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School dropout is a major dare for Moroccan education systems. It generates
profound repercussions, both socially and economically, affecting both
individuals and the entire community. To assess the risks associated with this
phenomenon, it is essential to use innovative technologies, relying in
particular on statistical methods and artificial intelligence models capable of
providing effective results using available data. These methods offer the
possibility of identifying the factors influencing the educational phenomenon
and anticipating the associated risks. To understand the effect of scholars’
social, economic, and personal influences on school dropout, we propose in
this work a new classifier, based on an improvement of support vector
machines (SVM) and on the ABC algorithm. We also present a regression
model designed to estimate academic performance based on the average grade
obtained. We also propose a new regression model to predict the degree of
academic achievement. The proposed model was validated on a real dataset,
compiled from a questionnaire distributed to Moroccan secondary school
students. Furthermore, several comparative studies were conducted with
recent approaches to assess the performance of the proposed methods. All the
experimental results confirm the robustness and improved performance of the
developed methods, particularly with respect to accuracy and predictive
capability.
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1. INTRODUCTION

Dropout is one of the most prominent problems facing the Moroccan education system and poses a

major challenge to the government. In the 2021-2022 academic year, more than 300,000 students dropped out
of school. According to statistics, these students are divided into three categories: the first is those who dropped
out of school during the academic vyear, representing 15% of the total number of dropouts.
The second category represents 30.4% of students who did not register at the beginning of the academic year.
The third category is students who were expelled from school due to repeated failure, representing 54.6% of
the total number of dropouts. This situation raises many questions about the reasons that contribute to the
aggravation of this problem. Poverty is clearly one of the main factors, but it is not the only one. Social and
economic conditions also play a decisive role, in addition to negative school experiences, regional difficulties,
and an unsuitable We can address the prediction of school dropout using a classification system designed to
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determine whether a student is likely to succeed or fail. Thus, we are faced with two interdependent educational
phenomena: the first concerns academic performance and the second, dropping out of school. Analyzing school
performance requires the use of regression methods, while studying the phenomenon of school dropout relies
on classification algorithms.

Generally, the development of a regression model [1], based on a dataset, relies on the construction
of a relationship expressed by:

y=fX +e @

In this equation, y denotes the predicted value, f corresponds to the regression function, X =
(%1, x4, ..., %) represent the explanatory variables, ¢ is the random error. According to choose of f, the
literature proposes several types of regression models [2]-[10]. Multiple polynomial regression (PMR) can be
used for multiple independent variables based on polynomial functions of multiple independent variables.
The model of this regression method is defined by:

y=hX) +e 2

where B, is a polynomial defined by,

Pa(X) = i, tip - tinan Bivsiz iy ¥1-X2° X 3
the exponential regression model [11], [12] defined as:
y=a- ebl-x1+b2-x2+---+bk-xk + ¢ (4)

where by, b,, ..., b, and a are the parameters of the model.
In this work, we combine the two previous models (2) and (4), and we then propose the following
regression model.

— i1,.02 i by-X1+by-Xp++by-x
Y = iy tipttigen Pirigoig X1 Xg" Xy @ - @122 kK te ®)

To estimate the coefficients of a regression model we need an optimization method. Traditional methods used,
such as gradient descent method, conjugate gradient [13], [14], can cause overfitting and make these methods
less efficient. We use the ABC optimization algorithm [15] to estimate the coefficients of our model.

Much research on school dropout relies on machine learning methods [16]-[22]. Among these
methods, among the most commonly used is the support vector machine (SVM) method, defined by linear
hyperplane in (6).

HYP(X) = By + Baxy + - + By (6)

We introduce a new SVM by replacing linear hyperplane HYP with a polynomial hyperplane of degree n,
denoted HY B, and defined as (7).
iq_ iy

i
HY B, (x1, X2, o) Xi) = Zi1+i2+~--+iksnBil,iz,...,ik X1 Xy ---xkk (7

To estimate the parameters f; ;, . Of our classification model, we use the ABC optimization method.
The resulting model is used to predict school dropout rates.

