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Academic achievement, in the future. In this study, a new hybrid approach based on artificial neural networks

Student performance, that enables automatic analysis of data on family, school, and individual factors
Acrtificial intelligence, affecting middle school students’ academic achievement in mathematics is proposed.
Convolutional neural A publicly available student performance dataset was used for training and testing
networks, the proposed hybrid approach and other models. This dataset consists of data such

as mathematics grades, family information, residential information, and health status
information for 395 students enrolled in two public schools in the Alentejo region of
Portugal. The proposed approach achieved an R? score of 88.6% in experimental
studies with this data set, providing approximately 3% higher accuracy than its
closest competitor among other methods in the literature.

Regression.

INTRODUCTION

The academic success of middle school students is one of the most important factors affecting
their future academic and career prospects. In particular, these students are in a transitional
period and face a variety of challenges, including physiological changes such as growth and
development, social pressures, and high school entrance exams. However, students'
development is also affected by many factors related to the family, school, and the individual
(Huang & Yang, 2018). The family is the first contact an individual has with society after birth,
and the first teachers of each individual are their parents. In fact, a survey conducted in 56
schools in Anhui Province, China, showed that factors such as the family's economic situation,
the number of children, and parents' expectations of learning were significantly related to the
children's high school entrance exam results (Bihua, 2013). Another factor that affects students’
development is school. It has been discovered that students’ self-sufficiency towards learning
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plays a mediating role between teachers’ behaviors and students’ academic success (Lei &
Shao, 2015). Another factor is that the individual himself/herself affects academic success.
Taking this factor into consideration, researchers have shown in their study that students with
higher academic control and ability to manage their emotions have better academic performance
(Pekrun et al., 2002; Perry et al., 2001). Personal characteristics such as gender and self-
confidence also play a role. For example, female students generally outperform male students
in GPA scores (Karaman & Atar, 2019).

On the other hand, advances in Information Technologies (IT) have caused the databases of
institutions and organizations to grow rapidly. This has increased the interest in Business
Intelligence (BI) and Data Mining (DM) (Turban et al., 2008). Extracting meaningful
information from all this data can only be done manually by experts. However, it is not
advantageous for experts to analyze this data due to reasons such as the limited number of
experts, the labor-intensive work required, excessive time loss and the possibility of missing
important details. Alternatively, machine learning and artificial intelligence methods that have
the ability to analyze big data can be used. Machine learning methods can play a role in
improving students' academic success by analyzing their individual academic performance data
(Rivas et al., 2021). Additionally, by analyzing big education data, such as student enroliments
and demographics, it can identify patterns and insights that can help improve education policies
and practices (Jin, 2021). Khasanah (2018) conducted a detailed study on the techniques and
features used in educational data mining (EDM) to predict student performance. Accordingly,
Decision Trees and Bayesian Networks were the most commonly used machine learning
methods, while students’ personal information, family information, pre-university
characteristics, and university characteristics were the most commonly used features. Another
study conducted by Sandra et al. (2021) focused on the classification algorithms of machine
learning to predict students’ learning success. Alongside conventional machine learning
techniques, numerous studies have explored the integration and application of various facets of
artificial intelligence in education. Zawacki-Richter et al. (2019) present a comprehensive
overview of artificial intelligence applications within higher education. Certain systematic
reviews concentrate exclusively on particular learning domains, such as mathematics (Hwang
& Tu, 2021) and health (Sapci & Sapci, 2020). Similarly, some studies limit their research areas
and only address a specific educational topic such as student assessment (Gonzalez-Calatayud
etal., 2021). In another study, Olabanjo et al. achieved high-accuracy predictions with a Radial
Basis Function Neural Network (RBFNN) model incorporating cognitive and psychomotor
data, emphasizing the importance of feature selection in model success (Olabanjo et al., 2022).
Rajendran et al., on the other hand, achieved the best performance with a stacking algorithm by
considering socio-demographic and lifestyle variables, demonstrating that stress and lifestyle
have significant effects on academic achievement (Rajendran et al., 2022). Similarly,
Matzavela and Alepis (2021) integrated decision tree learning into mobile learning
environments, demonstrating that parental education, income level, and student employment
status are related to academic achievement. A systematic review by Baashar et al. (2022) noted
the widespread use of artificial neural networks (especially MLP) and their concentration at the
higher education level, but highlighted their limitations in real-world applications. In a study
conducted in Tiirkiye, Yagc1 (2022) developed models that predicted final grades using only
midterm and student grades; showed that the most successful results were obtained with RF and
NN algorithms and that these models can be used for early intervention mechanisms. Finally,
Hussain and Khan (2023) achieved high accuracy and low error rates in classification and
regression tasks with decision trees optimized with genetic algorithms, demonstrating that this
approach can identify at-risk students before the exam. However, similar studies in the literature
have generally conducted one-way analyses based on students' past grades or online activity.
Furthermore, student failure rates in Portugal are quite high compared to the European average,
but local, data-driven models aimed at predicting or explaining this situation have previously
been developed using simple machine learning models with low accuracy. These studies have
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typically applied a single algorithm (e.g., only decision trees or only Naive Bayes). Therefore,
systematic comparisons of the performance of different data mining algorithms (DT, RF, ANN,
SVM) have been lacking. In this context, the current study aims to answer the following
research questions:

= To what extent can the academic achievement of secondary school students in Portugal be
accurately predicted, specifically in Mathematics, using different data mining algorithms
(e.g., SGD, RF, ANN, SVM)?

