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Abstract—The choice of a paramedical specialization suited
to students’ academic profiles and preferences is a challenge for
Moroccan students. To respond to this challenge, this study
evaluated seven tree-based algorithms on real data from 889
nursing students from two Moroccan training institutes to
determine the best-performing model to predict the students’
paramedical specialization. We implemented Bayesian
hyperparameter optimization with Optuna, stratified S-fold
cross-validation, and final evaluation on an independent test set
to ensure a robust and reliable evaluation of the models. The
resampling techniques (SMOTE, SMOTEENN, ADASYN,
SMOTETomek) were applied only in the training folds to avoid
data leakage. Ensemble models (Random Forest, Extra Trees,
XGBoost, Gradient Boosting, HistGradient Boosting) surpassed
the baseline model (Decision Tree), while AdaBoost’s
performance remained weak and unstable in cross-validation
and on the test set (test macro Fl-score as low as 0.1384),
confirming its strong sensitivity to resampling-induced noise.
On the test set, Random Forest with SMOTEENN achieved the
best overall performance (macro Fl-score = 0.8836,
macro Receiver Operating Characteristic curve and Area
Under the Curve (ROC-AUC) = 0.9879, macro Precision-Recall
Area Under the Curve (PR-AUC) = 0.9294), whereas XGBoost
with SMOTE delivered near-identical predictive performance
(macro Fl-score = 0.8828) with a faster inference time
(0.0060 s), offering the best deployment trade-off. By integrating
these two optimal approaches, an orientation system can
accurately predict the specialization best suited to a student’s
profile and preferences.

Keywords—tree-based algorithms, SMOTE, SMOTEENN,
ADASYN, SMOTETomek, class imbalance, academic guidance
systems, classification, resampling, machine learning
algorithms, stratified K-fold cross-validation

I. INTRODUCTION

Academic guidance is a crucial stage that can strongly
shape students’ academic trajectories and career
prospects [1]. With the growing availability of large-scale
educational data across higher-education institutions,
Machine Learning (ML) techniques offer concrete
opportunities to support orientation by identifying patterns
that link students’ profiles to successful specialization
choices [2]. Automated prediction of a student’s study
specialization can therefore help personalize orientation
processes and enable more informed decision-making,
especially in contexts where guidance resources are limited
and student cohorts are large.

In this context, several orientation systems have been
developed, and different algorithms have been tested to
determine which predictive models are most useful for
educational guidance tasks. Zahour et al. [3], for example,
evaluated four algorithms for the automatic classification of
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academic and career-guidance questions. Majjate et al. [4]
designed a pedagogical advising system intended to support
students in selecting the institution most aligned with their
profiles and interests. Their comparison of 13
machine-learning algorithms showed that the Huber
Regressor produced the most accurate results in that specific
setting. Badrani et al. [5] also proposed a classification model
for orienting middle-school students and reported that the
Decision Tree performed better than Naive Bayes and
K-Nearest Neighbors (KNN). In a later comparative
study [6], the same authors extended their analysis by
including Random Forest (RF), showing that this ensemble
method achieved stronger performance than the simple
Decision Tree models.

Recent research has moved toward more advanced
classification strategies for personalized academic guidance,
particularly hybrid learning techniques and ensemble
methods. Badrani et al. [7] reported that a hybrid model
combining neural networks and Support Vector Machine
(SVM) outperformed individual algorithms. Alsayed et al. [8]
compared tree-based models with SVM and found that
ensemble methods such as Random Forest (RF) and Gradient
Boosting (GBC) reached high accuracy in predicting
students’ specialization. In general, ensemble models
strengthen predictive robustness by combining several base
algorithms, which helps reduce variance and improve
stability in heterogeneous datasets [9-11]. However,
although these methods are often presented as effective
responses to modeling issues such as overfitting and
underfitting [12], their performance in the orientation context
still requires deeper investigation. This study addresses this
gap by rigorously comparing several tree-based ensemble
algorithms for predicting academic specialization.

