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Abstract The development of artificial intelligence has encouraged the use of Artificial Neural Networks (ANNs) for
academic performance prediction in competency-based education. However, in automotive vocational education, ANN
hyperparameters are commonly determined through trial-and-error procedures, which may produce unstable and suboptimal
models. This study proposes an integrated Central Composite Design (CCD), Response Surface Methodology (RSM),
and Genetic Algorithm (GA) framework to optimize ANN hyperparameters for predicting the academic performance of
Automotive Vocational Education (AVE) students at Vocational High School (VHS) NU 1 Karanggeneng, Lamongan.
The quadratic RSM model explained 82.09% of the response variation and identified the learning algorithm as the most
influential optimization factor. At the original optimization-response scale, the RSM—GA procedure produced an optimal
ANN configuration with three hidden layers, 20 neurons, a tansig—purelin transfer-function combination, the trainlm learning
algorithm, a learning rate of 0.005, and 200 epochs, achieving an MSE of 0.07 and an S/N Ratio of 22.94. In the normalized
response-level benchmark, the Opt RSM—GA ANN obtained the most favorable normalized repeated MSE response, with a
Mean MSE of 0.012, SD MSE of 0.0019, and S/N Ratio of 38.65. These findings indicate that the CCD-RSM-GA workflow
provides a structured and reproducible approach for ANN hyperparameter optimization. Broader validation using larger,
multi-school, and multi-cohort datasets is still required before practical implementation.
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1. Introduction

The development of Artificial Intelligence (Al) has brought significant transformations in various sectors, including
education, through predictive analytics techniques capable of processing complex and multidimensional academic
data [1, 2]. In vocational secondary education, academic performance prediction has become increasingly important
because vocational institutions emphasize not only cognitive achievement but also technical competencies and
industrial work readiness. Machine learning-based predictive models, particularly ANN, have been widely used
because they can model nonlinear relationships between input and output variables and recognize complex
educational data patterns [3, 4]. ANN is also relevant for competency-based curricula because it can capture gradual
and hierarchical relationships among subjects in automotive engineering education [5].

However, the effectiveness of ANN models strongly depends on appropriate hyperparameter configuration. An
improper network structure may reduce the model’s generalization ability and increase the risk of overfitting [6, 7].
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Hyperparameters such as the number of hidden layers, number of neurons, activation functions, learning algorithm,
learning rate, and training epochs directly influence convergence behavior, prediction accuracy, and model stability
[8, 9]. Therefore, hyperparameter optimization is a crucial step in developing Al-based decision support systems
that are accurate, stable, and reliable for vocational education environments. Without systematic optimization, ANN
models may produce different prediction errors across repeated training processes, especially when the available
educational dataset is relatively small [10].

VHS with AVE programs, such as VHS NU 1 Karanggeneng in Lamongan, implement a competency-based
curriculum that progresses from basic engineering science to advanced automotive diagnostics. This structured
curriculum requires progressive integration of competencies, where students’ academic performance in the early
stages may influence their success in more advanced competencies. In practice, the identification of students
at academic risk is still carried out conventionally through semester grade evaluations without the support of
systematic predictive analytics systems [10, 11]. This condition may delay educational intervention and limit the
effectiveness of data-driven learning strategies, particularly for students who need earlier academic support before
entering advanced diagnostic competencies.

In this context, academic performance prediction is not only intended to estimate students’ final achievement
but also to provide a methodological basis for supporting the early identification of students who may experience
difficulties in advanced competency stages [2, 11]. This issue is particularly important in automotive vocational
education because early academic performance, basic technical knowledge, maintenance-related competencies,
and diagnostic competencies are sequentially connected. Therefore, prediction models used in this context should
not only produce low prediction errors but also demonstrate stable performance across repeated training processes
[3, 8]. This stability requirement becomes essential because inconsistent prediction results may reduce the
reliability of Al-based academic decision support systems in vocational education settings.