= Which data mining algorithm provides the highest accuracy and generalizability in predict-
ing student achievement?

This study introduces a new methodology utilizing convolutional neural networks (CNN), a
form of artificial intelligence, to forecast the academic performance of middle school students
in mathematics. The proposed approach uses the CNN model as a feature extractor and features
are selected from the extracted features using the F-regression technique. Finally, students' final
grades are predicted using the selected features using the random forest regression method.
Since the dataset includes personal information, family information, school information and
information about the environment of the students, the effects of various factors affecting
academic success are also taken into consideration in this study. In the experimental studies,
the proposed methodology attained an R? accuracy around 3% superior to that of the nearest
competing method.

METHOD

In this section, firstly, the student performance dataset is introduced to predict the performance
of students in mathematics. Secondly, a newly developed neural network model is explained in
detail. Thirdly, the optimization method used in training this ANN model and the learning rate
planning are mentioned. Fourthly, feature selection and finally, the proposed approach are
explained in detail.

Dataset

In this study, the student performance dataset (Cortez, 2014; Cortez & Silva, 2008) was used
for training and testing the proposed approach and the state-of-the-art methods that were re-
implemented. This dataset consists of data such as the success grades received in mathematics
during the 2005-2006 academic year, information about their families, information about their
environment, information about their health status, etc. of 395 students in two public schools in
the Alentejo region of Portugal. The attributes, attribute types and descriptions of this data set
are given in Table 1. As can be seen in this table, there are 33 attributes. Since “G3” among
these attributes represents the final grade students received in mathematics, it was used as the
estimated dependent variable in this study. The attributes other than the “G3” attribute were
used as independent variables for the regression methods. Furthermore, since the dataset
contained no missing data, missing data handling techniques were not applied. The training and
testing of the regression methods were performed by randomly separating 276 (70%) of the
data belonging to 395 students for training and 119 (30%) for testing in this dataset.

Artificial Neural Networks

Artificial neural networks (ANN) are a machine learning approach modeled after biological
neural networks. This strategy simplifies the intricate architecture of the organic nervous system
(e.g., neurons, dendrites, and axons) into a basic framework, hence facilitating the development
of a mathematical processing model. The most unique characteristic of an artificial neural
network (ANN) is its capacity to address intricate and unformulatable issues by optimizing the
weights of connections among the interlinked neurons where information is processed. This
procedure, which underpins deep learning techniques, is referred to as network training.
Avrtificial Neural Network (ANN) models can be employed in several tasks, including data
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classification, regression, and pattern recognition (Pérez-Gomariz et al., 2023; Yiiksel et al.,
2023).

Table 1. Attributes and descriptions in the student performance dataset.

Attribute Type Description

school Binary Student's school: “GP” : Gabriel Pereira or “MS” : Mousinho da Silveira

sex Binary Student's sex: 'F' - female or 'M' - male

age Numeric Student's age: from 15 to 22

address Binary Student's home address type: 'U' - urban or 'R’ - rural

famsize Binary Family size: 'LE3' - less or equal to 3 or 'GT3' - greater than 3

Pstatus Binary Parent's cohabitation status: 'T' - living together or 'A’" - apart

Medu Numeric Mother's education: 0 - none, 1 - primary education (4th grade), 2 - 5th to 9th
grade, 3 - secondary education or 4 - higher education

Fedu Numeric Father's education: 0 - none, 1 - primary education (4th grade), 2 - 5th to 9th
grade, 3- secondary education or 4 - higher education

Mjob Nominal Mother's job: 'teacher’, 'health' care related, civil 'services' (e.g. administrative
or police), 'at_home' or 'other'

Fjob Nominal Father's job: 'teacher', 'health' care related, civil 'services' (e.g. administrative
or police), 'at_home' or 'other'

reason Nominal Reason to choose this school: close to 'home', school 'reputation’, 'course’
preference or 'other’

guardian Nominal Student's Guardian: 'mother’, 'father' or 'other’

traveltime  Numeric Home to school travel time: 1 - <15 min., 2 - 15 to 30 min., 3 - 30 min. to 1
hour, or 4 - >1 hour

studytime  Numeric Weekly study time: 1 - <2 hours, 2 - 2 to 5 hours, 3 - 5 to 10 hours, or 4 - >10
hours

failures Numeric Number of past class failures: n if 1<=n<3, else 4)

schoolsup  Binary Extra educational support: binary: yes or no

famsup Binary Family educational support: binary: yes or no

paid Binary Extra paid classes within the course subject: Math or Portuguese

activities ~ Binary Extra-curricular activities: yes or no

nursery Binary Attended nursery school: yes or no

higher Binary Wants to take higher education: yes or no

internet Binary Internet access at home: yes or no

romantic Binary With a romantic relationship: yes or no

famrel Numeric Quality of family relationships: from 1 - very bad to 5 - excellent