Data imbalance remains a serious problem for prediction
systems because ML algorithms often favor the majority
class, which can weaken predictive performance for minority
classes that may still be academically and institutionally
important [13—15]. In such cases, overall accuracy may give
a misleading impression of model quality, since strong results
for dominant classes can hide poor results for minority
classes [16, 17]. To address this issue, researchers
increasingly recommend the use of strategies for handling
class imbalance so that models can achieve stronger
robustness, better generalization, and meaningful predictive
performance across all classes [15, 18]. The usefulness of
data-balancing methods has already been examined in several
fields, including academic performance prediction [19-21],
disease prediction [12, 22-24], and fraud detection [25-28].
Innuddin et al. [22], for instance, assessed SMOTE,

2788


mailto:samira.reguragui@etu.uae.ac.ma
mailto:abendahman@uae.ac.ma
mailto:abdellatif.elaidi@usmba.ac.ma

International Journal of Information and Education Technology, Vol. 16, No. 10, 2026

Borderline-SMOTE, and SVM-SMOTE for stroke
classification on imbalanced data and found that these
oversampling techniques improved the performance of RF
and XGBoost classifiers. Another study [23] showed that
applying K-Means SMOTE-ENN with Principal Component
Analysis (PCA) improved RF model performance on
imbalanced health data. However, data-balancing techniques
remain insufficiently explored in academic and career

guidance. The aforementioned studies on ML-based
academic guidance systems, together with related
works [29-33], do not directly address the class-imbalance
problem.

This article responds to these identified gaps by presenting
an in-depth comparative analysis of tree-based
machine-learning algorithms while incorporating different
resampling methods to handle class imbalance in the
prediction of Moroccan students’ paramedical specialization.
More specifically, the study seeks to identify the most
effective tree-based algorithm for imbalanced educational
datasets in order to generate accurate and relevant
recommendations for student guidance. For this purpose,
seven ML models were selected because of their robustness
and their established effectiveness in the literature, namely
Random Forest (RF), Extra Trees (ETC), Decision Tree (DT),
AdaBoost, Gradient Boosting (GBC), HistGradient Boosting
(HTGB), and XGBoost. To address class imbalance, four
resampling strategies are incorporated into the learning
pipeline, namely SMOTE, ADASYN, SMOTEENN, and
SMOTETomek, to improve the representativeness of
minority specialties. The methodological contribution of this
study lies in using an experimental protocol that limits data
leakage and allows a reliable comparison of the models’
predictive performance and generalization ability. The
protocol combines Bayesian hyperparameter optimization,
stratified cross-validation, and final evaluation on an
independent held-out test set. Through the joint analysis of
classifiers and resampling methods, the study identifies the
most effective approaches for paramedical specialization
prediction and clarifies how different rebalancing methods
interact with tree-based algorithms in imbalanced multi-class
classification problems.

The paper is structured as follows. Section II introduces the
main resampling techniques and the stratified k-fold
cross-validation method. Section III presents the adopted
methodology. Section IV reports and discusses the main
results. The final section summarizes the key findings,
addresses the study’s limitations, and proposes directions for
future research.

II. BACKGROUND

A. Class Imbalance Handling Methods

Class imbalance is a frequent and important problem in
machine learning because it may push classification models
to favor the majority class and perform poorly on the minority
class [34, 35]. To address this issue, several resampling
techniques have been developed to rebalance the class
distribution and improve model performance. Among the
most widely used techniques are SMOTE, ADASYN,
SMOTEENN, and SMOTETomek, whose effectiveness has
been supported by several studies [36, 37].

1) Synthetic Minority Over-sampling Technique (SMOTE)

SMOTE [38] is an oversampling technique that generates
synthetic instances of the minority class rather than
duplicating existing instances [39—41]. For each sample in the
minority class, SMOTE uses the KNN algorithm to find its k
nearest neighbors. Synthetic instances are then created along
the line segments connecting that sample to randomly chosen
neighbors [38]. This synthetic-sample generation process is
repeated until the desired oversampling rate is reached.

Unlike simple oversampling techniques, this method
reduces the risk of overfitting by ensuring the diversity and
distribution of synthetic samples in the feature space of the
minority class, which can improve classification performance
on minority classes and enhance the model’s ability to
generalize [38, 41].

2) Adaptive Synthetic Sampling (ADASYN)

ADASYN [42] is an extension of SMOTE that generates
synthetic samples according to the learning difficulty of
minority-class instances [37]. Unlike SMOTE, this technique
focuses on the minority instances that are most difficult to
classify, namely those surrounded by a larger number of
majority class instances [43].

