is crucial for early
intervention and improved academic outcomes. This study investigates the predictive potential of a Programming
Cognitive Test in assessing student aptitude and forecasting success in an Introductory Programming course. Data was
collected from 180 students, both freshmen and repeating students, enrolled in a Computer Engineering program. The
dataset includes the Programming Cognitive test results, background variables, and final course outcomes. To identify
latent patterns within the data, the K-means clustering algorithm was applied, focusing particularly on freshmen
students to avoid bias from prior programming exposure. In parallel, six Machine Learning classification models were
developed and evaluated to predict students’ likelihood of passing the Introductory Programming course: Decision Tree,
K-Nearest Neighbor, Na'we Bayes, Random Forest, Support Vector Machine, and Deep Neural Network. Among these,
the Deep Neural Network model demonstrated superior performance, achieving the highest values across key metrics—
Accuracy, Recall, and F1-score—effectively identifying students at risk of underperformance. These findings
underscore the potential of this model in educational settings, where timely and accurate detection of struggling students
can enable proactive, targeted interventions. This work contributes to the field by combining cognitive assessment with
predictive modelling, offering a novel approach to forecasting programming performance. The models and methods
described are adaptable for broader educational applications and may assist educators in refining teaching strategies and
improving retention and success rates in programming education.

Index Terms: Introductory Programming, Machine Learning, Prediction, Programming Cognitive Tests

This work is open access and licensed under the Creative Commons CC BY 4.0 License. Volume 18 (2026), Issue 1


mailto:a21280231@isec.pt
https://orcid.org/0009-0003-0058-1386
mailto:jorge@isec.pt
https://orcid.org/0000-0001-9660-2011
mailto:anabela@isec.pt
https://orcid.org/0000-0001-8418-8095
mailto:arborges@isec.pt
https://orcid.org/0000-0003-3167-8714
mailto:fernanda@isec.pt

Prediction of Students’ Performance in Introductory Programming in Higher Education

1. Introduction

Learning to program is not easy, and reports of this difficulty are widespread worldwide. Several studies have
examined the factors that influence the learning process of students beginning to program, as well as strategies to
overcome them [1]. Among the factors found in the literature to explain this problem are the ability to think abstractly
[2], previous experience in programming [3,4], the effect of teaching approaches that consider students' motivational
strategies, learning preferences and learning styles [5,6], mathematics preparedness [7], or problem-solving skills [8].
Introductory Programming (IP) remains a challenge for students [9-12], with a high failure rate in the first programming
subject in Higher Education (HE) [13,14]. Quite a few experiments and studies have also been conducted with the goal
of investigating the problem and helping to minimize it [15].

Numerous tools and strategies were developed to contribute to the solution of this problem, like the development
of specialized platforms to help students in the process of learning and understanding how to program [16-19], or the
use of new technologies, such as robots that were analyzed and tested to see if they help students learn to program [20].
While each has its advantages, none of them has yet solved it completely. However, there is no consensus on the most
effective methods, and the role of student aptitude remains largely unexplored. This study aims to fill this gap by
exploring the potential of a programming cognitive test as a predictor of student performance in IP.

Programming aptitude is not only a prerequisite but also an essential skill that serves as the foundation for a future
engineer's abilities, which lays the groundwork for understanding complex algorithms, problem-solving methodologies,
and the fundamentals of software development [21]. The first programming curricular unit is extremely important for
aspiring computer engineers, as it serves as the foundation for their entire educational and professional path. Early
intervention is crucial for addressing these challenges and improving student learning outcomes.

Predicting the skills required for success in programming is a topic that has been studied for many years and
explored by several authors, yet no consensus has emerged. There is also recent research focusing on the development
and validation of aptitude tests for programming [22, 23]. Most of these tests require related skills, such as mathematics
and logic [24]. The IBM Programmer Aptitude Test is a well-known early test for predicting programming aptitude.
This test was widely used in industry to evaluate job applicants and to assess the potential to learn to program [25].

In this study, we collected data to develop a Programming Cognitive Test (PCT) to measure students' aptitude for
learning programming and predict students’ performance in the IP course at HE. Two Research Questions (RQs) were
specified: RQ1 - Does PCT, composed of Verbal, Reasoning, and Aptitude components, can effectively predict student
performance in an IP course, using machine learning models? and RQ2 - Which ML models have the best results?

To address these research questions, the PCT was designed using questions in three cognitive categories—\Verbal,
Reasoning, and Aptitude—alongside additional background information deemed relevant to student performance. Based
on this dataset, it was necessary to adopt a systematic approach to ensure that the modeling process was both rigorous
and aligned with the study’s objectives. A structured approach was used to justify the selection of algorithms for model
development. To identify patterns and relationships in the data and predict students’ performance in IP courses on HE,
K-means clustering and Machine Learning (ML) algorithms were used. This detailed analysis will allow for a deeper
appreciation of the results obtained and the conclusions drawn.

This paper presents the machine learning (ML) models used to analyze data and the metrics adopted to evaluate
their performance, emphasizing the importance of selecting appropriate algorithms to extract insights and make accurate
predictions in programming education. Each chosen algorithm is described in detail, including its operation,
development, training, and testing, followed by a comparison of results to identify the most efficient model. The study
also discusses the methods used to ensure model robustness and generalizability. Tools such as Jupyter Notebook [26]
and the Python programming language, recognized for their effectiveness in data science, were employed. The primary
goal is to develop a predictive tool that enables educators to identify students at risk of failure, allowing for timely
pedagogical adjustments and potential adaptation to other subjects or courses.

The remainder of this paper is structured as follows. Section 2 summarizes the literature review concerning
programming aptitude tests; Section 3 describes the methodology used, including the sample and test description;
Section 4 presents the results analysis; Section 5 discusses the results; Section 6 presents some pedagogical
recommendations, and finally, Section 7 presents the conclusions and future research.

2. Literature Review

Over the decades, numerous efforts have been made to develop aptitude tests capable of predicting success in
programming, particularly in the early stages of a computer science degree program. One of the earliest and most
well-known tools was the IBM Programmer Aptitude Test (PAT) [27], which assessed numerical patterns, visual
analogies, and arithmetic skills. Despite its popularity in industry during the 1960s, studies revealed only a weak
correlation between test scores and actual job performance. In response, Wolfe (1971) [28] designed a new battery of
tests focused on the ability to follow complex procedural instructions, aiming to address earlier limitations. Over time,
programming aptitude tests have continued to evolve. Parallel to this, general scholastic aptitude tests like the SAT [29]
have been used in educational contexts, although their predictive power is limited. Critics argue these tests explain only
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a fraction of academic success. Another example is PAAT and I-PAT (International Programming Aptitude Test) [30],
which assesses a broader range of cognitive abilities, including logical reasoning, specification interpretation, attention
to detail, and symbolic reasoning. In 2006, Dehnadi and Bornat [31] claimed they had found a way to identify students
who would fail to learn programming, based on a test administered to 60 students.

Despite this ongoing interest, no single test has achieved widespread consensus or adoption. One reason lies in the
complex, multifaceted nature of programming, which involves not only logic and mathematical skills but also
abstraction, creativity, and problem-solving under uncertainty. As highlighted by Quille and colleagues [23], even recent
attempts, such as the PreSS (Predicting Student Success) test, require careful contextualization and adaptation to diverse
educational environments. Similarly, Harris [22] emphasized the difficulty in designing tests that can generalize across
populations, given variations in students’ backgrounds, learning styles, and prior experiences. The lack of a standardized
or widely accepted programming aptitude test underlines the need for continued exploration in this area, incorporating
cognitive, motivational, and experiential dimensions. Overall, while numerous programming aptitude tests have been
developed over time, no single test has gained universal acceptance, and their effectiveness in reliably predicting
programming performance remains debated.

3. Methodology

We collected data from students’ responses to the PCT, designed to assess their aptitude for learning introductory
programming, as well as their final grades in an IP course in higher education. The data was gathered from first-year
Computer Engineering (CE) students enrolled in the 2023/2024 academic year at the Coimbra Institute of Engineering
(ISEC), part of the Polytechnic University of Coimbra (IPC), Portugal.