freetime Numeric Free time after school: from 1 - very low to 5 - very high

goout Numeric Going out with friends: from 1 - very low to 5 - very high

Dalc Numeric Workday alcohol consumption: from 1 - very low to 5 - very high

Walc Numeric Weekend alcohol consumption: from 1 - very low to 5 - very high

health Numeric Current health status: from 1 - very bad to 5 - very good

absences Numeric Number of school absences: from 0 to 93

Gl Numeric First period grade: from 0 to 20

G2 Numeric Second period grade: from 0 to 20

G3 Numeric Final grade: from 0 to 20, output target
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In this study, a new artificial neural network model based on convolutional neural networks
was developed to predict students' academic achievement in mathematics. Figure 1 presents the
block diagram of the constructed ANN model. This model fundamentally comprises four steps.
In the first step, a data vector of size 58x1 is taken as input and passed through the batch
normalization layer. In the second step, the normalized 58x1 data is passed through a one-
dimensional convolution layer (ConvlD) with 11, 5, 3, 2 and 1-dimensional kernels. Then, by
passing through the linear and parametric ReLU activation function and the batch normalization
layer, new features of sizes 48x24, 54x24, 56x24, 57x24 and 58x24 are obtained, respectively.
In addition to these processes, in this step, batch normalization was performed by ensuring that
new information is learned with the fully connected layer when the data order is unimportant.
Then, in this step, the features obtained from the batch normalization steps are concatenated. In
the third step, the concatenated features are expressed as a single vector by passing through the
serialization layer. In the fourth and last step, the final grade, which is the performance indicator
of the students in the mathematics course, is predicted from the serialized features with the fully
connected layer.
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Figure 1. Schematic of the artificial neural network (ANN) model.

Learning Rate Scheduling

In this study, the "ReduceLROnPlateau” (RLRP) function in the Keras deep learning API is
used to plan the learning rate. The RMSProp optimizer is employed to train the ANN model
utilized as a feature extractor. This function reduces the learning rate by the factor parameter
when the learning of the ANN model stabilizes. The determination of whether learning becomes
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stationary is based on the observation of the validation loss and the patience parameter value.
This function enhances the efficiency of the ANN model's learning process. The parameters
and their corresponding values utilized in the training of the created ANN model are presented
in Table 2. The settings for configuring the learning rate are established as follows: patience is
set to 50, factor is 0.1, the initial learning rate (Init_LR) is 1x107, and the minimal learning rate
(Min_LR) is 1x107°. The model's batch size is configured to 128, and the number of epochs is
established at 1000. The hyperparameters used in the training process of the ANN model were
optimized through an experimental iterative search process to maximize the accuracy and
generalization success of the model.

Table 2. Hyperparameters employed during the training of the ANN.

- LR . . Init. Min
Parameter ~ Epoch Batch Optimizer Scheduling Monitor  Patience Factor LR LR
Value 1000 128 RMSprop RLRP Val. Loss 50 0.1 le? le?®

Feature Selection

Feature selection is the act of eliminating or choosing specific features from a dataset to enhance
the performance of models employed in tasks such as classification and regression.
Unnecessary and irrelevant features in the dataset can increase the complexity of the model and
lead to overfitting of the model or low generalization performance of the model. Therefore,
making the right feature selection ensures that the model shows higher performance in terms of
accuracy and speed in parallel with the feature dimension reduction (Dogan et al., 2024; Dogan
& Ergen, 2023; imak et al., 2023). There are many methods for feature selection such as filter,
wrapper, embedded, intrinsic and univariate feature selection. In this study, many feature
selection methods such as FPR test, mutual information, chi-squared, XGBRegressor, F-
regression etc. were tried iteratively for feature selection and the best features were obtained
with F-regression, which is one of the univariate feature selection methods. F-regression relies
on the F-statistic, defined by the Equation 1 provided below:

T'Z
F = 1_’;’)%yx(n -2) 1)
In Equation 1, F represents the regression score, n denotes the number of samples, and ryy
signifies the correlation coefficient between the independent variable X and the dependent
variable Y. ryy can be expressed as follows:

rxy — Zi=1(9ii—x)(3"i_3") - (2)
Jz’;:l(xi—x)z Jz’;:l(yi—wz

In Equation 2, n represents the number of samples, x; and y; represent the ith independent and
dependent variable values, respectively, x and y represent the mean of the x independent
variable values and the mean of the y dependent variable values, respectively.

The F-statistic adheres to the F-distribution with 1 and n-2 degrees of freedom and can be
transformed into a p-value. Consequently, the features with the greatest ratings may be chosen.

Proposed Hybrid Approach

This study proposes a new hybrid approach utilizing convolutional neural networks to forecast
students' performance in mathematics. The suggested approach comprises four distinct phases.
Initially, the dataset is partitioned into 70% for training and 30% for testing, followed by the
execution of one-hot encoding and standard scaling as data pretreatment measures. In the
second stage, a new artificial neural network (ANN) model, derived from convolutional neural
networks as seen in Figure 1, is constructed and utilized as a feature extractor. 7944 features
are taken from the serialization layer of the created artificial neural network model. In the third
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stage, the most pertinent features are selected by excluding irrelevant and superfluous features
from the extracted set using the F-regression feature selection approach. Consequently, the 66
most pertinent features are chosen from the 7944 features derived from the ANN model. In the
last stage, the random forest regression technique is employed to forecast students' final
mathematics grades utilizing the selected attributes. Figure 2 illustrates the design of the
proposed hybrid approach.
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Figure 2. Schematic of the proposed hybrid approach.

Data Analysis and Evaluation Metrics

In this study, the prediction of students' performance in mathematics is considered as a
regression problem. In order to overcome this problem, the proposed hybrid approach and the
state-of-the-art methods such as Linear Reg., Robust Reg., Ridge Reg., Lasso Reg., Poly. Reg.,
SGD Reg., RF Reg., SVM Reg. and XGB Regression are used in the experiments. In order to
compare the performances of all these approaches and methods, the mean absolute error
(MAE), mean square error (MSE), root mean square error (RMSE) and R? metrics, which are
widely available in the literature, are used. The equations of the MAE, MSE, RMSE and R?
metrics are given in (3), (4), (5) and (6), respectively.