This adaptive oversampling technique shifts decision
boundaries more aggressively in favor of the minority class
in areas of high overlap by generating more synthetic samples
for these difficult instances [37, 42]. This can potentially
improve classification in these critical areas [43].

3) The SMOTE-ENN method

SMOTEENN, introduced by Batista ef al. [44], is a hybrid
method designed to handle class imbalance in datasets. It
combines Synthetic Minority Over-sampling Technique
(SMOTE) with Edited Nearest Neighbor (ENN).

SMOTEENN operates through two successive stages.
First, SMOTE generates new minority-class samples,
increasing their representation without merely duplicating
existing cases. Second, ENN removes noisy and ambiguous
instances that are misclassified by their k-nearest
neighbors [37, 44], reducing both noise and class overlap. By
combining oversampling and undersampling, this sequential
process rebalances the class distribution and improves data
quality, which can enhance the performance of the
classification model [41].

4) SMOTETomek

SMOTETomek [44] is another hybrid method that
combines the advantages of SMOTE and Tomek Links [37].

After SMOTE is used to generate new synthetic samples
for the minority class, Tomek Links are used to clean the
dataset. A Tomek Link is defined as a pair of instances
belonging to different classes that are each other’s nearest
neighbors [45]. In SMOTETomek, majority class instances
that are part of these links are removed, and sometimes
minority-class instances are also removed if they are involved
as well [37]. This hybrid method therefore aims both to
balance the data and to eliminate class overlap by removing
samples located near the decision boundary or that can be
considered noise, which improves separation between
classes.

B. The Stratified K-Fold Method
Stratified K-Fold cross-validation is widely used to assess
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machine-learning model performance. It is particularly useful
for classification problems with imbalanced data because it
ensures that each fold retains approximately the same class
distribution as the original dataset [46, 47]. This makes it
possible to obtain a more reliable and representative
evaluation of model performance [47].

More specifically, this technique divides the dataset into K
stratified subsets. K-1 of them are used to train the model, and
the remaining one is used to test it [47]. This process is
repeated k times, changing the fold used for testing at each
iteration so that each fold serves as the test subset only
once [47].

This method not only reduces the risk of overfitting but
also provides a more stable and generalizable estimate of the
overall performance of the studied models.

III. METHODOLOGY

This study aims to analyze and compare different
tree-based  classification =~ models combined  with
class-imbalance handling approaches, in order to identify the
most effective strategy for predicting students’ paramedical
specialty. To this end, we adopted an experimental approach.
Fig. 1 illustrates the overall workflow. In this section, we
briefly describe the main stages of this process.

© Data collection

y

© Data Preprocessing

e Data Cleaning

e Data Encoding

e Data Splitting

e Resampling (SMOTE, SMOTEENN, ADASYN, and
SMOTETomek)

v

© Modelling

o (lassification Algorithms (Random Forest, Extra
Trees, XGBoost, Decision Tree, AdaBoost, Gradient
Boosting, and HistGradient Boosting)

e  Hyperparameter Tuning (Optuna)

@ Evaluation
e Evaluation metrics: macro F1-score,
macro PR-AUC, and macro ROC-AUC
o  Cross-validation
o Test set

Fig. 1. Overall workflow.

A. Data Description

Our experimental approach is based on data from nursing
students enrolled in two Moroccan training institutes. The

sample consists of 889 students who enrolled for the first time
in the two training institutes during three academic years
(2022-2023, 2023-2024, and 2024-2025), across different
paramedical training programs.

The collected dataset contains 13 features related to
demographic and academic information, as well as students’
preferences. The study specialty is treated as the target
variable, while the remaining features are considered
predictors. Table 1 presents all variables, their descriptions,
and their types.