Previous studies have demonstrated that ANN-based prediction models can achieve competitive performance
in academic performance prediction compared with conventional statistical methods and several machine learning
algorithms [3, 4, 12, 13]. Systematic reviews in educational data mining also indicate that student performance
prediction has increasingly shifted from descriptive statistical analysis to machine learning and deep learning
models because educational data often contain nonlinear relationships, heterogeneous predictors, and complex
interaction patterns [11, 14]. However, many ANN implementations still emphasize prediction accuracy without
sufficiently explaining the hyperparameter selection process, validation strategy, repeated-training stability, and
comparative baseline performance. This limitation is important because ANN performance can vary substantially
when network architecture, activation functions, learning algorithms, learning rate, and training epochs are not
systematically optimized and compared with simpler or standard predictive models [8, 9].

Hyperparameter optimization has therefore become an important issue in machine learning-based prediction
studies. Recent studies have shown that hyperparameter tuning can be performed using several strategies, including
manual tuning, grid search, random search, Bayesian optimization, and metaheuristic algorithms [8, 15, 16].
Among these approaches, metaheuristic algorithms such as Genetic Algorithms (GA), Particle Swarm Optimization
(PSO), and other evolutionary methods are widely used because they can explore complex and nonlinear solution
spaces without requiring derivative information [17, 18, 19]. Nevertheless, purely metaheuristic search may require
many evaluations when the model training process is computationally expensive. Therefore, combining statistical
experimental design with evolutionary optimization can provide a more efficient alternative for identifying
influential factors and searching for near-optimal hyperparameter configurations.

In this regard, Design of Experiments (DOE) approaches such as CCD and RSM are useful for reducing the
number of experimental runs while still allowing the analysis of main effects, interaction effects, and quadratic
effects [20, 21]. RSM has been widely applied in engineering optimization because it can construct a surrogate
model that represents the relationship between input factors and performance responses [20, 22, 23]. Hybrid
approaches that integrate RSM, ANN, and GA have also been reported in engineering and energy-related
optimization problems, demonstrating that surrogate modeling and evolutionary search can be combined to explore
nonlinear response surfaces [24, 25, 26]. However, the use of this hybrid framework for ANN hyperparameter
tuning in automotive vocational education remains limited, particularly when model stability across repeated
training and comparison with standard baseline models are considered.
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Although RSM-GA-based optimization has been applied in several engineering and computational domains
[20, 24, 25, 26], its use for ANN hyperparameter optimization in automotive vocational education remains
underexplored. Therefore, this study does not claim the general integration of RSM, GA, and ANN as a
fundamentally new optimization method. Instead, the novelty lies in the domain-specific adaptation, structured
implementation, and empirical validation of a CCD-RSM-GA-based ANN tuning workflow for automotive
vocational education data. Unlike the authors’ previous study [27], which primarily demonstrated the feasibility
of CCD-RSM-GA-based ANN optimization using a different vocational education dataset, the present study
extends the framework through cohort-based temporal validation, leakage-aware preprocessing, robustness-
oriented evaluation, GA reproducibility analysis, and expanded baseline benchmarking against Linear Regression,
Random Forest, Default ANN, and Random Search ANN. Consequently, the proposed workflow is presented
as a more rigorously validated and reproducible approach for ANN-based academic performance prediction in
automotive vocational education rather than as a newly invented optimization algorithm.

Based on these research gaps, this study applies and evaluates a structured CCD-RSM-GA workflow to optimize
ANN hyperparameters for predicting the academic performance of Automotive Vocational Education students at
VHS NU 1 Karanggeneng, Lamongan. The main contributions of this study are fourfold: first, applying a CCD—
RSM-GA framework for ANN hyperparameter tuning in automotive vocational education; second, evaluating
ANN performance by considering both prediction response and repeated-training stability through MSE, SD MSE,
and S/N Ratio; third, identifying dominant ANN hyperparameters and their interaction effects using ANOVA and
response surface analysis; and fourth, evaluating the optimized ANN configuration through cohort-based temporal
validation and supplementing the evaluation with a normalized repeated MSE response-level benchmark against
Linear Regression, Random Forest, Default ANN, Random Search ANN, and Opt CCD ANN. Accordingly, the
objectives of this study are to identify significant ANN parameters, construct a quadratic RSM model, determine
the optimal ANN hyperparameter combination using GA, and evaluate the optimized configuration in improving
prediction response and repeated-performance stability relative to relevant baseline models.