3.1. Sample and Programming Cognitive Test Description

During the first week of classes in the first semester of the 2023/2024 academic year, which began in September
2023, a test was administered to assess students’ programming aptitude in the context of the IP course. A total of 217
students answered the test. This course has a total grade of 20 marks, including grades from two tests and a final exam
at the end of the semester. The assessment for this course is as follows: 1st test (5 marks), 2nd test (6 marks), and a final
exam (9 marks), for a total of 20 marks. For students to take the exam, they need at least 25% in each test and at least 7
practical class attendances in 15 classes. In the exam, they also need at least 25%. If the student obtains a grade of 9.5 or
higher after all these requirements, the student has passed. Students who didn't get a final grade because they didn't
fulfil the criteria were removed from the sample. Thus, of the 217 participants, only 180 completed all three evaluation
methods and received a final grade. The final dataset comprises 180 instances, each corresponding to a student’s test
answers and course grades.

Our test consisted of three independent parts: Verbal question [32], Reasoning questions [33], and Aptitude
questions [34], for testing programming aptitude. Each part assesses, from our perspective, a crucial skill or competency
needed for success in programming. Verbal questions typically assess comprehension, language processing, and the
ability to interpret written material. Reasoning questions focus on logical analysis, problem-solving, and decision-
making. Aptitude questions are often used to measure abstract thinking, spatial reasoning, and quantitative skills. We
chose to include these categories in the PCT based on their relevance to programming success, as supported by prior
research on cognitive and problem-solving skills essential in this field. From our perspective, each part assesses a core
competency required for effective programming. In practice, programmers must be able to read and understand complex
documentation, articulate problems clearly, and collaborate with team members. They also interpret problem
descriptions, write meaningful code comments, and process language-based error messages. These tasks rely heavily on
language comprehension and clarity of thought, making verbal ability a relevant cognitive factor. Although often
perceived as secondary to mathematical reasoning, verbal skills are closely tied to abstraction and problem
decomposition in programming [2]. Similarly, reasoning ability underpins the capacity to break down problems into
smaller components, analyze patterns, and troubleshoot efficiently. Logical reasoning, sequential thinking, and pattern
recognition directly support programming constructs such as control flow, conditionals, and algorithmic development.
Aptitude, as assessed through numeric or abstract tasks, reflects the learner’s ability to grasp new concepts, visualize
structures, and apply computational logic. Skills like mental rotation, quantitative reasoning, and abstract symbol
manipulation are often associated with algorithm design and data structure comprehension [7, 31] (e.g., Bundy, 1984;
Pennington, 1987).

The PCT questions were taken from online tests and are based primarily on those used by IBM in the recruitment
process. However, the Verbal question part was considered complex and misaligned with our intentions. Therefore, the
researchers involved used triangulation, opting for a single Verbal question, which proved to be effective [35] and has
already been used in several studies to assess individual qualities, such as language skills necessary to interpret a
programming problem description and logical skills included in problem-solving ability [36]. We acknowledge that the
verbal component represented by only one item in our test could limit the reliability of the verbal sub-score; however,
the selected item was adapted from a validated question previously used in educational aptitude assessments [35].
Future iterations of the PCT will aim to expand this component and subject it to psychometric analysis to align it with
programming performance better.
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The test consisted of 21 multiple-choice questions. The questions belong to the three categories mentioned: 1
Verbal question, 10 Reasoning questions, and 10 aptitude questions. The Verbal question presents a logical problem; the
Reasoning questions are based on sequences of numbers or letters that must be completed, and the aptitude questions
present some mathematical problems. In a simplified way, a score of 1 point was assigned to each question, so the test
totaled 21 points. As the cognitive test consisted of three categories of questions, it was decided to create 3 new
variables with the final grades for each category: Verbal, Reasoning, and Aptitude. With these variables established, the
next step was to explore how students' cognitive performance related to their academic success in the course.

The developed models were based on classification algorithms that aimed to determine whether students would
pass the IP course. To do this, the variable with the student’s final grade in the course, with values between 0 and 20,
has been transformed into one with values 0 or 1, for when students fail (0) and pass (1).

The features used were the answers to the 21 questions, the final grades in each of the three categories (Verbal,
Reasoning and Aptitude), the cognitive test grade, the final grade of the course, and the category of the students (FS —
Freshmen students or RS — Repeating Students), for a total of 27 features. The dataset built through the cognitive test is
described in Table 1.

Table 1. Dataset

Sample size Number of Features | Freshmen sample size | Repeaters sample size
180 27 148 32

As a result of the initial data pre-processing, the state of the dataset that would be used in the process of training,
testing and validating the models has the features, a Boolean freshman (1 if it is a FS and 0 if is a RS), P1-P till P21-P
questions (1 if correct and 0 if wrong), Cat_Verbal grade (grade between 0 and 1), Cat_Reasoning grade (grade between
0 and 10), Cat_Aptitude (grade between 0 and 10), P_total grade (grade between 0 and 21) and a Boolean Approved (1
if approved and 0 if not).

3.2. Machine Learning Algorithm for Cluster Analysis

Cluster analysis was used to identify patterns and relationships within data by grouping data in natural ways and
revealing structures that may not be immediately apparent in other methods. This can lead to new insights and a better
understanding of the data's fundamental structure. The cluster analysis to be carried out will focus solely on the 148 FS,
since the main aim of this analyzis is to analyze patterns in the students’ data when they have their first contact with IP.
Including RS might introduce some bias into the data, as they may already have prior programming experience or at
least some previous exposure to it.

The cluster analysis was divided into three stages, each consisting of analyzing clusters for one of the question
categories (\Verbal, Reasoning and Aptitude), using a hierarchical method, the K-means algorithm, one of the most
popular partitioning methods due to its simplicity and efficiency. The elbow rule, attributed to Thorndike [37], was used
to define the number of clusters. The average silhouette coefficient [38] was also calculated to assess whether instances
were correctly assigned to each cluster.

3.3. Other Machine Learning Algorithms for Prediction

In this study, six widely used supervised classification algorithms were selected to predict student performance in
the IP course and were identified in [39] (in alphabetic order): Decision Tree (DT) [40], K-Nearest Neighbor (KNN)
[41], Na'we Bayes (NB) [42], Random Forest (RF) [43], Support Vector Machine (SVM) [44] and Deep Neural Network
(DNN) [45]. The rationale for this selection was grounded in the suitability of each algorithm for different data
distributions, levels of interpretability, and complexity, as well as its ability to model patterns in educational datasets.
The research reported in [46] showed that DNN performed well.

DT was included for its high interpretability, making it suitable for educational settings where understanding the
decision-making process is as essential as prediction Accuracy. DTs can handle both categorical and numerical data,
and their tree-like structure provides transparency in feature importance and rule extraction. RF extends DTs by creating
an ensemble of trees, improving generalization through bagging and random feature selection. RF is robust to noise and
overfitting and provides measures of feature importance, yielding educational insights into which factors most strongly
affect student success. KNN was selected for its simplicity and non-parametric nature, which makes no assumptions
about the underlying data distribution. KNN is often effective in low-dimensional, well-separated problems and serves
as a strong baseline in classification tasks. Its performance in identifying outlier or at-risk cases (e.g., students likely to
fail) is particularly relevant in educational datasets. NB, based on Bayes' theorem with the assumption of feature
independence, is computationally efficient and often surprisingly accurate, particularly in text classification and
educational contexts. Despite its strong independence assumption, NB serves as a robust baseline, especially in
imbalanced datasets, where Precision and Specificity are crucial. SVM was chosen for its robustness in high-
dimensional spaces, given the large number of input features derived from cognitive tests. SVM is effective in handling
non-linearly separable data through the kernel trick and is known for its strong generalization performance, even in
relatively small datasets. DNN was included for its ability to learn complex, non-linear patterns via hierarchical
representations. DNNs are especially effective when relationships among features are not explicit or are highly
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interdependent, as is likely the case in cognitive performance prediction. Though less interpretable, DNNs offer state-
of-the-art performance and are becoming increasingly relevant in educational data mining.