2. THE PROPOSED REGRESSION MODEL
The estimation of the parameters § = (a,by, b, , ..., by, Biviy.iii i1 + iz + -+ i <n) of our
regression model presented in (5) is based on the following optimization problem:

-. . 2
Minimize l(,[?) = ||£(,8)|| (8)
were,
e = BNy (B Cerp Xy oo Xat) + @ - DrFai+b2xzit+bicxii 3, )2 9)

is the difference between true values y; and the output calculated by y(x;) and [X;; ¥;];=1_n i a training set
and Xi = (xli,xzi, vy Xki )
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Due to the complexity and experimental nature of the objective function, we use ABC optimization
method to solve the problem (9) in order to obtain the optimal parameter vector f = (a,by, by, ..., by,
Bil‘iz.---.l‘k; il + iz + -+ ik < Tl):

3. THE PROPOSED PREDICTION AND CLASSIFICATION MODEL

This section describes the new classification model proposed for assessing school dropout, based on
an improvement of SVM classifier. The first subsection reviews the main steps of the SVM classifier.
The second subsection then presents our generalized classification model, in which the linear hyperplane is
replaced by a nonlinear hyperplane.

3.1. A reminder about the classical SVM classifier

The classical SVM classification technique is suitable for handling discrimination problems, that is,
determining the category to which an individual belongs. To achieve this, it is necessary to construct a linear
hyperplane HY P that associates an output y with an input x.

y = HYP(x) (10)

For now, we limit ourselves to a two-class discrimination problem (binary discrimination), i.e., y € {—1, 1}.
The simple case is that of a linear function, obtained by linear combination of X = (x,, x5, ..., x;.), with the

parameter vector 8 = (B, f1, -, Pr)-
HYP(X]_, xZ, ...,xk) = BO + lel + -+ :kak (11)

The decision boundary HY P (x4, x5, ..., x;.) = 0 isa hyperplane, called the separating hyperplane, or separatrix.
The sign of HYP(x), which gives the side of the hyperplane in which x is located, then makes it possible to
decide the class of x. It is then decided that x is of class 1 if HY P (x4, x5, ..., x;) = 0 and of class -1 otherwise.
This is a linear classifier.

The goal of supervised classification is to construct the function HY P (X) through a training set:

{0, 1), (X 1), ey (X, 1)} € RF x {—1,1} (12)

where the X;,i = 1, ..., p are the points in an k-dimensional space, the [;,i = 1, ..., p are the labels that are +1,
p is the number of elements in the training set, and k is the number of input variables. If the dataset is linearly
separable, then the sign of HYP(X;) is equal to ;, for all i. In other words:

[, HYP(x;) =01 <i <p, inother words [;(By + B1X1; + -+ Brxxi) =201 <i<p (13)

The margin is the distance between the driving elements and the hyperplane that satisfies the maximum
separability condition (i.e., [;(By + B1x1; + -+ + Brxx;) = 0) as explained previously). The distance of a
sample X; = (xy;, x5, ..., Xi;) t0 the hyperplane is determined by its orthogonal projection onto the parameter

vector (B, Bas - Bi)-

li(Bo+Bax1it+BiXki) (14)
1(B1.B2,--Bi)ll

The coefficients g of the separating hyperplane with maximum margin is therefore given by (15).

1 .
arg m;lx {”‘T”Lirlunp [li(HYP(xli,..,xki))]} (15)

In order to facilitate the optimization, we choose to normalize (83, B2, ---, Bx) and S, in such a way that the
samples at the margin (x5, for the support vectors on the positive boundary, and x,,.,. for those located on
the opposite boundary) satisfy:
{(.811 .82' 'ﬂk)Txr:arge + .80 =1
(.811 .82' 'ﬂk)Txr:arge + .80 =-1

hence for all samples, i =1, ..., p.

(16)
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L((Bo + Brixai + -+ Brexi)) = 1 (7)

This normalization is sometimes called the canonical form of the hyperplane, or canonical hyperplane.