1 ~
MAE = - 3iLly: — ¥il ©)
1 ~
MSE = - ¥il (i — 9)° (4)
1 ~
RMSE = \/Nzlivq(yl' —9)? ()
R? = 1 — ZmaOi=90? (6)

Z?I:1(yi_y)2
In the equations of these metrics, y; denotes the true value, ¥; signifies the predicted value, y

indicates the mean of the true values, and N represents the sample size. MAE quantifies the
discrepancy between expected and actual values by calculating the mean of the absolute
differences between them. The Mean Squared Error (MSE) quantifies the deviation of projected
values from actual values by calculating the average of the squared differences between them.
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RMSE is derived by extracting the square root of the MSE data and serves the same function
as MSE. R? quantifies the degree of fit between anticipated values and actual values. Given that
R? € [0, 1], it can likewise be represented as a percentage.

The performance of the methods was analyzed using standard performance metrics such as
MAE, MSE, RMSE and R? and 95% confidence interval (CI). To calculate the confidence
intervals, the widely used bootstrap method, which does not rely on parametric assumptions,
was used and 10,000 replications were performed. On the other hand, the Wilcoxon Signed-
Rank Test was applied to evaluate the statistical significance of the results obtained by
comparing the proposed approach with the most current models in terms of MAE, MSE, RMSE,
and R2. In this method, the percentage improvement provided by the proposed model compared
to other models was calculated using the improvement criterion, and the statistical significance
of the performance differences between the models was assessed using the p-value criterion.
Furthermore, the significance criterion indicates the significance level of the difference based
on the p-value. Accordingly, * indicates a p-value of .001 or less, representing a very highly
significant difference. ™ denotes a p-value between .001 and .01, indicating a highly significant
difference. * corresponds to a p-value between .01 and .05, indicating a significant difference,
while ns signifies a p-value greater than .05, indicating that the difference is not statistically
significant.

The model's losses and accuracies were measured using standard performance metrics such as
MAE, MSE, RMSE, and R2, and validated with independent test set results. This achieved
balanced performance against both training data and unseen data. In regression problems,
model loss values are measured using metrics such as MAE, MSE, and RMSE, while accuracy
is measured using R2. The closer a model's MAE, MSE, and RMSE values are to zero, the lower
the error. Conversely, the closer a model's R? values are to one or 100%, the higher the model's
accuracy.

Various techniques were used to increase and evaluate the model's generalizability. Firstly,
ReduceLROnNPIlateau automatically reduces the learning rate when the validation loss fails to
improve over a certain number of epochs, preventing the model from learning too quickly and
getting stuck in local minima. This reduces the risk of overfitting and improves the model's
performance on unseen data. Secondly, confidence intervals measure the uncertainty of model
predictions and performance metrics; narrow and stable confidence intervals indicate consistent
model performance and, therefore, high generalizability. Furthermore, the Bootstrap method
(e.g., 10,000 resampling) was used to obtain the distribution of model performance across
different data samples. This approach contributes to the assessment of generalizability by
demonstrating that the model will perform similarly across different datasets. The combination
of these techniques provides generalizability information by ensuring that the model not only
achieves high accuracy but also produces reliable results on new and unseen data.

Additionally, the effects of features such as school, age, sex, family, etc. in the dataset on the
G3 output predicted by the proposed approach were investigated using the SHAP technique.
Since the proposed approach is a complex and nested method that uses ANN for feature
extraction, f_regression for feature selection, and Random Forest Regressor for prediction, the
effect of the features on the output was performed using SHAP's KernelExplainer type.

The experimental training and testing of the proposed approach, together with the re-
implemented state-of-the-art techniques, were performed on a workstation equipped with an
Intel(R) Core(TM) i5 CPU @ 2.50GHz, 64 GB RAM, and a GeForce RTX 3090 @ 24GB
graphics card. Additionally, the proposed approach was coded using software technologies
including Python 3.10, Keras 2.10, and TensorFlow 2.10, while the Scikit-learn 1.2.2 machine
learning package was employed to re-implement other advanced methodologies.
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RESULTS

This study utilized a student performance dataset for the training and testing of the proposed
methodology and contemporary methodologies. This dataset comprises the academic
performance of 395 middle school study in Portugal, together with details regarding their
familial backgrounds and environmental factors. 70% of this dataset was used for training the
proposed approach and other state-of-the-art methods, and 30% for testing. The performance
of the proposed approach was compared with state-of-the-art methods such as Linear Reg.,
Robust Reg., Ridge Reg., Lasso Reg., Poly. Reg., SGD Reg., RF Reg., SVM Reg., and XGB
Regression, which are widely available in the literature and have high accuracy performance.
In order to apply the experimental strategy applied to the proposed approach to these state-of-
the-art methods in a healthy way, the state-of-the-art methods were re-implemented. In the
training process of the proposed approach, the batch size was set to 128 and the number of
iterations (epochs) was set to 1000.

The mean squared error (MSE) curve formed during the training process of the ANN model
developed for the proposed approach is given in Figure 3a. Accordingly, the MSE, which was
initially very high at approximately 429.95 and 101.63 for the training and test sets,
respectively, decreased to approximately 1.40 and 4.07 starting from the 389th iteration.
However, the curve of the learning rate that occurred over 1000 iterations is also given in Figure
3b. Accordingly, the learning rate (LR), which was 1x1072 at the beginning, decreased to 1x1073
in the 56th iteration, 1x10™ in the 339th iteration and 1x10™ in the 589th iteration. The lowest
MSE was achieved with a learning rate of 1x107 for the training and test sets.
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Figure 3. Graphs of the training of the proposed ANN model: a) MSE curve and b) LR curve.