The combination of these six algorithms allowed for a comprehensive comparative analysis of different modeling
paradigms—ifrom transparent rule-based models (DT, RF), to statistical and probabilistic classifiers (NB), distance-
based methods (KNN), margin-based classifiers (SVM), and deep learning techniques (DNN). This diversity enables a
thorough evaluation of model performance and applicability in predicting programming success and identifying
students at risk.

This section provides an overview of the workflow used to predict students’ success in an IP course on HE. The
workflow goes from dividing up the data, selecting the features, oversampling and doing the normalization of the data,
to describing the adjustments of the hyperparameters and describing the DNN architecture used, as well as specifying
what evaluation metrics were applied to the models.

3.3.1. Data Splitting

To ensure that ML models can generalize effectively to new data, the dataset was split into two subsets: a training
set and a test set. Using the “train_test split” function from the “Scikit-learn” library, 70% of the data was used for
training and 30% for testing. The values for this split were chosen based on an initial test that used the following dataset
splits: 70/30 and 80/20. Two of the six algorithms were used for the evaluation process (RF and SVM). RF and SVM
have contrasting characteristics, so by testing both, it was possible to obtain a representative analysis of the impact of
the split on the performances of algorithms with different natures, providing a more informed basis for choosing the
final split. The models with the dataset split into 70% training and 30% testing obtained slightly better Accuracy results,
as can be seen in Table 2. This dataset split was performed randomly, with the “random_state” parameter set to 42. This
ensures that the random splitting process is reproducible: each time the dataset is split with this value, the training and
testing sets will be the same. Setting “random_state=42" ensures consistent results across runs and algorithms, enabling
a reliable comparison of models applied to the same data split. After the split, the train set had 126 instances, while the
test set had 54.

Table 2. Dataset splits performance analysis

Metric RF 70/30 RF 80/20 SVM 70/30 SVM 80/20
Accuracy 85% 75% 87% 75%

3.3.2. Feature Selection

One stage in model development is feature selection, which involves selecting the features to use for training and
testing. Initially, the chosen features were all those obtained from the cognitive test data: student category (FS or RS),
each question grade, Verbal category grade, Reasoning category grade, Aptitude category grade, and test grade.
However, this first selection totaled 27 features, making it very difficult for the model to learn the data and make
accurate predictions. This was demonstrated during RF and SVM testing, where both models classified all instances as
likely to be approved (1). This result indicates that the models were unable to learn from the data; instead, they adjusted
to the noise and failed to capture significant patterns, leading to overfitting.

To overcome this problem, a decision was made to reduce the number of features. In the feature selection process,

two methods were compared: SelectKBest and Categorical Principal Component Analysis (CATPCA). The
“SelectKBest” method operates as a univariate filter, ranking features based solely on their individual relationships with
the target variable using statistical tests; it does not consider potential feature interactions nor the multivariate structure
of the data. [47]. With “SelectKBest” features are selected based on their individual characteristics without considering
the ML algorithm used [48]. This was the main reason for choosing this method over others, because the selected
features must be the same for every algorithm.
The other method applied focused on using information obtained from the statistical analysis, specifically the
Categorical Principal Components Analysis (CATPCA) analysis [49]. CATPCA captures non-linear relationships and
interdependencies between features, which are particularly relevant in the context of cognitive and behavioral
educational assessments. Another advantage of CATPCA lies in its interpretability: the transformation provides insight
into the variance explained by each principal component and facilitates visual inspection of feature relationships, which
aligns with the educational focus of this study. Empirical testing confirmed the theoretical advantages.

The features selected by both methods were:

o SelectKBest: P4_P, P6 P, P8 P, P15 P, P18 P, Cat Verbal, Cat_Resoning, Cat_Aptitude, P_total.
o CATPCA: Freshmen, P9_P, P10 _P, P17 P, P18_P, Cat_\erbal, Cat_Resoning, Cat_Aptitude, P_total.

As shown in Table 3, the feature set selected using CATPCA vyielded higher Accuracy in both RF and SVM

models compared to SelectKBest, with accuracies of 85% and 87% respectively, versus 81% and 85% for SelectKBest.
Therefore, CATPCA was chosen for the final feature selection not only because it aligns with the dataset's categorical
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nature and reveals deeper structure, but also because it yielded slightly better cross-validation results, confirming its
practical value.

Table 3. Feature selection performance comparison: SelectKBest/CATPCA

Metric RF SelectKBest SVM SelectKBest RF CATPCA SVM CATPCA
Accuracy 81% 85% 85% 87%

Therefore, the final list of features chosen to train and test the models was obtained from the CATPCA analysis and
is described in Table 3.

3.3.3. Data Augmentation and Normalization

While analyzing the data, a clear imbalance was detected. Of the 180 instances, more than 80% correspond to
students who passed the IP curricular unit, leaving just under 20% who failed the course. The class referring to
approved students is the majority class in the dataset, which causes an imbalance in the classes that can lead the model
to be biased toward predicting the majority class, potentially resulting in poor Recall and misclassification of the
minority class, in this case, the students most in need of early intervention. Therefore, for the model to be able to
generalize, it was necessary to balance the training set. To address this issue, the “RandomOverSampler” oversampling
technique from the “imbalanced-learn” library was employed [50]. This technique involves generating new instances of
the minority class by replicating existing instances within that class. In this case, it used the existing instances in the
minority class (failed students). It repeated them until it had the same number of cases as the majority class (approved
students). So, after splitting the data, the oversampling technique was applied only to the training set, leaving the test set
untouched. While this helped balance class representation during model training and improved Recall for the minority
class, it may also increase the risk of overfitting due to duplicate instances. Therefore, cross-validation was essential to
assess whether models generalized well despite the synthetic class balance. Additionally, the evaluation metrics selected
(Recall, Specificity, and F1-score) were chosen to assess how well each model handled the imbalance. Even with
oversampling, the imbalance can still affect model confidence calibration, threshold Sensitivity, and real-world
deployment performance, where unseen data may remain skewed. Future work should consider other techniques such as
Synthetic Minority Oversampling Technique (SMOTE), cost-sensitive learning, or ensemble methods tuned for
imbalanced data, as well as analyzing calibration curves to assess prediction confidence.

The data was also normalized using “StandardScaler” [51] from “Scikit-learn”. This technique will transform the
data so that its distribution has a mean value of 0 and a standard deviation of 1, ensuring that all features are on the
same scale. This normalization is an important step that helps improve the model’s performance, especially for
algorithms that are sensitive to the scale of the data, such as KNN and SVM.

3.3.4. Hyperparameter Adjustment

In the process of developing and testing the models, an essential stage is parameter fine-tuning. To do so, the
“Scikit-learn” tool “GridSearchCV” [52] was used. This method allows hyperparameters to be tuned, enabling the
identification of the parameter combination that yields the best model performance according to a specific metric, in
this case, Accuracy. This process was repeated for every algorithm applied, except for the DNN.

In Table 4 the hyperparameters that best suit each algorithm to get the best results based on the Accuracy metric
are described. This description only shows the selected hyperparameters with non-default values. The missing
hyperparameters were used with their default values.