With this scaling, the margin is now worth m the previous maximization problem is equivalent.
1,02,-Pk

Minimize ~ Il (81, Bz, -, B) 117
under constraints: (18)
Li((Bo + Buxyi + -+ Brx)) = 1

3.2. Our classification model
We present our SVM classification method, replacing the linear hyperplane HYP used in classical

SVM classifier presented in by a polynomial hyperplane HY B, of degree n defined in (7). The coefficients E =
(ﬁiliz i Wi+t i < n) must be calculated by maximizing the function presented in (15), replacing

HYP(xy, ..., x;) by HYP,(xy;, ..., %) and S by ﬁ So, to determine these coefficients, we solve the
optimization model (19) using the ABC optimization algorithm:

( arg max {é min [[;(HYBP,(xy;, .., Xki) )]}
B gl i=1,...p

under constraints: (19)

i1,.02 ik
li(2i1+i2+»--+iksn Bivig i X1i %21 ""xki) =1

4. APPLICATION TO PREDICTION OF SCHOOL DROPOUT AND ACADEMIC
PERFORMANCE

In order to analyze the influence of economic, educational, and social dimensions on academic
performance and dropout rates, we constructed a dataset collected through a questionnaire administered to first-
year and final-year high school students from Moroccan schools. This questionnaire comprised 12 questions
designed to describe various aspects of the student. Its design was based on the work proposed by Tiinto [23]
and Hiippala [24], enhanced by the integration of several variables that take into account the context and
realities of learners in Morocco. These variables are explained in Table 1.

The data obtained are extracted through precise answers to questions posed to the students
interviewed, reflecting the diversity of their characteristics and perceptions of school, family, programs, the
teaching and learning process and the external environment, and their economic, social and cultural status. The
evaluation of non-discreet factors was carried out using a five-dimensional scale that incorporates students’
scores for importance, satisfaction, agreement, and collaboration. Higher values indicate a greater influence of
these variables on school dropout. The variables obtained can be classified into two categories: Input variables
and the output variable.

Input variables: using a thorough and detailed analysis of the literature on school dropout, while
respecting the students’ personal and private lives, we selected 12 relevant independent predictive variables:
Student age (x1) is often between 16 and 22 years. Student gender (x2) is represented by a binary variable,
coded 1 for “a boy” and 0 for “a girl.” The student’s family’s socioeconomic status (x3), the household’s
cultural environment (x4) and the level of parental support (x5) were evaluated using a five-level scale ranging
from 1 to 5. Educational aspirations (x6) were assessed through one question in which learners were asked to
indicate their academic goals. This feature is binary, taking the value 1 when the qualification exceeds a
bachelor’s degree level, and 0 otherwise. The motivation for choosing the institution (x7) is also modelled as
a binary variable (1 when this choice is determined by the family, O for other choices). In addition, peer
interaction intensity (x8), expectations related to academic challenges (x9), and the quality of relationships
between students and teachers (x10) were assessed using a five-level ordinal scale from 1 to 5. Similarly,
impact the financial condition of the 5 household on school dropout (x11) was measured using a five-level
scale between 1 and 5, where 1 indicates no impact and 5 represents a very strong impact. Finally, the parents’
educational attainment (x12) is assigned the value 1 if the student’s mother or father has a qualification higher
than a two-year post-secondary diploma, and 0 otherwise.

Output variables: based on the answers to two questions at the end of the questionnaire, we can identify
two types of output variables:

— Output variable for assessing school dropout:

We have only two categories: class 0 (students who left school before completion) and class 1

(students who have stayed enrolled in school). Therefore, the dependent variable takes one of these two values,
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0 or 1. The value 0 means that the student has left school, and the value 1 means the opposite. To determine
the corresponding binary value, we ask a very specific question in the questionnaire. From the student’s
response, we can know whether the student will drop out or not. The proposed prediction model:
— Output variable for measuring academic performance:
This is the average obtained by the student during the first session of the current year, between 0 and
20. We thus obtain two datasets, stored in two separate Excel files: one dedicated to school dropout and the
other to academic performance. Examples of the structure of these datasets are listed in Tables 2 and 3.