2. Method

2.1. Research Design and Dataset

This study employs a quantitative experimental approach by integrating ANN, RSM, and GA to optimize ANN
hyperparameters for predicting students’ academic performance [20, 21, 28]. The use of ANN is relevant for
academic performance prediction because this model can capture nonlinear relationships among educational
variables and support predictive analytics in educational decision-making [1, 2, 3]. The research subjects were
students in grades X—XII of the Automotive Engineering program at VHS NU 1 Karanggeneng, Lamongan, East
Java, Indonesia. The initial academic record dataset consisted of 241 student records collected during the 2021—
2023 period. After applying data completeness criteria for the required input and target variables, 153 complete
student records were retained as the final modeling dataset. These complete records consisted of three academic
cohorts, namely 51 students from 2021, 51 students from 2022, and 51 students from 2023. The use of a relatively
small but complete educational dataset requires careful model development and validation because limited data
may affect the stability and generalization ability of predictive models [10]. The data covered semesters 1 to 5
and included 11 subjects representing gradual competency stages, namely: (1) basic engineering science, (2) basic
automotive technology, (3) maintenance, and (4) diagnostics.

Each numerical variable was normalized to maintain the stability of the ANN training process and avoid the
dominance of a particular scale in the network learning process. To prevent data leakage, the normalization
parameters were estimated only from the training set and then applied consistently to the validation and testing sets.
This procedure ensured that information from the validation and testing cohorts was not used during preprocessing,
model training, or hyperparameter optimization [29]. The input variables consisted of subject scores from the first
to fourth semesters, while the output variable was the final vehicle diagnostic competency score measured on a
continuous scale ranging from 0 to 100. This score represents students’ achievement in the diagnostic competency
stage and was used as the prediction target in the ANN model. Because the target variable is continuous rather than
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categorical, the ANN was formulated as a regression model [30]. The 2021 cohort was used for model training, the
2022 cohort for validation and hyperparameter optimization, and the 2023 cohort was retained as an unseen testing
set and used only for final out-of-sample evaluation. The research design adopted a CCD-based experimental
approach to evaluate the effect of ANN hyperparameter combinations on model performance responses. CCD
was used to reduce the number of experimental combinations while still enabling the evaluation of main effects,
interaction effects, and quadratic effects in the RSM framework [20, 21]. The general research flow is shown in
Figure 1.
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Figure 1. Research flow of the RSM—GA integration for ANN hyperparameter optimization.

2.2. Data Splitting and Temporal Validation

Following the dataset definition described in the previous subsection, this study applied a cohort-based temporal
validation strategy to reduce the possibility of data leakage and to provide a more realistic evaluation of predictive
performance [29, 31]. The 2021 cohort was used as the training set, the 2022 cohort was used as the validation
and hyperparameter optimization set, and the 2023 cohort was retained as the unseen testing set. This temporal
splitting strategy was adopted so that the model was developed using earlier academic records and evaluated using
later student records that were not involved in model development.

The training set was used to fit the ANN models during the initial learning process. The validation set was
used to evaluate the hyperparameter combinations generated through the CCD-RSM procedure and to guide the
GA-based optimization process. In contrast, the testing set was used only for the final out-of-sample evaluation
of the optimized ANN configuration. Importantly, the 2023 testing cohort was not used in ANN training, CCD
experimentation, RSM model construction, GA optimization, hyperparameter selection, or model retraining. This
separation was intended to ensure that the reported final performance reflects predictive ability on unseen data
rather than optimization performance on the same dataset [29].