Table 1. Dataset features used

Category Variable Description Type
. Gender Student gender Categorical
Demographic - —
o Geographical origin .
characteristics Area Categorical
(urban area, rural area)
O_Average Overall baccalaureate average ~ Numeric
N Exa Average of the national Numeric
- baccalaureate exam
R Exa Average of the regional Numeric
- baccalaureate exam
Bac Stream  Baccalaureate track/stream  Categorical
Bac Dist Baccalaureate distinction Categorical
. — (Excellent, Good, ...)
Academic . -
. Provincial delegation of the
characteristics .. . .
Ministry of National Education .
Prov_Del Categorical
- where the baccalaureate was
obtained.
Bac Session Baccalaqreate se‘tssmn.(regular Categorical
- session, resit session)
Baccalaureate candidacy type
Bac_Cand (official candidate, independent Categorical
candidate)
Preferences Domain Chosen domain Categorical
Institute Chosen institute Categorical
Specialty of study:
IP (general nurse),
Tareet ISM (mental health nurse),
vari agble Specialty AS (social worker), Categorical
SF (midwife),
SE (health and environment),
Lab (laboratory).

B. Data Preprocessing

Preprocessing is a crucial step for improving data quality
and the performance of machine learning models. In this
study, the collected dataset underwent rigorous preprocessing
to convert it into a format suitable for the different
classification models. This process involved the following
steps and techniques:

(1) Data cleaning: The dataset was checked to identify
missing, redundant, or inconsistent values. Missing values
were handled by imputation (mean or mode depending on
the nature of the variable) or by deletion when the
proportion of missing data was marginal.

(2) Data encoding: Categorical variables were converted into
numerical values using appropriate encoding techniques,
such as one-hot encoding, label encoding, and ordinal
encoding. One-hot encoding was used for nominal
variables with no ordinal relationship in order to avoid
any erroneous interpretation of a hierarchy between
categories, while ordinal encoding was used for ordinal
variables with a clear and meaningful hierarchical order.
Label encoding was applied to the target variable.

C. Machine Learning Algorithms

This study examines seven machine learning classifiers,
namely Decision Tree, Random Forest, Extra Trees,
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AdaBoost, Gradient Boosting, HistGradient Boosting, and
XGBoost, in order to predict students’ paramedical
specialization in an imbalanced multi-class data context.
These models were selected to represent different ensemble
learning paradigms recognized for their effectiveness on
structured tabular data and predictive tasks. Random Forest
and Extra Trees were retained for their generalization and
variance reduction capacities, achieved through bagging and
random feature selection. The four boosting models,
AdaBoost, Gradient Boosting, HistGradient Boosting, and
XGBoost, were chosen for their ability to optimize
classification performance iteratively by focusing on
complex or misclassified examples. The Decision Tree was
included as an interpretable baseline model, allowing the
study to compare simple tree-based learning with more
advanced ensemble-learning approaches. This algorithmic
diversity makes it possible to analyze the interaction between
the internal mechanisms of each classifier and the synthetic
data generated through resampling.

Table 2. Parameter settings of the machine learning models

Model Parameter Search range Type
n estimators [100, 200, 300, 400, 500] Integer
RF max_depth [5, 10, 15, 20, 25, 30] Integer
min samples split [2,20] Integer
min samples leaf [1,10] Integer
n_estimators [100, 200, 300, 400, 500] Integer
ETC max depth [5, 10, 15, 20, 25, 30] Integer
min_samples_split [2,20] Integer
min_samples_leaf [1, 10] Integer
n_estimators [100, 200, 300, 400, 500] Integer
max_depth [3,10] Integer
XGBoost learning rate [0.01, 0.30] Floating
Subsample [0.60, 1.00] Floating
colsample bytree [0.60, 1.00] Floating
max depth [5, 10, 15, 20, 25, 30] Integer
DT min_samples_split [2,20] Integer
min_samples_leaf [1, 10] Integer
n_estimators [100, 200, 300, 400, 500] Integer
AdaBoost learning_rate [0.01, 0.30] Floating
n_estimators [100, 200, 300, 400, 500] Integer
GBC max_depth [3,10] Integer
learning_rate [0.01, 0.30] Floating
learning_rate [0.01, 0.30] Floating
HTGB max_iter [100, 200, 300, 400, 500] Integer
max_depth [5, 10, 15, 20, 25, 30] Integer

The applicability of these tree-based algorithms to the
guidance problem rests on several shared properties. They
generate class probabilities, which makes it possible to
quantify prediction certainty [48, 49]. In addition, they can
effectively model complex and non-linear relationships

among students’ demographic characteristics, academic
profiles, and preferences without requiring extensive feature
engineering. Finally, the compatibility of all these algorithms
with Bayesian hyperparameter optimization through Optuna
ensures that the comparisons reflect the real potential of each
approach in its optimal configuration, thereby reducing biases
linked to suboptimal tuning.