In the second stage of the proposed approach, 7944 features were extracted from ANN. In the
third stage, the most relevant features were selected using the F-regression technique. However,
since the number of the most relevant features in feature selection is also the most important
factor determining accuracy and error performance, the model's accuracy and error rates were
checked by increasing the number from 1 to 7944 features and selecting the most relevant
features. Figure 4 shows the minimum and maximum values of the MAE, RMSE and R? metrics
graphically with the most relevant features selected according to the number of features.
According to the mean absolute error graph given in Figure 4a, the highest MAE occurred with
1 feature with a score of 1.34, while the lowest MAE occurred with 67 features with a score of
1.05. According to the root mean square error graph given in Figure 4b, the highest RMSE was
2.06 with 1 feature, while the lowest RMSE was 1.58 with 66 features. According to the R?
graph given in Figure 4c, the highest R? was 88.52% with 66 features, while the lowest R? was
80.57% with 1 feature. According to the graphs in Figure 4, RMSE and R? reached their best
values with 66 features. For this reason, 66 features were used in the regression phase, which
is the fourth stage of the proposed approach.
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In the fourth stage of the proposed approach, the performance of the students was estimated
with the random forest regression method. Student performance prediction was evaluated using
the proposed model as well as state-of-the-art methods. Model performance was analyzed using
standard performance metrics such as MAE, MSE, RMSE, and R?, along with a 95% confidence
interval (Cl1). Table 3 shows the performance comparison of the proposed approach and state-
of-the-art methods.
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Table 3. Evaluation of the efficacy of the proposed approach vs leading techniques in forecasting
student performance.

Model MAE + CI MSE + CI RMSE + CI R?2+ CI

Linear Reg. 1.613+£0.327  5.781 £2.269 2404 +0.472 737 +.088
Robust Reg. 1.117+0.336  4.764 £ 2.739 2.182 +0.639 783 £.097
Ridge Reg. 1.437+£0.319  5.235+2319 2.288 +0.510 761 £ .080
Lasso Reg. 1.285+£0.306  4.613+£2.315 2.147 £ 0.544 790 + .083
Poly. Reg. 3.327+£0.529  19.731+6.122  4.442 +0.689 102 + 285
SGD Reg. 1.907+0.281  6.058 +1.844 2.461+0.374 724 £ .082
RF Reg. 1.000 £ 0.256  3.100 + 1.596 1.760 + 0.457 .858 £.070
SVM Reg. 1.831+£0.331  6.806+2.428 2.609 £ 0.467 .690 £ .088
XGB Reg. 1.067+0.273  3.470+2.130 1.863 +£0.575 .842 £ .091
ANN 1.453+0.256  4.159+1.281 2.039£0.315 .810 £.053
Prop. Approach 1.025+£0.210 2487+ 1.218 1.577+0.382 .886 +.052

ClI: Confidence interval (%95)
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Accordingly, the newly developed ANN model was more successful than the linear, SGD and
SVM regression methods with a ratio of 1.45 in the MAE metric, while it became the third best
method after the random forest (RF) and XGB regression methods with ratios of 4.15, 2.03 and
81.0% in the MSE, RMSE and R? metrics, respectively. The proposed approach was more
successful than all methods with ratios of 1.02, 2.49, 1.58 and 88.6% in the MAE, MSE, RMSE
and R? metrics, respectively. In the R? metric, it was approximately 3% more successful than
its closest competitor, the RF regression method.

On the other hand, the comparative performance evaluation of the proposed approach with the
state-of-the-art models was made in terms of error metrics (MAE, MSE, RMSE) and accuracy
metric (R?); the Wilcoxon Signed-Rank Test method was used to determine the statistical
significance of this comparison.

Table 4 presents a statistical comparison of the MAE values of the proposed model and other
regression models using the Wilcoxon Signed-Rank Test. This table shows that models such as
Linear Regression, ANN, SGD, and SVM achieved significantly lower MAE values compared
to the proposed model, and these differences were very highly statistically significant (7). In
contrast, the differences observed for models such as Lasso, XGBoost, and Robust Regression
were not statistically significant (ns).

Table 4. Statistical comparison of the MAE values of the proposed model and other regression models
using the Wilcoxon Signed-Rank Test.

Model MAE Prop. MAE Improve (%) p-value Significance
Poly. Reg. 3.3277  1.0252 69.19 .0000 -
SGDReg. 19076  1.0252 46.26 .0000 -
SVM Reg. 18319  1.0252 44.04 .0000 -
Linear Reg. 1.6134  1.0252 36.46 .0001 -
ANN Reg. 1.4538  1.0252 29.48 .0004 -
Ridge Reg. 1.4370  1.0252 28.65 .0097 -
Lasso Reg. 1.2857 1.0252 20.26 .0833 ns
RF Reg. 1.0000  1.0252 -2.52 5297 ns
Robust Reg. 1.1176  1.0252 8.27 6118 ns
XGB Reg. 1.0672  1.0252 3.94 .7353 ns

ns: not significant, *: p <.05; *: p <.01; ™ p <.001.