Table 4. Hyperparameters used

Algorithm Criterion used and description Default
DT ‘log_loss’: Defines the metric for evaluating the quality of a split. Penalizes based on | Metric ‘gini’, which is an alternative
the probability associated with each class, encouraging greater purity in the nodes metric, but is less sensitive to
probabilities

Max_features = ‘sqrt’: Defines the maximum number of features considered in each | None (all features are considered)
split, here being the square root of the total number of features, a common practice to
avoid overfitting in more complex trees

KNN N_neighbors = 10: Indicates the number of neighbors considered to determine the | Value 5, where a higher number of
class of a new instance. A value of 10 tends to smooth the decision threshold and is | neighbors can help to avoid fluctuations
more robust to noise caused by atypical values

NB All hyperparameters have the default
values
RF Max_features = ‘log2’: Defines the maximum number of features to be considered in | None (all features are considered)

each split as the base 2 logarithm of the total number of features. This reduces
variance and improves generalization

SVM All hyperparameters have the default
values
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3.3.5. DNN architecture

Many tests were conducted across different configurations to define the DNN architecture. In each run, something
was changed, whether it was the number of layers, the number of neurons, activation functions or even the addition and
removal of special layers such as Batch Normalization and Dropout. In the end, it came down to the following final
architecture:

Dense input layer with 128 neurons and ReLU activation function.

Normalization layer (“BatchNormalization”)

Dense layer with 64 neurons and ReL U activation function.

Dense layer with 8 neurons and ReL U activation function.

Dense output layer with 1 neuron, as this is a binary classification problem, with Sigmoid activation function.

arwbdE

3.3.6. Evaluation Metrics

In the performance prediction phase, the metrics used were Accuracy, Precision, Recall, F1-Score and Specificity.
Accuracy measures the total percentage of correct predictions. In student performance prediction problems, high
accuracy indicates that the model can correctly predict students' status in most cases. Precision focuses on the quality of
the positive predictions, measuring the proportion of positive predictions that belong to that class. Precision is crucial
when False Positives (FP) are penalized, as in the case of predicting success where, in fact, the student would fail,
leading to incorrect expectations. Recall measures the model’s ability to identify all instances of the positive class
correctly. In a student performance context, good Recall is important to ensure the model does not miss students at risk
of failing. The F1-Score combines Precision and Recall into a single metric to assess their balance. It is beneficial in
cases of unbalanced classes. Finally, Specificity measures the model’s ability to correctly identify the negative class,
which is important to ensure it does not misclassify low-performing students as high-performing. This metric was not
part of the initial selection, but it was chosen because it enables evaluation of an essential project task (correctly
predicting students at risk).

Although Accuracy is the most widely reported and intuitive metric for assessing overall model performance, its
limitations in imbalanced classification tasks are well recognized. In this study, the dataset is skewed, with a higher
proportion of students passing the course than failing. In such cases, a high Accuracy score may reflect bias toward the
majority class, making it an insufficient sole evaluation criterion. To address this, we complemented Accuracy with
Precision, Recall, F1-score, and Specificity. Among these, the F1-score is particularly relevant, as it balances Precision
and Recall, providing a better representation of the model’s performance in the minority class (students at risk). In
educational contexts, where identifying underperforming students is critical, the F1-score provides a more informative
perspective than Accuracy alone. However, we retained Accuracy as a reference for comparability with existing
literature and to provide a general performance overview. Therefore, the reported results should be interpreted in
combination rather than relying solely on Accuracy, especially when evaluating models for practical deployment in
early intervention systems.

4. Results Analysis

This chapter presents a detailed analysis of the results obtained from applying K-means clustering and the other
ML models discussed previously.

4.1. Cluster analysis

The cluster analysis using the K-means algorithm was divided into three stages, each consisting of analyzing
clusters for one of the question categories (MVerbal, Reasoning and Aptitude).

o \erbal Category

A hierarchical method was first applied to perform the cluster analysis, in which the number of clusters was
determined using the elbow rule and the coefficients. The expression calculates the number of clusters as the difference
between the dataset size (148) and the step (144), where the step is the stage at which the elbow is identified; therefore,
148 minus 144 equals 4 clusters. Next, the K-means algorithm was applied in the cluster analysis. Each instance of the
dataset was distributed in a cluster. Table 5 presents the descriptive statistics for the four defined clusters. Here, each
cluster's minimum, maximum, mean, and standard deviation are based on the two selected variables: Course grade and
Verbal category grade.

The fact that the Verbal category had only one question makes it difficult to extract insights from the cluster’s
formation. Analyzing, it’s possible to see:

Cluster 1 — Students with average course and average Verbal category grades.

Cluster 2 — Students with excellent course grades and average Verbal category grades.

Cluster 3 — Students with good course grades and average Verbal category grades.

Cluster 4 — Students with low course and low Verbal category grades.
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The cluster silhouette coefficient was calculated to assess whether instances were correctly assigned to each cluster.
The silhouette coefficient measures the similarity of an object to its cluster compared to other clusters. A value close to
1 indicates that the object has a good match with its cluster and a poor match with neighboring clusters. The average
silhouette coefficient achieved for the four clusters was 0.510, indicating that, on average, the clusters are relatively
well-defined and distinct from one another.

Table 5. Cluster analysis for the Verbal category

Variable Cluster Minimum Maximum Mean Std. Deviation
1 9 12 10.85 0.970
Course Grade 2 17 20 17.65 0.885
3 13 16 14.37 1.121
4 5 8 6.94 0.998
1 0 1 0.51 0.505
Verbal Category 2 0 1 0.52 0.511
Grade 3 0 1 0.5 0.505
4 0 1 0.31 0.479

e Reasoning Category

Based on the elbow rule and using the expression that calculates the number of clusters as the difference between
the number of instances and the step, the number of clusters was 5 because 148 minus 143 totals 5. Table 6 presents the
descriptive statistics of the five clusters. Here, each cluster's minimum, maximum, average, and standard deviation are
based on the two selection variables: Course grade and Reasoning category grade.

Table 6. Cluster analysis for the Reasoning category

Variable Cluster Minimum Maximum Average Std. Deviation
1 15 20 16.63 1.384
2 7 11 9.49 1.292
Course Grade 3 11 17 14.04 1.786
4 5 9 6.78 1.394
5 11 14 12.46 1.047
1 5 10 75 1.351
Reasoning Category 2 > 10 7.06 1371
Grade 3 1 6 4.04 1.427
4 2 5 3.44 1.014
5 6 10 8.18 0.997

Analyzing Table 6 it is possible to gather some insights about the cluster’s formation:

Cluster 1 — Students with good course and good Reasoning category grades.

Cluster 2 — Students with low course grades and good Reasoning category grades.

Cluster 3 — Students with good course grades and low Reasoning category grades.

Cluster 4 — Students with low course and low Reasoning category grades.

Cluster 5 — Students with average course grades and good test grades.

The average silhouette coefficient achieved for the five clusters was 0.385, indicating that, on average, the clusters
are relatively well-defined and distinct from one another.

e Aptitude Category

Based on the elbow rule and using the expression that calculates the number of clusters as the difference between
the number of instances and the step, the number of clusters considered was 4 because 148 minus 144 equals 4. Table 7
presents the descriptive statistics of the four clusters. Here, each cluster's minimum, maximum, average, and standard
deviation are based on the two selection variables: Course grade and Aptitude category grade.

Table 7. Cluster analysis for the Aptitude category

Variable Cluster Minimum | Maximum Average | Std. Deviation
1 15 20 16.71 1.382
2 12 18 14.50 1.606
Course Grade 3 10 14 11.81 1.197
4 5 11 8.56 1.761
1 4 9 6 1.181
Aptitude 2 1 5 331 1.176
Category Grade 3 4 9 6.08 1.127
4 1 7 4.18 1.381

Analyzing Table 7 it is possible to gather some insights about the cluster’s formation:
Cluster 1 — Students with good course and good Aptitude category grades.
Cluster 2 — Students with good course grades and low Aptitude category grades.
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Cluster 3 — Students with average course grades and good Aptitude category grades.

Cluster 4 — Students with low course and low Aptitude category grades.

The average silhouette coefficient across the four clusters was 0.365, indicating that the clusters are relatively
well-defined and distinct from one another.

4.2. Other Machine Learning algorithms

When applying ML techniques to the models discussed previously in this study, the aim is to provide a
comprehensive assessment of their performance, compare their performance, and discuss the insights derived from
these results in the context of the problem under study. After pre-processing, the training set with oversampling had 220
instances (110 for each class), while the test set, in its original state, had 54 instances (47 for approved students and 7
for failed students).