All preprocessing steps were also performed in a leakage-aware manner. The normalization parameters were
estimated only from the training set and then applied consistently to the validation and testing sets. Therefore,
information from the validation and testing cohorts did not influence the scaling process used during model
training. This procedure is important because predictive model performance should be assessed using data that
are not involved in model development, preprocessing parameter estimation, or hyperparameter optimization [29].
The temporal data splitting scheme used in this study is presented in Table 1.

2.3. Artificial Neural Network Configuration and Experimental Design

The prediction model was constructed using a multilayer feedforward Artificial Neural Network trained using a
backpropagation learning algorithm [30]. Several hyperparameters were considered in the optimization process,
including the number of hidden layers, number of neurons per layer, activation functions, training algorithms,
learning rate, and number of training epochs [8, 9, 17]. These hyperparameters directly influence the convergence
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Table 1. Cohort-based temporal data splitting scheme

Academic Year Number of Students Data Subset Purpose
2021 51 Training set ANN model training
2022 51 Validation set CCD-RSM hyperparameter evalua-
tion
2023 51 Testing set Final out-of-sample evaluation
Total 153 Complete modeling dataset Model development and evaluation

speed, stability, and generalization capability of the neural network model. The experimental levels and coding—
decoding rules of the ANN hyperparameters are shown in Table 2.

Table 2. ANN hyperparameter levels and coding—decoding rules

Parameter Symbol -1 0 +1
Hidden layer HL 2 3 4
Neuron NN 10 20 30
Hidden TF TH logsig  purelin tansig
Output TF TO logsig purelin tansig
Learning algorithm LA trainlm  trainbr  traingdx
Learning rate LR 0.001 0.005 0.010
Epoch EP 100 200 300

Table 2 presents the coded levels and actual values of the ANN hyperparameters used in the CCD-RSM and
GA procedures. The coded values of —1, 0, and +1 were used to represent the predefined experimental levels of
each hyperparameter. For numerical hyperparameters, such as hidden layers, neurons, learning rate, and epochs,
the coded levels corresponded to specific numerical values. For categorical hyperparameters, such as hidden
transfer function, output transfer function, and learning algorithm, the coded levels were used only as empirical
design labels within the CCD-RSM framework. These coded values were not interpreted as physically continuous
numerical quantities. Instead, they served as structured surrogate indicators to compare the performance tendency
among predefined ANN categories. This treatment is consistent with the practical nature of hyperparameter
optimization, where search spaces may include numerical, discrete, and categorical variables that must be encoded
before optimization [32]. Therefore, any linear, quadratic, or interaction terms involving categorical factors were
interpreted cautiously as empirical effects within the selected design space rather than as continuous functional
relationships.

Theoretically, the full combination of three levels for seven parameters produces 37 = 2187 experiments. To
improve efficiency, this study applied Central Composite Design (CCD), which reduced the number of experiments
to 100 parameter combinations while still allowing the estimation of main effects, interaction effects, and quadratic
effects [20, 21, 31]. Each configuration was repeated five times to obtain stable performance measurements
[27]. In accordance with the temporal validation protocol described in the previous subsection, the CCD-based
hyperparameter evaluation was performed using the training and validation subsets only. The unseen testing set
was excluded from CCD experimentation, hyperparameter evaluation, RSM modeling, and GA optimization to
maintain a strict out-of-sample evaluation protocol.

Model performance during the CCD experiment was evaluated using Mean Squared Error (MSE), standard
deviation of MSE, and Signal-to-Noise (S/N) ratio. MSE was used as the primary prediction error metric because
it measures the average squared difference between the actual and predicted values [29]. It is calculated as

1 n

i=1
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where y; represents the actual value, 7; represents the predicted value, and n is the number of evaluated samples.
Because ANN training involves random initialization and may produce different prediction errors across repeated
runs, MSE alone is not sufficient to evaluate the robustness of a hyperparameter configuration. Therefore, each
ANN configuration was repeated five times, and the mean MSE and standard deviation of MSE were calculated to
represent prediction accuracy and repeated-training variability. This repeated-evaluation procedure was conducted
within the training—validation stage and did not involve the unseen testing set.