Table 5 presents a statistical comparison of the MSE values of the proposed model and other
regression models using the Wilcoxon Signed-Rank Test. Although Linear Regression, ANN,
SGD, SVM, and Polynomial Regression models had significantly higher MSE values compared
to the proposed model, these differences were found to be very highly statistically significant
(™). Ridge Regression also showed a significant difference (*), but the significance level was
lower. On the other hand, the differences between the Lasso, Random Forest, Robust
Regression, and XGBoost models and the proposed model were not statistically significant (ns).

Table 6 shows the statistical comparison of the RMSE values of the proposed model and various
regression models using the Wilcoxon Signed-Rank Test. Models such as Linear Regression,
ANN, SGD, SVM, and Polynomial Regression have significantly higher RMSE values
compared to the proposed model, and these differences are very highly statistically significant
(™). The Ridge Regression model also presents a significant difference and is considered
highly significant (). In contrast, the differences observed between the Lasso, Random Forest,
Robust Regression, and XGBoost models and the proposed model are not statistically
significant (ns).
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Table 5. Statistical comparison of the MSE values of the proposed model and other regression models
using the Wilcoxon Signed-Rank Test.

Model MSE Prop. MSE Improve (%) p-value Significance
Poly. Reg. 19.7311 2.4874 87.39 .0000 -
SGD Reg. 6.0588 2.4874 58.95 .0000 -
SVM Reg.  6.8067 2.4874 63.46 .0000 -
Linear Reg.  5.7815 2.4874 56.98 .0001 -
ANN Reg 4.1597 2.4874 40.20 .0004 -
Ridge Reg.  5.2353 2.4874 52.49 .0110 *
Lasso Reg. 4.6134 2.4874 46.08 1165 ns
RF Reg. 3.1008 2.4874 19.78 3979 ns
Robust Reg. 4.7647 2.4874 47.80 5976 ns
XGB Reg. 3.4706 2.4874 28.33 .6609 ns

ns: not significant, *: p < .05; *: p <.01; ™ p <.001.

Table 6. Statistical comparison of the RMSE values of the proposed model and other regression models
using the Wilcoxon Signed-Rank Test.

Model RMSE Prop. RMSE Improve (%) p-value Significance
Poly. Reg.  4.4420 15771 64.49 .0000 -
SGD Reg.  2.4615 1.5771 35.93 .0000 -
SVM Reg. 2.6090 1.5771 39.55 .0000 -
Linear Reg. 2.4045 15771 34.41 .0001 -
ANN Reg.  2.0395 1.5771 22.67 .0004 -
Ridge Reg. 2.2881 15771 31.07 .0097 -
Lasso Reg. 2.1479 15771 26.57 .0833 ns
RF Reg. 1.7609 1.5771 10.44 5297 ns
Robust Reg. 2.1828 1.5771 27.75 6118 ns
XGB Reg. 1.8630 1.5771 15.34 .7353 ns

ns: not significant, *: p < .05; *: p <.01; ™ p <.001.

Table 7. Statistical comparison of the R’ values of the proposed model and other regression models
using the Wilcoxon Signed-Rank Test.

Model R? Prop.R? Improve (%) p-value Significance
Poly. Reg. 0.1024  0.8868 766.06 .0000 -
SGD Reg. 0.7244  0.8868 22.43 .0000 -
SVM Reg. 0.6904 0.8868 28.46 .0000 -
Linear Reg. 0.7370 0.8868 20.33 .0001 -
ANN Reg. 0.8108 0.8868 9.38 .0004 -
Ridge Reg. 0.7618 0.8868 16.41 .0110 *
Lasso Reg. 0.7901 0.8868 12.24 1165 ns
RF Reg. 0.8589  0.8868 3.25 3979 ns
Robust Reg. 0.7832  0.8868 13.23 .5976 ns
XGB Reg. 0.8421  0.8868 5.31 .6609 ns

ns: not significant, *: p < .05; *: p <.01; ™ p <.001.
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Table 7 shows the R? values of the proposed model compared to those of different regression
models using the Wilcoxon Signed-Rank Test. The R? performances of Linear Regression,
ANN, SGD, SVM, and especially Polynomial Regression models show very highly statistically
significant differences compared to the proposed model ("). The Ridge Regression model, on
the other hand, presents a significant difference, meeting the significance threshold at p =.0110
(). On the other hand, the differences between the Lasso, Random Forest, Robust Regression,

and XGBoost models and the proposed model are not statistically significant (ns).

The impact of the features in the dataset on the predicted output (G3) of the proposed approach
is illustrated by the summary SHAP plot presented in Figure 5. The effect of the features in the
dataset on the predicted output (G3) of the proposed approach is shown by the summary SHAP
plot presented in Figure 5. Accordingly, the features that have the greatest impact on the G3
output are, respectively, second period grade (G2), first period grade (G1), number of absences,
male sex, female sex, school type (GP: Gabriel Pereira, MS: Mousinho da Silveira), current
health status, weekend alcohol consumption (Walc), student's home address (U: Urban, R:
Rural), workday alcohol consumption, family size (LE3: less or equal to 3), parent's
cohabitation status (T: cohabiting), etc. In other words, it can be said that characteristics such
as high G1 and G2 grades, low school absenteeism, gender status, school type, good health
status and low alcohol consumption positively affect the student's success.