Table 2 outlines the optimization parameters and search
ranges for each classifier used.

D. Experimental Scenario

To ensure a rigorous evaluation of machine learning
algorithms for predicting paramedical specialization, the
dataset was split into a training set and a test set using an
80/20 ratio. This split was performed before any
preprocessing or data manipulation to ensure that final
performance estimates are not biased by any exposure of the
test data during model training, thereby ensuring that the
evaluation accurately reflects the models’ robustness and
predictive capacity.

First, the seven algorithms selected for this study were
trained on balanced training data using four class-imbalance
techniques: SMOTE, SMOTEENN, ADASYN, and
SMOTETomek. These resampling methods were applied
only to the training folds within cross-validation, in order to
avoid any leakage of synthetic data into the test set and to
preserve the integrity of the evaluation. They were
implemented using the imbalanced-learn library, with default
parameters, in order to ensure methodological consistency
and a fair comparison between the different resampling
strategies. Table 3 summarizes the main parameter settings
for each technique used in this study.

Table 3. Parameter Settings of the resampling methods

Methods Component Parameters

SMOTE k neighbors = 5
SMOTE k_neighbors =5

SMOTEENN ENN n_neighbors =3
SMOTE k_neighbors =5

SMOTETomek Tomek Links

ADASYN n_neighbors = 5

Hyperparameter optimization for each classifier was
performed using Bayesian optimization implemented with
Optuna [50]. This method enables more effective and
efficient tuning than Grid Search or Random Search [51, 52].
Table 4 presents the results of this optimization for the seven
models.

Table 4. Optimized models and their hyperparameters

Model Hyperparameter SMOTE SMOTEENN SMOTETomek ADASYN

n_estimators 500 100 300 200
RF max_depth 30 10 10 5
min_samples_split 18 6 19 15
min_samples_leaf 4 3 8 7
n_estimators 200 400 300 100
max_depth 10 15 15 30
ETC min_samples_split 17 13 18 16
min_samples leaf 5 8 10 5
n_estimators 100 300 100 100
max_depth 4 5 4 4

XGBoost  learning_rate 0.0423 0.0101 0.0145 0.0267

subsample 0.8500 0.8019 0.6216 0.6231

colsample bytree  0.6453 0.6019 0.6002 0.8944
max_depth 15 5 5 10
DT  min samples_split 7 18 7 7
min_samples leaf 7 7 4 6
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Model

Hyperparameter SMOTE SMOTEENN SMOTETomek ADASYN

n_estimators 400

AdaBoost learning rate 0.0766

200 200 100

0.2950 0.0163 0.0187

n_estimators 400
max_depth 4
learning rate 0.0127

GBC

400 200 100
8 4 8
0.1532 0.0146 0.2676

learning_rate 0.0106
max_iter 300
max depth 20

HTGB

0.0146 0.0347 0.1402
400 100 300
20 25 25

~

Dataset

Data Split

\ 4 A 4

Train Set ]

v

Classification
algorithms

Resampling methods
+
Optuna for parameter
tuning

Evaluation

Optimized
models

Stratified 5-Fold Cross
Validation

\ 4

Models’ performance
on the test set

Models’ performance
in cross validation

Fig. 2. Experimental design.

The models’ performance was validated using stratified
5-fold cross-validation. This technique reduces the risk of
overfitting and provides a more stable and generalizable
estimate of the overall performance of the compared
models [53, 54].

The optimized models were then tested on the independent
test set to evaluate their generalization ability and check

whether overfitting was present. This final evaluation made it
possible to assess the robustness of the models and their
capacity to predict specializations accurately on unseen data
(see Fig. 2).

E. Evaluation Metrics

The dataset used in this study exhibits substantial
imbalance, which requires choosing appropriate evaluation
measures that are not biased by unequal class representation.
Accuracy can be misleading in this context because a model
that mostly predicts the majority class can achieve
high accuracy while failing to detect the minority
class [16, 18, 55, 56]. For our imbalanced multi-class
classification problem, we selected macro F1-score, macro
Precision-Recall Area Under the Curve (PR-AUC), and
macro Receiver Operating Characteristic curve and Area
Under the Curve (ROC-AUC) as the main evaluation metrics.