4.2.1. K-fold Cross-Validation

To ensure a robust, unbiased assessment of the models’ performance, the K-fold Cross-Validation method was
used before the final training and testing stages. This method consists of dividing the data set into k subsets of similar
size, called folds. In each iteration, one of these folds is reserved for validation, while the remaining k-1 are used to
train the model. This process is repeated k times, ensuring that each instance of the dataset is used for both training and
validation, providing a more stable and representative assessment of the model's performance.

This process also allows hyperparameters to be adjusted more precisely, as repeated validation on different subsets
of the dataset provides a clearer view of how the model might behave on unseen data. This makes it possible to
optimize models before the final evaluation. There is no rule defining the exact value of K. Tests were carried out with
K =5 and K = 10. While the average results across folds were relatively stable for most algorithms, minor variance was
observed in individual fold outcomes, particularly for RF, which motivated the final choice of K=5. This selection
provided a better trade-off between computational cost and variance stability. It also aligns with standard practice for
small-to-moderate datasets like ours, where higher values of K may lead to increased variance due to smaller validation
sets per fold. Importantly, cross-validation served as a key step in model tuning and evaluation, helping us mitigate
overfitting, especially for models such as DT and RF, which are sensitive to training data noise. For DNN and SVM,
cross-validation also provided a more balanced view of model behavior beyond the final test set. In a dataset with high
imbalance and limited minority-class examples, cross-validation ensured that every instance was used in both the
training and validation phases, thereby enhancing the robustness of model comparisons and providing greater
confidence in selecting the best-performing approach. Table 8 shows the results of the cross-validation in all models.

Table 8. K-fold Cross-Validation results, with K=5

The results obtained by applying various ML algorithms to predict students’ performance in an IP course were
interpreted and compared with findings reported in the existing literature. The performance metrics used were Accuracy,

Algorithms

Accuracy

Precision

Recall

F1-score

DT

78%

80%

78%

79%

DNN

88%

92%

84%

87%

KNN

84%

81%

84%

80%

NB

81%

81%

81%

81%

RF

81%

78%

81%

78%

SVM

87%

89%

87%

81%

Precision, Recall, F1-score and Specificity. The results obtained are shown in Table 9.

Table 9. Models’ performance

Algorithms

Accuracy

Precision

Recall

F1-score

Specificity

DT

80%

89%

87%

88%

29%

DNN

91%

94%

96%

95%

57%

KNN

69%

97%

66%

78%

86%

NB

69%

94%

68%

79%

71%

RF

85%

90%

94%

92%

29%

SVM

87%

93%

91%

92%

57%

DNN had the best overall performance, with the highest Accuracy (91%), Recall (96%), and F1-score (95%), as
well as high Precision (94%) and a significantly high Specificity (57%). This indicates that DNN is particularly
effective at predicting students’ performance in IP courses. RF also showed good results, with high Accuracy (85%),
Precision (90%), Recall (94%) and Fl1-score (92%). However, its Specificity was low (29%); the same problem
occurred with DT, suggesting difficulties in identifying true negatives, indicating that these models fail an important
requirement: the ability to identify students who may not have the aptitude for programming. SVM is also a good, stable
choice, as it performed well with Accuracy (87%), Precision (93%), Recall (91%), and F1-score (92%), with Specificity
equal to that of the DNN (57%). Surprisingly, KNN achieved the highest Specificity (86%), indicating that it is best at
identifying students with reduced aptitude for programming and who may have difficulties learning programming
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throughout the course. However, the low Accuracy (69%) and Recall (66%) suggest that it may not be the most suitable
for general performance balancing. NB also had high Specificity (71%) and good Precision (94%), but KNN had
moderate Accuracy (69%) and Recall (68%), resulting in a lower F1-score (79%).

4.2.2. Confusion Matrix

Visualizing the results is an important step in analyzing ML models, as it makes it easier to both interpret and
understand the model’s performance. Next, the confusion matrices for each model are displayed, providing a clear view
of how each model performs in terms of correct and incorrect classifications. A confusion matrix is a performance-
evaluation tool for classification models that provides a detailed breakdown of correct and inaccurate predictions. The
confusion matrix has four important results: True Positives (TP): positive cases correctly classified as positive; True
Negatives (TN): negative cases correctly classified as negative; False Positives (FP): negative cases incorrectly
classified as positive; and False Negatives (FN): positive cases incorrectly classified as negative.

Table 10 helps to visually summarize the possible results of a binary classification.

Table 10. Confusion matrix description

Reality / Prediction | Negative (Prediction) Positive (Prediction)
Negative (Reality) TN FP
Positive (Reality) FN TP

Fig. 1 shows a dashboard of the confusion matrices generated by all six algorithms: DNN, SVM, RF, DT, NB, and
KNN. The confusion matrices are displayed from best to worst performance (most correct predictions). Note that in the
following confusion matrices, the class with value “1” corresponds to approved students, and the class with value “0”
corresponds to failed students.

In the matrix of the DNN algorithm, it is seen that this model performs well in predicting the majority class (1),
with 45 instances correctly classified as positive. However, the model struggles to predict the minority class (0),
resulting in only 4 correct predictions and 3 instances incorrectly classified as the positive class.

The SVM confusion matrix is also presented. The SVM model achieves the second-best performance among the
six algorithms, striking a good balance between TP and TN predictions, correctly classifying almost all TP instances
while failing in only three TN instances.

In the confusion matrix of the RF algorithm, the main problem with this model is expressed. This model is difficult
to identify with TN correctly. Of the 7 TN instances, RF correctly classified only 2. However, the RF model correctly
predicted one more TP than SVM.

The DT model's confusion matrix reveals the central problem: its difficulty in correctly classifying TN. It is also
possible to understand one reason for the DT model's low Specificity values: the small number of TN instances, which
has a significant impact even if only a few are misclassified.

In the NB model's confusion matrix, although the TN (5 out of 7) are correctly classified, the main problem is the
classification of TP, which explains the model's low Accuracy. The NB model misclassified a large portion of instances
in the majority class (approved students).

For KNN, the confusion matrix reveals both its main strengths and weaknesses. The model correctly classified 6
instances of the negative class (class 0) and had only 1 FP, indicating a strong ability to identify the negative class
correctly. However, the model underperformed in determining the positive class (class 1), incorrectly classifying 16
positive instances as negative. These results suggest that KNN tends to favor the negative class, resulting in a high rate
of FN.

The analysis of the confusion matrix for all six models tested supports the conclusion regarding the five metrics
results. DNN and SVM stand out as the most effective, maintaining a good balance between the predictions of the
approved student’s class and the failed student’s class. KNN and NB perform very well at predicting students at risk,
but fall short when classifying majority-class instances. DT and RF achieve good results in predicting which students
are approved, but they misclassify almost every at-risk student.

A deeper analysis of the confusion matrices reveals key differences in how each model handles FP and FN, both of
which have critical implications in the educational context. FP occurs when a student predicted to pass (approved) fails.
These cases are particularly concerning because they may not receive the necessary academic support or interventions,
potentially increasing the risk of failure. For instance, the RF and DT models had high FP counts, reflected in low
Specificity scores (29%), suggesting that these models often overestimate student readiness. FN occurs when a student
who was predicted to fail can pass. While less immediately harmful, excessive FNs could result in unwarranted
interventions or mislabeling capable students, possibly affecting their confidence or access to challenging material.
Models such as KNN and NB exhibited high FN rates, which correlate with their lower Recall and Accuracy. On the
other hand, the DNN and SVM models maintained a better balance, showing both low FP and FN counts, and thus
offering more reliable predictions across both classes. Notably, DNN correctly identified 45 TP and only misclassified 3
negatives (FP), achieving a high Recall (96%) and moderate Specificity (57%), indicating its relative strength in
identifying students at risk while minimizing misclassification. From a pedagogical perspective, minimizing false
negatives is especially critical because students at risk of failure should be prioritized for early intervention. Therefore,
models with higher Recall, like DNN and SVM, are more appropriate in this domain. At the same time, minimizing FP
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is important for avoiding complacency or missed opportunities for support. Thus, striking the right balance (as reflected
in the F1-score and Specificity) is essential in selecting models for academic prediction systems.