High
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Figure 5. SHAP summary plot demonstrating the contribution of each feature to the predicted output
(G3), as determined by the proposed approach.
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In summary, the proposed model outperformed all regression models when evaluated in terms
of error metrics (MSE and RMSE). Improvements of up to 87% in MSE and 64% in RMSE
were achieved, and most of these differences were found to be statistically significant (p < .05).
Significant differences were observed, particularly when compared to traditional methods such
as Polynomial, SGD, SVM, ANN and Linear regression. In terms of the accuracy metric R?, the
proposed model also had the highest explanatory power (88.68%), and the differences between
it and the classical models were statistically significant. However, when compared to robust
models such as RF, XGB, Lasso and Robust, the R? difference was lower (3-10%), and these
differences were not found to be statistically significant. However, considering the decrease in
error rates, the proposed model offers a more balanced structure in terms of both accuracy and
generalizability. The Wilcoxon Signed-Rank Test results also support this superiority. As a
result, the proposed method stands out as the most successful model by offering lower error and
higher explanatory power against both traditional and modern regression models.

DISCUSSION

The proposed regression approach demonstrated statistically superior performance metrics such
as MAE, MSE, RMSE, and R? compared to other commonly used regression models.
Specifically, because the proposed model was designed by combining approaches such as
ANN, f_regression, and RF regressor, it achieved approximately 7% and 3% higher accuracy
than the plain ANN and RF regressor models, respectively. The proposed approach's high
accuracy performance, as seen in these ablation results, is believed to be due to three reasons.
First, the use of ANN as a feature extractor. Because ANN can learn and therefore capture
complex data patterns better than traditional machine learning models, it can extract features
with complex context information. Second, the f_regression feature selection technique was
used to select the 66 most important features from the 7944 features extracted by the ANN.
Third, the RF regressor was used for G3 estimation from these 66 selected features. While many
regressors exist, such as Linear, Ridge, Lasso, and SVR, the RF regressor was preferred due to
its high performance on small and nonlinear datasets and its robustness against overfitting.
Indeed, when the error and accuracy rates in Table 3 are examined, it can be seen that the RF
regressor exhibits the best performance, excluding the proposed approach.

This superior performance of the proposed approach over other commonly used regression
models is supported by the Wilcoxon Signed-Rank Test results, which revealed statistically
significant improvements in performance metrics such as MAE, MSE, RMSE, and R2.
According to the Wilcoxon Signed-Rank test results presented in Tables 47, the proposed
model performed significantly better in MAE, MSE, and RMSE, particularly compared to
Polynomial Regression, SGD Regression, SVM Regression, and Linear Regression models
(p < .001). These results demonstrate that the proposed model significantly reduces error rates
and increases prediction accuracy. However, no statistically significant differences were
observed in comparisons with Lasso, Random Forest, Robust, and XGBoost Regression models
(p > .05). An examination of R? values reveals that the proposed model significantly increases
its explanatory power, with the largest increase occurring approximately 766% compared to
Polynomial Regression. Overall, the findings indicate that the proposed approach produces
more stable and reliable estimates compared to classical and some advanced regression
methods, particularly with significant improvements in accuracy and error rates.

Furthermore, according to the analysis results of the SHAP summary graph presented in Figure
5, the G2 and G1 variables appear to be the factors that most strongly influence the prediction
performance of the proposed approach. This suggests that previous semester grades (first and
second semesters) play a decisive role in students' final academic success. Furthermore, an
increase in the absences variable appears to negatively impact the outcome of the proposed
approach, confirming that high absences reduce academic achievement. The gender variables
(sex_M and sex_F) have a relatively small but noticeable impact on the recommended
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approach. The school type (school_GP and school _MS) and health status (health) variables also
exert partial influence on the decision to use the recommended approach, suggesting that
students' individual and environmental circumstances may have indirect effects on
achievement. The other variables have limited impact. Overall, the SHAP analysis indicates
that the model's decisions are meaningful and explainable, with students' past academic
performance (G1 and G2) being the strongest predictor.

As noted in the literature, the academic success of middle school students is influenced by many
factors, including family, school, and individual characteristics (Huang & Yang, 2018). The
findings of this study also revealed that this relationship is in this direction, as seen in the SHAP
summary graph in Figure 5. Bihua's (2013) study in China reported that the family's economic
status, number of children, and parents' learning expectations were significantly related to
students' success on the high school entrance exam. Similarly, this study determined that the
variables Fjob, Mjob, Pstatus, and schoolsup, which represent the family's economic status,
famsize, which indicates family size, and higher and famsup, which indirectly reflect parental
expectations, exhibited significant relationships with academic success. The findings suggest
that parents' occupational level and economic conditions contribute to students' academic
success as they improve; family support and higher education expectations strengthen success.
Conversely, the number of family members plays a significant role in students' academic
success in families with three or fewer members. Lei and Shao's (2015) study emphasized the
mediating role of students' self-efficacy in the relationship between teacher behaviors and
academic achievement. Similarly, this study found that school type (school), school support
(schoolsup), and travel time to school (traveltime) had significant effects on achievement.
Furthermore, when evaluated in terms of individual characteristics, students with lower alcohol
consumption (Dalc, Walc) were found to exhibit higher academic performance. These results
are consistent with Pekrun et al. (2002) and Perry et al. (2001), who stated that high self-control
and academic control increase achievement. Also, as stated in the study by Karaman and Atar
(2019), this research found that the average achievement of male students (sex_M) was higher
than that of female students (sex_F). In the literature, machine learning methods are widely
used in the analysis of training data (Jin, 2021; Khasanah, 2018; Rivas et al., 2021). Previous
studies have mostly focused on classification and prediction methods using Decision Trees,
Bayesian Networks, and artificial neural network-based models on large-scale datasets
(Baashar et al., 2022; Sandra et al., 2021). In this study, a hybrid model combining artificial
neural network (ANN)-based feature extraction and random forest (RF) regressor was
developed using a small-scale dataset. Using the 66 most significant variables selected with the
f_regression method from 7944 features extracted by the ANN, students' academic success in
mathematics was predicted with an R? accuracy of 88%. In this respect, the study supports
model integration and feature selection approaches suggested in the literature and provides an
innovative example for course-based applications at the secondary education level. However,
the small size of the data set and the interpretability of the model may be limited.