Table 1. Explanatory variables examined in the questionnaire, along with their descriptions

Code Variable name Description
X1 The age of the student. Student’s age in years
X2 The gender of the student. Student’s gender: boy or girl
X3 The social situation of the A child’s social stability is measured using one of the following three indicators: death of
student’s family. a parent (0), divorce/separation (1) and stable status (2)
X4 The community culture. Community culture is measured using four main dimensions: a sense of belonging to the
school, engagement in school activities, solidarity among students, and respect for
classroom norms. These dimensions are operationalized through specific and structured
questions.
Xs The level of encouragement The degree of family support and encouragement can be assessed through several
and support provided by the indicators, including assistance with homework, regular monitoring of schooling,
family. encouragement of success and parental participation in school activities.
X The degree of educational The degree of educational aspirations can be assessed through several indicators,
aspirations. including the level of studies envisaged, the clarity of the academic and professional
project, academic ambition and the commitment to pursue higher education.
X7 The main factor that The main reason for choosing the institution can be assessed through several explanatory
motivated the choice of the factors, including the perceived quality of teaching, the academic reputation of the
establishment. institution, its geographical accessibility, as well as recommendations or the influence of
the family environment.
Xs The social interaction with The level of interaction with other students can be assessed by the frequency of
friends exchanges with peers, participation in group work, collaboration on school projects, and
involvement in social or extracurricular activities.
Xq The anticipations regarding ~ Expectations regarding school and academic difficulties can be assessed through several
school and academic indicators, including expected forms of support, anticipated problem-solving strategies,
difficulties. perceived degree of self-efficacy, and prospects for improving academic performance.
Xio The expectations regarding Students’ expectations regarding school and academic issues can be measured through
academic and school several indicators, including the type of support expected from teachers and parents, the
problems, strategies considered for overcoming difficulties, confidence in their ability to resolve
obstacles, and the academic results they hope to achieve.
X1 The financial condition of The household’s financial status can be assessed through indicators such as monthly or
the household. yearly income, the occupations of family members, as well as housing conditions and
owned assets.
X1z The parents’ level of The parents’ level of education can be measured through several indicators, including the
education. highest diploma obtained by the father and mother, the total number of years of
schooling and the nature of the training undertaken (academic or vocational).
Table 2. The structure of the dataset used for school dropout
Variable 1 Variable 2 Variable 12y takes the value 0 in case of abort and 1 otherwise
Table 3. The structure of the dataset used for academic performance
Variable 1 Variable 2 Variable 12 The average obtained by the student during the first session, between 0 and 20

The dataset obtained using the questionnaire reveals a significant imbalance between classes, with the
number of students experiencing school dropout was substantially lower than the number of students who
stayed in school. To address this, we employ the SMOTE oversampling technique to generate new synthetic
observations of the minority class from its closest neighbours, thus rebalancing the data distribution without
direct duplication.

To justify our choice of limiting ourselves to 12 factors to study the chances of leaving school
prematurely, we begin with a statistical analysis of the variables to identify the factors most influential on this
risk. Based on a training set of 200 samples selected from the obtained dataset, we calculate the correlation
matrix to measure the relationship between each independent variable xi (factors explained in Table 1) and the
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dependent variable y. The correlation criterion assesses the degree of association between each predictor
variable and the dependent variable y. Correlation coefficients approaching +1 or —1 indicate strong positive
or negative relationships, respectively. Variables with the highest absolute correlation values are regarded as
the most significant factors influencing school dropout. The corresponding results are reported in Table 4.

Table 4. Variable correlation matrix

Variable Description Correlation with dropout (YY)
x1 Age Student’s age 0.35
x2 Gender Student’s gender 0.10
x3 Family social situation Family stability status -0.55
x4 Community culture School belonging and engagement -0.68
x5 Family support Level of encouragement from family -0.72
X6 Educational aspirations Academic ambition and goals -0.80
X7 Choice of institution Reason for choosing the school -0.30
x8 Social interaction Interaction with peers -0.60
X9 Anticipation of difficulties Expected academic challenges -0.65
x10 Academic expectations Academic expectations -0.70
x11 Financial condition Household economic status -0.58
x12 Parents’ education level Educational level of parents -0.62

Examination of the correlation matrix demonstrates that the 12 selected variables are all linked to
school dropout risk (y) at different levels, validating their choice as explanatory variables. Some explanatory
variables, such as educational aspirations (x6), family support (x5), and academic expectations (x10), show
very high absolute correlations, indicating a significant influence on school dropout. Furthermore, other
variables, such as community culture (x4), social interactions (x8), and economic conditions (x11, x12), also
contribute significantly to the dropout risk, although their effect is moderate. We note that the correlations of
variables x1 and x2 are low because they are important in their combined interactions with the other
explanatory variables. Thus, considering these 12 variables allows for a comprehensive characterization of the
educational, social, familial, and psychological factors of school dropout, ensuring a more complete and robust
description of the phenomenon under study.