Macro Fl-score is the harmonic mean of precision and
recall calculated for each class and then averaged in an
unweighted manner:

Macro F1 — score = %Z}"Zl F1; (1)

with

Precision; X Recall;
Fl;=2x——1——1 (2)

Precision;+ Recall;

TP;
TP;+FN;

TP;
TP;+FP;

and Recall; = 3)

Precision; =

where:
e N is the total number of classes.
® 7P; (True Positives): represents correct predictions for

class i.

e FP; (False Positives):

predictions for class i.
® FN; (False Negatives): refers to incorrect negative

predictions for class i.

Because each class contributes equally to the final score,
this metric reduces the dominance of majority classes. A high
macro Fl-score therefore indicates that the model performs
well across all classes rather than only on the most
represented ones.

Macro PR-AUC is calculated by aggregating the
precision—recall curves of each class. It is particularly useful
in imbalanced contexts because it highlights the trade-off
between precision and recall for minority classes. A PR-AUC
value close to 1 indicates stronger performance.

ROC-AUC measures the model’s ability to distinguish
between classes by plotting the True Positive Rate (TPR) or
recall against the False Positive Rate (FPR) across different

refers to incorrect positive
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classification thresholds [57, 58].

For multi-class and imbalanced problems, the AUC is first
computed for each class using a one-vs-rest approach, then
these AUCs are averaged to obtain the macro
ROC-AUC [57-59].

These three metrics are particularly useful for imbalanced
data and provide a more nuanced and reliable evaluation of
classifiers’ performance by emphasizing their ability to
handle minority classes.

IV. RESULTS AND DISCUSSION

This study evaluated seven supervised machine learning
classifiers combined with four resampling techniques for
predicting paramedical study specializations. The analysis
followed a two-stage evaluation design: first, stratified 5-fold
cross-validation was applied to the training data; second, the
optimized models were assessed using independent test data
to examine their final performance.

A. Model Performance in Cross-Validation

In the first evaluation stage, Random Forest, Extra Trees,
XGBoost, Decision Tree, AdaBoost, Gradient Boosting, and
HistGradient Boosting were trained and optimized using the
training data. Their performance was then assessed through
stratified 5-fold cross-validation using macro F1-score as the
main metric. Table 5 presents the cross-validation results
obtained by the seven classifiers under the four resampling
techniques.

Table 5 indicates that the ensemble models generally
performed well in cross-validation, with macro F1-scores
ranging from 0.8470 to 0.8786. Random Forest obtained the
strongest and most consistent results across the four
resampling techniques, reaching its highest score with
SMOTE (0.8786). This suggests that bootstrap aggregation

enabled the model to mitigate the variability introduced by
synthetic samples while preserving balanced performance
across classes.

Table 5. Cross-validation performance (Macro F1-score)

Model SMOTE SMOTEENN ADASYN SMOTETomek
RF 0.8786 0.8706 0.8727 0.8779
ETC 0.8621 0.8470 0.8632 0.8691
XGBoost  0.8700 0.8679 0.8659 0.8724
DT 0.8537 0.8555 0.8443 0.8632
AdaBoost 0.2794 0.5000 0.4230 0.3807
GBC  0.8673 0.8651 0.8515 0.8646
HTGB  0.8652 0.8632 0.8474 0.8645

The Decision Tree baseline also produced acceptable
results, with macro F1-scores between 0.8443 and 0.8632, but
consistently underperformed relative to the more robust
ensemble models. This performance gap is expected because
a single tree is more sensitive to local patterns and struggles
to generalize when demographic, academic, and
preference-related variables interact within a multi-class
educational dataset. In contrast, ensemble methods mitigate
this limitation by aggregating multiple base learners [60].

AdaBoost was clearly the weakest model in
cross-validation, with its highest macro Fl-score reaching
only 0.5000 under SMOTEENN.

B. Model Performance on the Test Set

In the final experimental stage, the optimized models were
evaluated on the independent test set to determine how well
they generalized to unseen data and to identify the most
suitable method for paramedical-specialization prediction.
Test-set performance was assessed using metrics appropriate
for class-imbalanced data, namely macro Fl-score,
macro-ROC-AUC, and macro-PR-AUC. Table 6 reports
these results.