Developed using the Student Performance dataset, the proposed approach contributes to data-
based decision-making in education by predicting students' final academic success with high
accuracy. The proposed approach highlights first-term (G1) and second-term (G2) grades as the
strongest predictors, highlighting the importance of closely monitoring students' intra-term
performance. For example, if a student's G1 grade is low, the proposed approach can identify
early on the likelihood of this student failing at the end of the term, allowing teachers to
implement timely individual support, additional homework, or mentoring programs. Similarly,
the negative impact of the absences variable demonstrates the critical role of regular attendance
in academic performance. This finding allows for the establishment of early warning systems
in schools to closely monitor absence trends. Furthermore, SHAP analysis increases the model's
explainability, allowing teachers and administrators to understand the variables underlying the
proposed approach's decisions. Consequently, this approach not only predicts student success
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but also provides a powerful tool for early identification of at-risk students, developing targeted
intervention strategies, and creating personalized learning plans.

Implications

The findings of this study offer important implications for both educational practitioners and
researchers. For practitioners, the proposed model's high-accuracy prediction of student
achievement can be directly applied to the development of early warning and intervention
systems. For example, teachers can identify students at risk of failure by monitoring students'
G1 and G2 grades and attendance records at the beginning of a semester and create additional
tutoring support, mentoring, or individualized learning plans for these students. Educational
administrators can use the outputs from this model to data-driven restructuring of school
policies and plan targeted interventions, such as reducing absenteeism rates and improving
health and social conditions.

From a research perspective, the results demonstrate that explainable artificial intelligence
(XAIl)-based models can be effectively used in educational data. Future studies could focus on
testing the generalizability of the model on datasets collected from different regions or
educational systems, improving predictive performance by adding psychosocial variables
(motivation, parental involvement, emotional state, etc.), and dynamically modeling student
achievement trends using time-series approaches. Furthermore, making model outputs
interpretable by teachers, parents, and students using explainability methods like SHAP will
support the ethical and reliable use of Al in education. Ultimately, this study provides a strong
foundation not only for predicting student achievement but also for developing data-driven,
human-centered educational strategies.

Limitations

While the findings of this study reveal important conclusions, several limitations must be
considered. First, the study used only the UCI Student Performance dataset, which represents a
limited sample size obtained from two Portuguese schools (Gabriel Pereira and Mousinho da
Silveira). Therefore, the generalizability of the model to different educational systems, cultural
contexts, or socioeconomic conditions is limited. Second, the variables included in the dataset
are largely limited to numerical and categorical demographic information; important variables
that could influence achievement, such as students' motivation level, psychological factors,
family dynamics, or teaching quality, are not included in the model. This partially limits the
model's explanatory power and ignores the influence of behavioral or emotional factors in
predicting achievement.

Third, the model used in the study adopts a static approach; that is, it does not dynamically
track students' developmental changes or learning curves over time. Therefore, the model is
limited in its ability to reflect changes in student performance over subsequent weeks or the
effects of instructional interventions. Fourth, although the SHAP analysis provides an
explanation of the model's decision-making process, these explanations are based solely on
variables in the existing dataset. Therefore, the model's interpretability depends on the scope of
the data, and the level of explanation may change when new or different types of variables are
added.

Finally, the validation process for the proposed approach was conducted with a single dataset
with a relatively small sample size of 649 students. This creates uncertainty about whether the
proposed approach will perform equally well across different student groups or datasets. A
limited sample size, in particular, can limit the learning capacity of complex models and prevent
the full statistical emergence of the effects of some variables. Therefore, future research using
larger, multicenter datasets encompassing diverse demographic groups will further enhance the
generalizability of the model.
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CONCLUSION

This study proposes a new hybrid methodology utilizing convolutional neural networks to
forecast the academic performance of middle school children. The initial phase of the proposed
methodology involves the development of a neural network utilizing one-dimensional
convolutions for automated feature extraction. In the second stage, f-regression technique is
used to select important features from the features extracted by this neural network. In the final
stage, the chosen features are input into the random forest regression model, which is then
trained to produce the students' final grade predictions as output. As a result of the experimental
tests, the proposed hybrid approach has achieved a better success than all other methods by
reaching 88.6% R? accuracy, 1.0 MAE, 2.5 MSE score.

This methodology employs one-dimensional convolutional neural networks, which are
extensively utilized across several domains, including speech recognition, signal processing,
natural language processing, financial time series analysis, and big datasets. This study was
undertaken due to the absence of literature on the application of one-dimensional convolutional
neural networks for predicting students' performance in a course. Furthermore, despite the
limited size of the student performance dataset included in this work, our proposed hybrid
methodology has demonstrated superior efficacy relative to other leading methodologies.
Future research will aim to evaluate the overall academic achievement of students by examining
all their courses rather than concentrating on a single course using a larger data set. Thus, the
effect of the factors that negatively affect the academic achievement of the student can be
observed more clearly.
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