To predict the student's academic performance, we apply our regression model proposed in (5) using
the obtained dataset (the form of the dataset presented in Table 3). We partition the dataset into two parts: a
training set representing 80%, the remainder being reserved for the testing phase. The parameter n denotes the
degree of the polynomial "B, (x4, x5, ..., x;). In this experiment, the tests are conducted for two values of this
parameter, namely ‘n = 2" and 'n = 3. To assess the quality of our regression model, three evaluation
metrics were used: MAPE, RMSE, and R?, as defined in (20)-(22), respectively.

1 Yj—Dbj
MAPE = ﬁzyzl Jyj 2 x 100 (20)
N 2
RMSE = 1 ’M (21)
N N
2
2 _ [Z.(vj=9)@;-p)| 22)

2%1(3’1‘-5’)2 2?’:1(3’1‘—15)2

y; denotes real values, while p; represents the outputs obtained using the model for the element j. The
notations y and p refer respectively to the means of the observed and predicted values. The methodology to be
followed in this experimental part is organized into three essential phases. The first phase is dedicated to
training, during which the model is derived from the training data. The second phase concerns testing,
performed on a set of 200 samples. Finally, the last phase consists of evaluating the model’s performance using
three error measures: the MAPE, the RMSE, and the metric R2. We conducted a comparison between our PMR
model and several reference approaches, including multiple linear regression (MLR), degree n PMR, the model
used by Singh and Alhulail [16], and RBF method used by Olabanjo et al. [25]. The performance results are
presented in Tables 5 and 6. It is generally accepted that a model performs better when MAPE and RMSE are
low, while R? is high. The obtained results demonstrate that our regression model outperforms the other tested
methods overall. Moreover, its performance varies depending on n the degree of the nonlinear polynomial
hyperplane. If n is fixed at 2., the method yields RMSE = 18%, MAPE = 2%, and R? =0.988. When n = 3,
an improvement is observed, with values of RMSE = 10%, MAPE = 1.9%, and R? = 0.996.
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The first two analyses showed a clear direction: as the parameter n increases, the RMSE and MAPE
decrease, and the Rz metric grows. To ensure the robustness of this result, further experiments were conducted
by progressively varying the polynomial degree of the first term of our regression model (5), such that n varies
from 0 to 5. At each step, the RMSE, MAPE, and R2 evaluation metrics were recalculated for each value of n.
The results obtained are shown in Figures 1-3. We also note that as n increases, the model becomes more
predictive.

Table 5. The values obtained for the three indicators for our n = 2 degree model are presented in comparison
with those of the other methods evaluated

Model RMSE MAPE R?
MLR 25.19% 36.19% 0.561
MPR 19.15% 11.21% 0.863
Singh and Alhulail [16] 18.12% 12.29% 0.871
RBF-ANN [25] 1.86% 7.92% 0.981
Our model 18% 2% 0.988

Table 6. The values obtained for the three indicators for our n = 3 degree model are presented in comparison
with those of the other methods evaluated

Model RMSE MAPE R
MLR 25.19% 36.19% 0.561
MPR 15.37% 10.15% 0.875
Singh and Alhulail [16] 18.12% 12.29% 0.871
RBF-ANN [25] 1.86% 7.92% 0.981
Our model 10% 1.9% 0.996
RMSE MAPE
1.4 T 0.35 T
0.36G
0.25
% E 0.2
= <
' =
0.15
0.1
0.05 [
0 0.5 1 1.5 2 2.5 3 3.5 4 4.5 5 00 0.l5 1‘ 1.‘5 é 2.‘5 IIS 3.‘5 4 4.‘5 5
Ordre Ordre
Figure 1. The RMSE value associated with our Figure 2. The MAPE value associated with our
prediction method varies according to the degree prediction method varies according to the degree
n (from 0 to 5) n (from 0 to 5)
R2