True lakel
True labe

10

Predicted label Predicted labs

DNN SVM

40

35

30

True label
True label

ris

1 1 5
rio 10
Ls .
(4] 1 a
Predicted label Predicted label
RF DT
n
30
25
Q 2 25 o 6 1
20
— 20 =
x 2
= =
2 3 15
£ 15 =
10
1 15 o 1
rs
o - o
Predicted labe Predicted labe
NB KNN

Fig. 1. Confusion matrices dashboard.

4.2.3. Receiver Operating Characteristic Curve

The Receiver Operating Characteristic (ROC) curve is presented for each algorithm to understand better the
model’s ability to distinguish between the two classes. The ROC curve is used to evaluate the performance of binary
classification models, with the visualization of the model's ability to discriminate between classes. A model with a curve
closer to the top-left corner indicates better performance, as it shows a higher TP rate and a lower FP rate. Fig. 2 shows
a dashboard with the ROC curves used to assess the performance of the models, namely KNN, RF, SVM, NB, DNN
and DT. The area under the curve (AUC) quantifies the overall performance of the model: the closer it is to 1, the better
the performance, indicating a high rate of correct classification. An AUC value of 0.5 or lower suggests that the model
is producing random predictions. In the dashboard, the ROC curves are displayed from best to worst performance
(highest to lowest AUC).
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Fig. 2. ROC curves dashboard.

KNN achieved an AUC of 0.81, demonstrating very good performance in distinguishing the classes. This value
also indicates that, among the implemented algorithms, KNN is best at distinguishing and predicting between different
classes. With an AUC of 0.80, RF demonstrates a strong ability to differentiate between classes. This is an interesting
observation since, when analyzing the results, RF was one of the models with the lowest Specificity value, indicating
that this model could have a certain difficulty in predicting the students who are unlikely to pass the course. The AUC
value obtained may suggest that the sample observed by RF in the test phase does not reflect the model's true predictive
capabilities. SVM achieved the third-highest AUC of 0.78, indicating good performance in distinguishing between
classes. In the ROC Curve for the NB, the AUC is 0.74, indicating moderate ability to differentiate between classes.
The ROC curve of the DNN model shows performance similar to that of the NB model. The AUC value of 0.74, the
same as NB, indicates that the DNN model has a moderate ability to discriminate between classes. For the DT model,
an AUC of 0.60 was obtained, indicating poor performance in distinguishing between classes. The ROC curve indicates
the same performance issue: it is far from the top-left corner, with poor performance values.

Analysis of the ROC curves and AUC values for the six models tested allows a comparative assessment of each
approach's performance in predicting student performance. The KNN model performed best with an AUC of 0.81,
followed by RF (AUC = 0.80) and SVM (AUC = 0.78). These results suggest that KNN and RF have a relatively strong
ability to distinguish between classes, making them suitable for this specific task. This cloud suggests that models based
on neighborhoods and multiple decision trees have significant advantages, possibly due to their ability to better deal
with the complexities and variations in the dataset. The DNN and NB models achieved AUCs of 0.74, indicating
moderate performance, though lower than the best models. Although they still have a good discrimination capacity,
their results suggest that they may not be as effective as KNN and RF for this sample. DT had the lowest AUC (0.60),
indicating limited classification capacity and possibly a tendency to overfit the training data.
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5. Discussion

The project aims to identify students’ aptitude for programming. In this context, an important factor is the models’
ability to classify negative instances correctly, that is, accurately determine whether a student is at risk of failing,
enabling early interventions to improve their chances of success. The results obtained provide insights into relevant
information.

5.1. Quality of the Results

The six selected algorithms not only differ in performance but also in their underlying principles and suitability for
different aspects of the classification task. Each method brings unique strengths that are beneficial in the context of
educational data. For instance, interpretability is crucial when educators seek actionable insights, making models like
DT and RF attractive. In contrast, high-dimensional modeling capabilities (as in SVM) and complex pattern learning (as
in DNN) are important for accuracy in multifaceted cognitive datasets. These differences explain the performance
variations across metrics like Accuracy, Recall, and Specificity observed in Section 4. Algorithms such as DNN, SVM
and KNN stand out for different reasons. However, their performance results fall slightly short of the desired values.

DNN has demonstrated exceptional performance in modelling complex, non-linear relationships between input
features. This depth is useful in problems where the relationships between features are not linear, as is the case here. Its
hierarchical structure allows it to learn increasingly abstract representations of the data, enabling it to capture intricate
patterns that other models may miss. This capability is particularly advantageous for predicting student performance, as
it often involves multiple interconnected factors. These may be some of the characteristics that have led this model to
achieve the most optimistic results. For instance, [46] has shown that DNNs can effectively model the impact of coding
exercises, learning styles, and academic performance on future outcomes. DT and RF are powerful tools for capturing
non-linear interactions between features. However, their susceptibility to overfitting, especially with limited data, can
adversely affect performance, particularly metrics such as Specificity. As the study in [53] highlights, this limitation can
lead to models that are overly sensitive to noise in the data, resulting in poor generalization. While KNN achieved the
highest Specificity, its performance relies heavily on the appropriate definition of distance metrics in the feature space.
In the context of student performance prediction, where features may vary in scale and importance, defining suitable
distance metrics can be challenging. As the authors in [54] argue, suboptimal distance metrics can hinder KNN's ability
to classify instances accurately. NB assumes feature independence, which can be a restrictive assumption in many real-
world scenarios, including student performance prediction. Although it is fast and efficient, this assumption can limit its
ability to capture more complex relationships. Finally, the SVM has proved capable of classification. In the case of
student performance prediction, where the underlying relationships may be intricate and non-linear, SVM may struggle
to capture the full complexity of the data, leading to slightly lower performance than DNN. Specificity is a crucial
metric because it reflects the model’s ability to identify students who need intervention correctly. After analyzing the
results, it is possible to see that apart from KNN and NB, the algorithms do not perform well in the Specificity metric.

A limitation of this study is the relatively small sample size of 180 students, which, while meaningful in an
educational setting, can restrict the generalizability of ML models. It is well established that larger datasets typically
improve the robustness, stability, and external validity of predictive models. In our case, the sample reflects the entire
population of students enrolled in a single course offered at a HE Institution. Despite this limitation, several
methodological strategies were applied to enhance model generalizability, including 5-fold cross-validation, feature
selection, and oversampling techniques to balance class distributions. These approaches helped mitigate some
overfitting risks and ensured that each instance contributed to both the training and validation phases. Moreover, the
study's primary goal was not only predictive performance but also the exploratory analysis of cognitive and aptitude
indicators for student success, which can yield actionable insights even with smaller samples. That said, caution is
warranted in extending the findings to other student populations or institutional contexts. Future research should aim to
validate these models on larger, more diverse datasets, potentially involving multi-institutional collaborations or
longitudinal data across academic years. Such efforts would increase confidence in model transferability and improve
the statistical power of analyses. The reason for this is probably that the dataset is imbalanced. The oversampling
technique used doesn’t create new instances; it basically just replicates existing ones. The training set ended up with
about 220 instances (110 for each class). Still, because the original dataset has only 30 instances in the minority class,
the model may not have enough information to learn it. So, due to the large variability that can occur in the data, it can
be difficult for the models to learn and generalize. Therefore, when testing the models on the test set, the models tend to
be somewhat biased towards the majority class. The class imbalance affected several models. For example, while
models like DT and RF achieved high Accuracy and Precision, they struggled with low Specificity, indicating poor
performance in the minority class. This highlights the risk of bias introduced by imbalance, even after applying
oversampling. The results underscore the need to interpret metrics like Recall and Specificity alongside Accuracy,
particularly in educational contexts where identifying at-risk students is a priority.