The S/N ratio with the Smaller-the-Better criterion was used as a robustness-oriented response in the CCD-RSM
modeling and as the fitness criterion in the GA optimization stage. The use of the S/N ratio was not intended
to replace MSE, but to prioritize hyperparameter configurations that produced both low prediction error and
stable performance across repeated ANN training runs. This is important in small educational datasets because
a configuration with low MSE in a single run may still be unreliable if its error varies substantially across repeated
training processes. The S/N ratio was calculated as follows:

1
S/N = —10log,, (T > MSE,?) 2)
k=1

where M SE}, is the MSE value obtained from the k-th repeated training run and r is the number of repeated
runs. In this study, » = 5. A higher S/N ratio indicates a more robust configuration because it reflects a smaller and
more stable prediction error across repeated runs [33, 34]. Accordingly, the CCD-RSM stage used the S/N ratio
to model the robustness response, while the final model evaluation still reported MSE, standard deviation of MSE,
S/N ratio, correlation coefficient, R?, and Adjusted R? on the unseen testing set.

2.4. Response Surface Modeling and Analysis of Variance

The CCD experimental results obtained from the training—validation procedure were analyzed using Analysis of
Variance (ANOVA) to identify ANN hyperparameters that significantly affected the S/N Ratio response [33, 34].
ANOVA separates the total variation into variation caused by main factors, interaction effects, quadratic effects, and
experimental error. Parameters were considered significant when the p-value was less than 0.05. The unseen testing
set was not involved in the ANOVA procedure, RSM model construction, or factor significance assessment. This
separation was maintained to ensure that the response surface model was developed only from the hyperparameter
evaluation stage and did not incorporate information from the final out-of-sample testing data [29].

Next, a second-order polynomial regression model was constructed to map the relationship between the coded
ANN hyperparameters and the S/N Ratio response within the RSM framework [20, 21]:

Y =05+ ZBiXi + ZBMXZ-Q + Zﬂinin +e 3)

where Y is the S/N Ratio response, X; represents the coded factor level, 5, is the intercept, 3; is the linear
coefficient, 3;; is the quadratic coefficient, 3;; is the interaction coefficient, and € represents the experimental error.

Because several ANN hyperparameters were categorical, including hidden transfer function, output transfer
function, and learning algorithm, the coded levels in the RSM equation were interpreted as empirical design labels
rather than physically continuous numerical quantities. Therefore, polynomial terms involving categorical factors
were used to indicate empirical performance tendencies among predefined coded categories within the CCD design
space. They were not interpreted as continuous functional relationships. This treatment is consistent with mixed-
variable and surrogate-assisted optimization, where numerical, discrete, and categorical variables require encoding
before optimization and cautious interpretation in the fitted surrogate model [32, 35].

Model quality was evaluated using the coefficient of determination (R?), Adjusted R?, Predicted R?, and residual
analysis. The R? value was used to describe the proportion of response variation explained by the quadratic
model, while Adjusted R? accounted for the number of predictors in the model [36]. Predicted R? provided an
additional indication of the model’s predictive capability within the experimental design space. Residual analysis
was conducted to examine the normality and homoscedasticity assumptions of the fitted model.

The fitted RSM model was interpreted as a surrogate approximation of the ANN hyperparameter response
surface rather than as a perfect representation of the original ANN performance landscape. This interpretation is
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important because the model was built from CCD experimental results and included both numerical and categorical
hyperparameter settings. In surrogate-assisted optimization, approximate response models are useful for guiding
the search toward promising regions, but the resulting optimum still requires final validation using the target model
or independent evaluation data [29, 35, 37]. Therefore, model adequacy indicators such as R?, Adjusted R2, and
Predicted R? were used to assess the usefulness of the surrogate model for guiding optimization, not to claim
definitive out-of-sample predictive performance.