0 1 2 3 4 5

Figure 3. The R? value associated with our prediction method varies according to the degree
n (from 0 to 5)
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Figures 4 and 5 present a comparison of the results calculated by our model and the real values for
n = 2;5. Analysis of these graphs emphasizes the strong effectiveness of the proposed model to reliably
reproduce levels of academic performance, assessed from the first-semester average. Furthermore, the
predicted points are observed to approach the first bisector more closely, particularly when n = 5, indicating
an improvement in the model’s accuracy. The results obtained highlight the remarkable performance of the
proposed regression model for prediction tasks in an educational context. They also show that this model
represents a unified generalization of several existing regression approaches, which strengthens its relevance
and flexibility.

e Predicted vs Actual . 184 @ Relationship between actual values and predicted values
174 ==~ Ideal fit ~
o o " « ®
0o
- e 16 4
15 gz *

2 o 7
13 vi B
e e ’::’a’ ® . “ /

y predicted

Predicted Values
—
®,
L)

o
[LNY™
L ]
*8
oo
e
°
'y

. ;/. ’,l:’. ¢ 10 O/c"
7 .- . .90' . | f
| LAt /
5 ‘7 |9 f 1 15 1'5 1‘7 18 E\ fD fz fet 1‘6 1'3
Actual Values y actual
Figure 4. The correlation between real and estimated Figure 5. The correlation between real and
values of the first half-year average, obtained with estimated values of the first half-year average,
the proposed model for n = 2 obtained with the proposed model forn = 5

The Table 7 presents parameters of the ABC algorithm for solving the optimization problem (19) in
order to estimate the parameters ﬁ = (,Bill-2 i bttt i < n) of our generalized SVM classifier.

The study of school dropout risk prediction involves a classification problem. We apply the proposed classifier
introduced in 3.2 using the second dataset (Table 3). This dataset is partitioned into two parts:
we allocate 80% of the dataset for training and 20% for performance evaluation. The evaluation of the
prediction method relies on measuring accuracy, as presented in formula (23).

Number of right predictions

Accuracy = X 100% (23)

Number of all predictions

A comparison was done to evaluate the performance of the proposed classifier, giving n = 2 as the
degree of the nonlinear hyperplane h. To this end, our method was compared to several recent and widely used
classifiers in the literature, including logistic regression (LR), the linear SVM classifier, and neural networks
of the RBF and MLP types. This comparison aims to assess generalization ability and the prediction efficiency
of the proposed classification model in relation to baseline methods. It also highlights any potential
performance gains offered by our approach. The detailed results of this comparison are summarized in
Table 8.

To evaluate the impact of degree on prediction performance and the influence of the optimization
method used on classifier accuracy, we compared our generalized SVM based on the ABC optimization
algorithm (ABC-SVM) with two other SVM classifiers: the first, which employs a genetic algorithm
(GA-SVM) and the second on the PSO optimization method (PSO-SVM). The comparative study was
conducted under the same conditions and with the same parameter values. The evaluation was performed
according to the classification accuracy criterion. The experiments were carried out for different degrees of the
polynomial hyperplane n € {1, 2, 3, 4, 5}. The results obtained are illustrated in the graphs presented in
Figure 6.

The results presented in Figure 6 show that the ABC-SVM approach outperforms the PSO-SVM and
GA-SVM methods for all polynomial degrees considered. The superiority of our approach stems from the ABC
optimization algorithm's ability to maintain a good balance between global exploration and local exploitation,
thus avoiding local minima and improving the quality of the solutions. We also observe that accuracy increases
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with the degree of the HYP, hyperplane polynomial, demonstrating a better capacity to model the nonlinear
polynomial relationship. However, the improvement becomes marginal at higher degrees, suggesting a trade-
off between model complexity and predictive quality.

We performed a statistical comparison of our ABC-SVM method with the other methods PSO-SVM
and GA-SVM using the Wilcoxon test. This test was performed on the accuracy values obtained with n = 3.
It should be noted that the best method is the one whose performance is significantly superior to the others
according to the Wilcoxon signed-rank test, i.e., when the p-value is below the significance level (o = 0.05).
The results obtained are presented in Table 9. The results shown demonstrate the superiority of our ABC-SVM
classifier.