Apart from the perhaps possible lack of ability to generalize, it can also happen that the minority class is under-
represented in the test set, which can affect metrics such as Specificity. Since the minority class is much smaller than
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the majority class, even a single incorrect prediction can significantly affect the final metric value, as each instance (TN)
carries considerable weight.

The use of 5-fold cross-validation was particularly relevant in reducing potential bias and variance in model
evaluation, given the dataset’s small size and class imbalance. By ensuring that each data point contributed to both
training and validation, the results reported in Section 4 are more likely to reflect real-world performance. The
consistency of performance across folds, especially for SVM and DNN, supports their generalizability. Conversely, the
slight fold-to-fold variability observed in RF and KNN highlights the importance of cross-validation in identifying
models that may be more sensitive to sampling variations. Overall, cross-validation played a central role in validating
model robustness, providing a more comprehensive assessment than a single train-test split.

While the evaluation relied on multiple performance metrics (Accuracy, Precision, Recall, Fl-score, and
Specificity), no statistical significance tests were conducted to formally assess whether the observed differences
between models were statistically significant. The observed variations, such as DNN outperforming other models on
most metrics, were consistent across both test data and cross-validation, but without significance testing, these results
should be interpreted as indicative rather than conclusive evidence of superiority. Incorporating statistical significance
tests would strengthen confidence in selecting the best-performing model, and it is an area for future enhancement.

One limitation of this study was the tendency of some tree-based models, particularly DT and RF, to overfit,
especially when applied to a relatively small, imbalanced dataset. This was evident in the confusion matrix results,
where these models achieved high TP counts but performed poorly in the minority class (failing students), reflected in
their low Specificity scores (29%). Such results suggest that the models may have memorized training data patterns
without generalizing well to new, unseen data. DT-based algorithms are inherently prone to overfitting, particularly
when the number of training samples is limited or when models are not sufficiently regularized. To mitigate this, we
applied cross-validation, used feature selection to reduce model complexity, and performed hyperparameter tuning.
Despite these efforts, the risk of overfitting remains, and it should be considered when interpreting the predictive results
of these models. Nevertheless, DT and RF were included in the study not only for their predictive capacity but also for
their interpretability, which is essential in educational contexts. These models provide insights into which variables
contribute most to predictions and can help educators understand potential pedagogical patterns in student performance.
For example, feature importance scores and decision paths can inform instructional design and early interventions.

In future research, further strategies to address overfitting will be explored, such as ensemble methods with
pruning, regularization techniques, and using larger, more diverse datasets. Additionally, leveraging explainable Al
(XAl techniques with more generalizable models (e.g., SVM or DNN) could offer a better balance between predictive
robustness and interpretability.

An important consideration in applying ML in educational contexts is model interpretability. Predictive models
must not only be accurate but also understandable to educators and decision-makers, who must translate predictions into
actionable pedagogical strategies. In this study, interpretability was partially addressed by including inherently
interpretable models such as Decision Tree (DT) and Random Forest (RF), which provide feature importance rankings
and clear decision structures. Additionally, the CATPCA-based feature selection identified which features explained the
most variance in the dataset. Preliminary analyses revealed that variables such as Cat_Reasoning, Cat_Aptitude, and
P_total were consistently selected across models and were associated with student success. These results align with the
theoretical foundation that cognitive reasoning and problem-solving ability are key predictors of programming
performance. However, deeper insights into the contributions of each feature, particularly in complex models such as
DNN and SVM, should be further explored in future work.

5.2. Comparison with Literature

This subsection presents a comparison of the results from the prediction models developed with those identified in
the literature review conducted in [39]. Each comparison will be based on the results from all evaluation metrics applied.
The DNN developed is not included in this section because the single paper that uses DNN only reports RMSE.

5.2.1. Decision Tree

Table 11 presents the results of this study in comparison to the results of the existing literature identified in [39].

Table 11. DT results comparison

Origin Sample Accuracy | Precision Recall Fl-score Specificity
This study 18 80% 89% 87% 88% 29%
Paper [55] 244 99.18% 100% 98.7% - -
Paper [56] 490 85.10% 86.57% 84.89% 85.72%

The results of our study show moderate performance compared to those in the literature. Although precision and
recall are competitive, especially in comparison with paper [56], the overall Accuracy of our model falls short of
expectations. The sample size of 180 records in this study may have affected the model's generalizability, as studies
with larger samples, such as [56] with 490 records, have shown slightly superior results, likely due to greater data
representativeness. As for Specificity, as is the case with almost all the literature analyzed, it is not very widely used, so
it is not possible to compare. The discrepancy with paper [55], which shows exceptionally high results, can probably be
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explained by the fact that in that study, the dataset used has information from the entire semester to predict the final
grade (with grades from tests and practical assignments), thus having a greater quantity of assessment components
already carried out making it easier to predict the final grade.

5.2.2. K-Nearest Neighbors

Table 12 presents the results of this study in comparison to the results of the existing literature identified in [39].

Table 12. KNN results comparison

Origin Sample Accuracy Precision Recall F1-score Specificity
This study 180 69% 97% 66% 78% 86%
Paper [55] 244 98.36% 99.3% 100% - -
Paper [56] 490 84.28% 85.82% 83.46% 84.62%

The results of our study show mixed performance compared with the literature. While Precision and Specificity are
high, overall Accuracy and Recall need significant improvement. The Accuracy and Recall of KNN in our study were
significantly lower than those reported in the papers [55,56]. On the other hand, the Precision in our study is
comparable to that in one paper [55] and higher than that in another paper [56]. The absence of Specificity values in the
studies [55-59] limits direct comparison of this indicator, but the high Specificity of this study model suggests that the
model performs well at avoiding FP. Regarding sample size, both studies used larger samples, which may have
contributed to their superior performance, as larger samples tend to reduce bias and increase data representativeness.

5.2.3. Na've Bayes

Table 13 presents the results of this study in comparison to the results of the existing literature identified in [39].

Table 13. NB results comparison

Origin Sample Accuracy Precision Recall Fl-score Specificity
This study 180 69% 94% 68% 79% 71%
Paper [57] 300 84.46% - - - -
Paper [58] 50 84% - - 83%

Paper [55] 244 98.36% 99.3% 100% -
Paper [59] 86 86% - - -
Paper [56] 490 84.28% 85.82% 83.46% 84.62%

The results of our study using the Naive Bayes algorithm showed mixed performance compared to the literature.
Precision is a strong point, but overall, Accuracy and Recall need improvement. The Accuracy and Recall obtained by
our model were the lowest among the other papers. On the other hand, the precision was the second-best, behind the
paper [55], which already showed very good results across all algorithms (perhaps even too good). The Specificity in
our study indicates that the model is reasonably effective in correctly identifying students who are unlikely to pass.
However, this metric was not reported in the papers [55-59]. Compared to other studies, the dataset used to train and
test NB in our study was among the smallest, which may, to some extent, explain the poor results, especially in
Accuracy and Recall. Studies such as [58, 59] used even smaller samples and achieved better accuracy. However,
because of the lack of more diverse metrics, it's not easy to draw clear conclusions about the model’s true quality.

5.2.4. Random Forest

Table 14 presents the results of this study in comparison to the results of the existing literature identified in [39].

Table 14. RF results comparison

Origin Sample Accuracy Precision Recall Fl-score Specificity
This study 180 85% 90% 94% 92% 29%
Paper [60] 289 60% - - - 7%
Paper [59] 86 90% - - - -
Paper [56] 490 87.55% 86.06% 88.6% 87.31%

The results obtained in our study with the RF algorithm showed good overall performance, with high values for
Accuracy, Precision, Recall, and F1-score, the last three of which were slightly better than those reported in the paper
[56]. The low Specificity of RF in this study, compared to the reasonably good Specificity in the paper [60], is a
significant concern, as it indicates that the model is not efficient at identifying students who are unlikely to pass,
resulting in many FP. Even with a smaller dataset, the RF model achieved better results than those reported in other
studies. When comparing the results of the paper [56] with this study's model, the sample size of 490 records (almost
three times the size of our sample) didn't have much of an impact on the results, since the model in [56] only
outperformed our study in Accuracy by approximately 3%.
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5.2.5. Support Vector Machine

Table 15 presents the results of this study in comparison to the results of the existing literature identified in [39].