The resulting quadratic regression model was then used as the objective function for the GA optimization stage.
Because the objective function was derived from the RSM surrogate model, the optimum obtained from GA
was subsequently decoded into actual ANN hyperparameters and validated according to the temporal validation
protocol described previously. This procedure ensured that the final reported performance was based on the unseen
testing set rather than on the same data used to construct the RSM model or guide the GA search [35, 37].

2.5. Optimization Using Genetic Algorithms and Model Validation

After the RSM surrogate model was constructed, the resulting second-order polynomial equation was used as
the objective function in the Genetic Algorithm optimization stage. The GA was applied to search for the
ANN hyperparameter combination that maximized the predicted S/N Ratio response. This procedure enabled the
exploration of the hyperparameter space beyond the discrete CCD experimental points while still using the response
pattern estimated from the CCD-RSM stage. Such a surrogate-guided evolutionary search is useful for reducing
direct evaluation cost and exploring mixed numerical, discrete, and categorical decision spaces [35, 36, 37].
Because the GA search was conducted using the RSM surrogate model derived from the training—validation
procedure, the unseen testing set was not involved in the optimization process.

The GA population consisted of 100 candidate solutions representing coded ANN hyperparameter values. Each
individual encoded the seven optimized hyperparameters, namely hidden layers, number of neurons, hidden transfer
function, output transfer function, learning algorithm, learning rate, and training epochs. The fitness value of
each individual was calculated from the predicted S/N Ratio generated by the RSM regression equation. The
GA used roulette wheel selection, a crossover rate of 0.6, a mutation rate of 0.1, and an elitism mechanism of
1% to preserve the best individual in each generation. These operators were used because GA-based optimization
relies on population selection, recombination, mutation, and elitism to balance exploration and exploitation during
the search process [24, 38, 39]. The final GA experiment was executed for a maximum of 1000 generations, and
convergence was evaluated using the best S/N fitness, mean S/N fitness, repeated-run sensitivity analysis, and
population diversity.

To improve reproducibility, the GA configuration was fixed across all optimization runs. The final configuration
consisted of a population size of 100, roulette wheel selection, crossover rate of 0.6, mutation rate of 0.1, elitism
of 1%, and a maximum of 1000 generations. The previous stopping statement based on 100 generations or 20
generations without significant improvement was removed to ensure consistency between the Method and Results
sections. In addition, the GA was executed in five independent runs using different random seeds to examine
the stability of the optimization result. The coding—decoding procedure used in this stage followed the ANN
hyperparameter levels and coding—decoding rules presented in Table 2. Because GA operates in a continuous
coded search space, the optimal coded solution was first mapped to the nearest valid coded level before being
implemented in the ANN model. Each continuous coded value was assigned to one of the three predefined coded
levels, namely —1, 0, or +1, and then converted into the corresponding actual ANN setting. This rule was applied
to both numerical and categorical hyperparameters. For categorical factors, such as transfer functions and learning
algorithms, the mapped coded level was used only to select the nearest predefined category and was not interpreted
as a continuous numerical value [32, 35]. In the final GA solution, TO = 0.30294 was mapped to level 0 and
decoded as purelin, while LA = —0.93237 was mapped to level —1 and decoded as trainlm.

After applying this mapping rule, the final GA-derived ANN configuration consisted of three hidden layers,
twenty neurons, tansig as the hidden transfer function, purelin as the output transfer function, trainim as the
learning algorithm, a learning rate of 0.005, and 200 epochs. This procedure ensured that the final ANN model
used valid implementable hyperparameter settings rather than continuous coded GA outputs. The optimized ANN
configuration obtained from the RSM—GA procedure was then validated according to the temporal validation
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protocol described previously. The final ANN model was trained using the training set, while the optimized
hyperparameter configuration was selected through the validation and optimization stage. The unseen 2023 testing
set was used only for the final out-of-sample evaluation. Therefore, the testing set was not involved in ANN training,
CCD experimentation, RSM model construction, GA optimization, hyperparameter selection, sensitivity analysis,
or model retraining. This separation was intended to ensure that the reported final performance represents out-of-
sample predictive capability rather than performance obtained from the same data used during model optimization
[29].