Table 7. Parameters of the ABC algorithm for solving the optimization problem (21) in order to estimate the
parameters[? = (ﬁi1i2 e Wttt < n) of our generalized SVM classifier

Category Parameter Value Description
Problem Optimization type Constrained maximization Margin-based criterion
Constraints presented in the second line of Ensures class separability
problem (21)
Variables k=12andn Number of variables and
polynomial degree
Dimension Number of coefﬁcients_ﬁ) D= (n + k) Total number pf parameters to
n optimize
Population Food sources (SN) 50 Number of candidate solutions
Employed bees 50 Local exploration
Onlooker bees 50 Selection based on fitness
Exploration Scout bees Dynamic Replace stagnated solutions
Limit parameter (limit) 120 Max trials without improvement
Iterations MaxCycle 1000 Total number of iterations
Initialization Solution generation Uniform within bounds Ensures initial diversity
Optimization Optimized vector ﬁ Polynomial coefficients only

Table 8. The results of comparing our classifier with the other methods tested using the classification metric

“accuracy”
Classifier LR SVM RBF MLP Our model withn = 2
Accuracy 80.44% 79.25% 84.26%  90.24% 98.27%

100 :
95 +
Q —O— ABC-SVM
< —&—PSO-SVM
Py GA-SVM
o
>
[}
(5]
<
90 + 1
85 | ‘ ‘ | ‘ ‘
1 15 2 2.5 3 35 4 45 5

Polynomial Degree (n)

Figure 6. Comparison of accuracy for ABC-SVM, PSO-SVM, and GA-SVM with respect to polynomial
degree (n)

To analyze the efficiency of our optimization approach, a convergence analysis of the ABC
optimization algorithm was conducted by tracking the evolution of the best-fit value over iterations.
The algorithm was initialized with a population of 50 food sources and run for up to 1,000 iterations, with a
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limit parameter set at 120. For each iteration, the most favorable objective value obtained was recorded to
analyze the convergence process. The resulting convergence curve (Fitness as a function of the number of
iterations) shown in Figure 7 demonstrates a rapid decrease in the fit value during the initial stages, followed
by a gradual stabilization as the algorithm converges to the optimal solution. This process demonstrates the
ABC optimization algorithm's ability to efficiently explore the search space and exploit promising regions,

leading to a stable and high-quality estimate of the parameter vector E

Table 9. Results of the Wilcoxon signed-rank test
Comparison p-value Significance (a. = 0.05)  The best method
ABC-SVM vs PSO-SVM 0.031 Significant ABC-SVM
ABC-SVM vs GA-SVM 0.016 Significant ABC-SVM

Convergence Curve of ABC Algorithm
9000 T T T T T T

8000

7000

6000

Best Fitness Value

5000

4000

3000 | I | | I | I I |
0 100 200 300 400 500 600 700 800 900 1000

Iteration

Figure 7. Convergence curve of ABC optimization algorithm

3. CONCLUSION

In this work, we focused on studying academic outcomes of students in Moroccan high schools, as
well as analyzing and predicting their level. To this end, we proposed a new regression method, a generalization
of polynomial and multiple exponential regression models, which allows for a better capture of the complex
relationships between the various explanatory variables and academic performance.

Furthermore, to predict the risk of student dropout, we developed a classifier, derived from an
extension of the SVM method by replacing the linear hyperplane with a nonlinear one. The generalized
approach aims to refine the accuracy of dropout risk estimation and the ability to accurately distinguish between
different classes. The data used in this study come from a questionnaire developed and disseminated to learners
enrolled in Moroccan public high schools. This questionnaire provided a rich dataset, incorporating several
economic, social, and educational factors essential for analyzing the phenomena under study.

To assess the relevance and efficacy of our approaches, several experiments were conducted using
appropriate metrics. These were complemented by comparative studies with various recent reference methods,
performing several experimental tests in regression and classification. The results clearly demonstrate the
robustness and performance of the proposed nonlinear approaches, which are distinguished by their accuracy
and generalizability. Finally, the conclusions of this study highlight the strong potential of generalized models
and methods in the field of education. They offer promising prospects for the development and design of
prediction and decision systems applied in educational fields, particularly in terms of academic performance
and combating school dropout.
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