The results of our study using the SVM algorithm showed good overall performance, with high values for
Precision, Recall, and F1-score. However, although the Accuracy achieved good values, it could be improved to align
with results in the literature, such as those reported in paper [55]. As with RF, the small dataset used to train and test
SVM was sufficient to produce results comparable to, and in some cases better than, those of SVM models in similar
studies. The good performance of our SVM suggests it could be a helpful tool, but it also points to areas for
improvement to achieve even better results.

Table 15. SVM results comparison

Origin Sample Accuracy Precision Recall F1-score Specificity
This study 180 87% 93% 91% 92% 57%
Paper [55] 244 99.18% 100% 98.7% - -
Paper [56] 490 88.77% 89.79% 88% 88.88%

In [39], it was suggested that greater emphasis should be placed on deep learning techniques, as DNN emerged as
the top-performing model. Additionally, SVM was identified as the best algorithm for predicting student performance in
IP courses based on a literature review and average Accuracy.

While the literature review highlighted SVM's potential, our findings suggest that DNN offers a more robust and
comprehensive approach. Although SVM showed balanced performance and outperformed RF in Specificity, DNN's
superior overall performance, particularly in Accuracy, makes it a more promising candidate for future research and
practical applications in student performance prediction.

5.3. Pedagogical Implications

The results of this study indicate that the PCT, composed of Verbal, Reasoning, and Aptitude components, can be
an effective tool for identifying students who are more or less likely to succeed in an introductory programming course,
thereby addressing RQ1. This early identification enables instructors to adapt teaching strategies from the start of the
semester, offering differentiated support tailored to each student’s cognitive profile.

The findings of this study offer several actionable insights for improving teaching strategies in IP courses. First
and foremost, the predictive models developed, particularly the DNN and SVM classifiers, can be deployed as early-
warning systems to help identify students at risk of failure based on their performance in the PCT. These predictions,
made before or in the early stages of the course, can enable teachers to offer targeted interventions, such as tutoring
sessions, mentoring, or scaffolded assignments. Secondly, the analysis of feature contributions and test components
(especially Reasoning and Aptitude-based items) suggests that certain cognitive abilities are strongly correlated with
programming success. This insight has clear instructional implications: curriculum designers and teachers can
incorporate exercises that foster abstract reasoning, pattern recognition, and logical problem-solving early in the course.
This can be done through non-coding challenges, such as logic puzzles or flowchart design, which develop
programming-relevant thinking without relying on syntax. Third, the models can be used as a diagnostic tool, not only
to predict success but also to understand student profiles. By examining common traits among misclassified students
(e.g., high aptitude but low performance), instructors may uncover underlying challenges, such as test anxiety, language
barriers, or lack of prior exposure to algorithmic thinking. Finally, academic programs may consider integrating the
PCT into student onboarding processes, using it to guide course placement, recommend preparatory modules, or adapt
pacing strategies for different learner profiles. Over time, aggregating prediction outcomes across cohorts could inform
broader curriculum redesign and support data-driven decision-making in computer science education.

Furthermore, the use of machine learning models such as Random Forest and Logistic Regression—which showed
the best performance in predicting academic success (RQ2)—demonstrates the potential of integrating analytical tools
into pedagogical planning. These models can be used to flag at-risk students, allowing for targeted interventions such as
personalized tutoring, additional learning resources, or workload adjustments.

6. Conclusions

The high failure and dropout rates associated with IP courses remain a problem worldwide. Therefore, the project
presented in this paper is particularly significant for educational institutions seeking to identify early students at risk of
failure in the first programming subject and tailor interventions to enhance student success. This paper aims to predict
students’ performance in IP courses in HE institutions, using K-means clustering to identify patterns and relationships
within the data by grouping it in natural ways, revealing those that may not be immediately apparent, and by developing
and comparing ML models. Two RQs were formulated and answered: RQ1 - Does PCT, composed of Verbal,
Reasoning, and Aptitude components, can effectively predict student performance in an IP course, using machine
learning models? and RQ2 - Which ML models have the best results? Regarding RQ1, the results showed that the
Programming Cognitive Test (PCT), composed of Verbal, Reasoning, and Aptitude components, is a valid predictor of
students’ performance in the IP course. As for RQ2, among the machine learning models tested, Random Forest and
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Logistic Regression achieved the best predictive Accuracy. These findings reinforce the value of combining cognitive
assessment with advanced analytical techniques to support data-informed pedagogical decisions, promoting early and
tailored interventions that meet students’ needs."

This study used data from a PCT test designed to assess essential skills, including Reasoning, Aptitude, and Verbal
competencies, among students in an IP curricular unit.

This study successfully developed and evaluated six different ML models to predict students’ performance in IP
courses. To better understand the results, some dashboards with the confusion matrices and ROC curves of the models
were developed. Among the models tested, the DNN achieved the highest prediction performance (Accuracy, Recall,
and F1-score) and was effective in identifying students at risk of underperformance. These results indicate the potential
of DNN models in educational applications, where the accurate identification of students in need of intervention can
have a transformative impact on academic success rates.

This work provides a detailed comparison of traditional and deep learning techniques, clarifying which approaches
are most effective in educational data contexts. The insights gained can be used to integrate predictive models into
educational platforms, enabling institutions to proactively support students who are likely to struggle, potentially
increasing pass rates and reducing dropout rates in programming courses. Teachers could also adjust their teaching
strategies based on insights derived from these predictions, creating a more responsive and supportive learning
environment.

Although this study provides promising results, some considerations must be made. The size of the dataset,
although statistically significant, can be improved, and the imbalanced data could have affected the generalization of the
model. Although the literature review supported the selection of ML algorithms, it may have excluded some interesting
algorithms. Testing new algorithms or advanced neural network architectures could also produce performance
improvements. Future studies could investigate the use of Convolutional Neural Networks for tabular data, more
sophisticated ensemble techniques, or even other emerging deep learning algorithms. In addition, hyperparameter
optimization other than grid search could be tested and potentially improve the performance of existing models.

One limitation of this study is the lack of formal statistical testing when comparing model performance. While
differences in metrics were consistent and aligned with known model strengths, significance tests would provide
stronger empirical support for the conclusion that certain models, such as DNN or SVM, are superior in this context.
Future research should incorporate these tests to confirm performance differences and ensure robust model selection.
The dataset used contains data from a cognitive test, as well as academic information such as students’ grades and
student type (Freshman students - FS or Repeating Students - RS). Future research could extend this study by
incorporating additional data and new features, such as past curricular information about the students (grades in other
curricular units, course entry grade averages, etc.), the students’ motivation, the students’ previous programming
experience, or learning styles, to improve the reliability of the model. These small pieces of information can provide
additional insights and increase the Accuracy of predictive models. Although 180 students offer valuable insights for
initial modeling and exploration analysis, larger and more diverse datasets are needed to confirm the findings and
support broader generalizations. Future work should include replications across Institutions and explore strategies for
collecting larger-scale, longitudinal data to improve generalizability and model robustness.

While this study focused on model performance, future work should emphasize model transparency and feature
attribution, particularly for complex classifiers such as DNN and SVM. Tools such as SHapley Additive exPlanations
(SHAP) or Local Interpretable Model-agnostic Explanations (LIME) can be employed to understand better how
individual features (e.g., reasoning scores or specific test questions) contribute to model decisions. This would support
the development of more trustworthy, explainable Al tools in education, enabling instructors to act more confidently on
predictions and design targeted interventions grounded in transparent evidence.

In addition to performance metrics, this work offers practical insights for educators, highlighting how predictive
modelling can inform instructional strategies, early support systems, and curriculum enhancements tailored to students’
cognitive profiles.
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