Table 6. Performance on the test set

Model Macro Fl-score (Test) Macro PR-AUC Macro ROC-AUC Inference time (s)
RF 0.8765 0.9223 0.9891 0.1528
ETC 0.8557 0.9340 0.9903 0.0673
XGBoost 0.8828 0.9271 0.9900 0.0060
SMOTE DT 0.8279 0.8620 0.9406 0.0017
AdaBoost 0.4844 0.7254 0.8872 0.1367
GBC 0.8312 0.9057 0.9839 0.0161
HTGB 0.8417 0.9245 0.9874 0.0532
RF 0.8836 0.9294 0.9879 0.0355
ETC 0.8374 0.9286 0.9894 0.1335
XGBoost 0.8597 0.9157 0.9846 0.0102
SMOTEENN DT 0.8570 0.8751 0.9791 0.0021
AdaBoost 0.1384 0.8333 0.9217 0.0443
GBC 0.8255 0.8789 0.9709 0.0086
HTGB 0.8425 0.8875 0.9795 0.0679
RF 0.8645 0.9228 0.9892 0.0780
ETC 0.8494 0.9365 0.9903 0.0977
XGBoost 0.8659 0.9193 0.9886 0.0210
SMOTETomek DT 0.8659 0.8553 0.9795 0.0018
AdaBoost 0.2110 0.5528 0.7890 0.0430
GBC 0.8508 0.9167 0.9858 0.0094
HTGB 0.8739 0.9203 0.9880 0.0189
RF 0.8570 0.9121 0.9889 0.0464
ETC 0.8573 0.9297 0.9891 0.0357
XGBoost 0.8428 0.9188 0.9895 0.0057
ADASYN DT 0.8424 0.8851 0.9624 0.0019
AdaBoost 0.2990 0.7003 0.8814 0.0219
GBC 0.8692 0.9024 0.9837 0.0081
HTGB 0.8504 0.9020 0.9808 0.0381

As shown in Table 6, the experimental results confirm the
robustness of the ensemble models. In particular, Random

Forest and XGBoost achieved the highest macro F1-scores on
the test set, indicating a strong balance between precision and
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recall across the six specialties. RF showed robust and
relatively stable performance, with test Fl-scores ranging
from 0.8570 (ADASYN) to 0.8836 (SMOTEENN), while
XGBoost demonstrated adaptability to different synthetic
data distributions, with scores ranging from 0.8428
(ADASYN) to 0.8828 (SMOTE). This strong performance is
further supported by high macro ROC-AUC values, which
generally exceed 0.98, confirming the models’ ability to
distinguish effectively between specialties. The high macro
PR-AUC values, above 0.91, reflect the models’
effectiveness in classifying minority classes more directly
than standard metrics.

AdaBoost consistently exhibited weak and unstable test-set
performance, with macro Fl-scores ranging from 0.1384
under SMOTEENN to 0.4844 under SMOTE. This poor
performance highlights a critical limitation of the algorithm’s
adaptive weighting mechanism when applied to synthetic
data. Because AdaBoost iteratively assigns higher weights to

SMOTE

HistGradient Boosting
Gradient Boosting
AdaBoost

Decision Tree
XGBoost

Extra Trees

Random Forest

i
i

(=)

02 04 06 08 1

= Macro F1 (Test) ®Macro F1 (CV)

SMOTETomek

HistGradient Boosting
Gradient Boosting
AdaBoost

Decision Tree
XGBoost

Extra Trees

Random Forest

S
f=1
o
<
~
j=1
N
=]
o
—_

uMacro F1 (Test) ®Macro F1 (CV)

misclassified instances, it tends to focus excessively on noisy
observations or ambiguous samples generated by resampling
techniques [61, 62]. In an imbalanced multi-class setting, this
behavior destabilizes the decision boundaries, effectively
biasing the model toward majority classes and significantly
impairing its ability to generalize across all specialties. These
findings indicate that AdaBoost is not well suited for
predicting specializations in contexts that combine
imbalanced multi-class classification with synthetic
resampling, suggesting it is a suboptimal option for similar
educational problems.

The comparison between cross-validation and independent
test-set results suggests that most ensemble models
generalized well to unseen data. The limited gap between
these two evaluation stages, illustrated in Fig. 3, indicates the
reliability of the adopted protocol and reduces the likelihood
that the reported performance was driven by overfitting.
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Fig. 3. Comparison of models’ performance in cross-validation and on the test set under four resampling techniques: (a). SMOTE; (b). SMOTEENN; (c).
SMOTETomek; (d). ADASYN.

Overall, Random Forest and XGBoost were the most
effective models for predicting paramedical specialization.
Random Forest combined with SMOTEENN achieved the
strongest generalization performance, whereas XGBoost
combined with SMOTE offered a nearly equivalent
predictive result with a much lower inference time (0.0060 s).
This makes XGBoost with SMOTE particularly attractive
when fast prediction is required in an operational guidance
system.

The of Random Forest with

best performance

SMOTEENN can be explained by the complementarity
between the classifier and the resampling method.
SMOTEENN increases minority-class representation and
then removes ambiguous observations, while RF reduces
variance through bagging and random feature selection. This
combination of oversampling and cleaning helps clarify
decision regions while controlling the noise that may result
from pure oversampling. This finding aligns with
Priyanto et al. [23], who showed that Random Forest can
benefit from a hybrid strategy that combines synthetic
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balancing and cleaning in health-data classification.

XGBoost performs better with SMOTE than with the
hybrid cleaning methods. This suggests that XGBoost
benefits from a denser minority-class representation and does
not require aggressive post-oversampling cleaning, since its
regularized boosting mechanism can already manage
complex interactions and reduce error through sequential
learning.  This result is also consistent with
Innuddin et al. [22], who found that oversampling can
markedly improve the performance of RF and XGBoost on
imbalanced classification tasks. In the present educational
dataset, SMOTE appears to provide XGBoost with sufficient
minority-class support without removing borderline cases
that may carry useful information.

These findings suggest that resampling methods should not
be seclected independently of the classifier. The same
balancing strategy can improve one model while weakening
another, depending on how the algorithm responds to noise,
class overlap, and synthetic-example density.

V. CONCLUSION

This study aimed to identify the optimal modeling
approach for predicting students’ paramedical study
specializations in an imbalanced multi-class context. A
systematic comparative analysis of seven tree-based
classifiers, combined with four resampling techniques
(SMOTE, ADASYN, SMOTEENN, and SMOTETomek),
was conducted using real-world data from nursing students at
two Moroccan training institutes.

The findings show that the interaction between the model
architecture and the resampling strategy is crucial. Random
Forest with SMOTEENN provided the most reliable
performance because the combination of oversampling and
data cleaning complements the variance-reduction capacity
of bagged trees. XGBoost with SMOTE provides the best
operational trade-off, delivering nearly the same predictive
performance while requiring far less inference time. These
results provide a practical basis for developing academic
guidance systems that are both accurate and sensitive to
underrepresented specializations. The finding regarding
AdaBoost is methodologically significant because it shows
that compatibility between the algorithm’s architecture and
the resampling technique is as decisive as the raw
performance reported in the literature. Consequently,
AdaBoost should be used with caution in configurations that
combine imbalanced multi-class data with synthetic
oversampling methods.

The study has several limitations. First, the dataset was
collected from two Moroccan training institutes across three
academic years, which limits the generalizability of the
findings to all Moroccan paramedical training institutes and
to other national contexts. Second, the predictive models rely
mainly on demographic, academic, and preference-related
variables; future research should incorporate qualitative and
psychometric characteristics, such as motivation, stress
resistance, empathy, and spatial reasoning. Third, the study
focused on tree-based algorithms; future work could compare
these results with deep learning and hybrid architectures.
Fourth, although the proposed framework achieved high
predictive performance, model explainability was not
implemented. This is a significant limitation because

educational guidance systems require transparent and
interpretable recommendations.

Future research should therefore validate the proposed
approach using larger, more diverse, and multi-institutional
datasets. Future research should also prioritize the integration
of Explainable Artificial intelligence (XAI) techniques, such
as SHAP and LIME, to clarify how each recommendation is
produced. Implementing such techniques would make the
system more useful for academic advisors and more
trustworthy for students.
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