The final model performance was evaluated using Mean Squared Error (MSE), standard deviation of MSE, S/N
Ratio, correlation coefficient (R), coefficient of determination (R2), and Adjusted R?. MSE was used to evaluate
prediction error, while the standard deviation of MSE and S/N Ratio were used to assess repeated-training stability.
The correlation coefficient, 2, and Adjusted R? were used to describe the agreement between predicted and actual
values on the unseen testing set [18, 29]. Accordingly, the final validation stage served as an independent evaluation
of the optimized ANN configuration and was not used to further tune, select, or revise the hyperparameters.

In addition, a response-level benchmark was conducted to compare the optimized ANN configuration with
Linear Regression, Random Forest, Default ANN, Random Search ANN, and Opt CCD ANN. The benchmark
used normalized repeated MSE response summarized by Mean MSE, SD MSE, and S/N Ratio. ANN-based models
were summarized using repeated best performance records during training, whereas Linear Regression and Random
Forest were summarized using normalized training-performance MSE as performance-record-equivalent baselines.
Therefore, this benchmark should not be interpreted as a strict final testing-set comparison for all models.

3. Results and Discussion

3.1. Experimental Results Using Central Composite Design

The CCD-based experiment produced 100 ANN hyperparameter combinations that were evaluated using Mean
Squared Error (MSE), standard deviation of MSE, and S/N Ratio with the Smaller-the-Better criterion. Based on
the experimental results, the mean MSE values ranged from 0.17 to 33.78, while the S/N Ratio ranged from —30.62
to 12.04. This wide range indicates that the ANN hyperparameter configuration has a substantial influence on both
prediction accuracy and repeated-training stability. This finding is consistent with previous studies showing that
ANN performance is highly sensitive to network architecture, activation function settings, training algorithms, and
learning parameters [40, 41]. To provide a clearer comparative overview, Table 3 presents the best and worst CCD
configurations based on the S/N Ratio values.

Table 3. Comparison of best and worst CCD configurations

Exp. Configuration Mean MSE SD MSE S/N Ratio
70 Best CCD 0.17 0.1855 12.04
56 Worst CCD 33.78 3.5437 —30.62

Table 3 shows that Experiment 70 produced the best CCD configuration, with a mean MSE of 0.17, an SD
MSE of 0.1855, and an S/N Ratio of 12.04. In contrast, Experiment 56 produced the worst CCD configuration,
with a mean MSE of 33.78, an SD MSE of 3.5437, and an S/N Ratio of —30.62. These results indicate that the
best configuration not only produced a lower prediction error but also demonstrated more stable repeated-training
performance. Therefore, the S/N Ratio is useful as a robustness-oriented response because it helps identify ANN
configurations that combine low error with lower variability across repeated training runs.

It should be noted that Table 3 represents the CCD-stage experimental response, whereas the later baseline
comparison reports a normalized repeated MSE response benchmark across baseline and optimized models.
Therefore, the two tables serve different analytical purposes and should not be interpreted as identical evaluation
scales.

The best configuration was obtained in Experiment 70 with a combination of three hidden layers, twenty neurons,
the ransig activation function in the hidden layer, the purelin function in the output layer, the trainbr algorithm, a
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learning rate of 0.005, and 200 epochs. The mean MSE value of 0.17 indicates a low prediction error, while the
SD MSE value of 0.1855 indicates relatively stable performance across repeated training runs. In addition, the S/N
Ratio value of 12.04 supports the robustness of this configuration because it reflects a favorable combination of low
error and repeated-training stability. These results are consistent with previous studies indicating that the Bayesian
Regularization algorithm (trainbr) can reduce overfitting and improve generalization capability in medium-sized
datasets [15, 42].

In contrast, the worst configuration was obtained in Experiment 56, which produced a mean MSE of 33.78,
an SD MSE of 3.5437, and an S/N Ratio of —30.62. This configuration used the traingdx algorithm with a high
learning rate of 0.01 and a more complex architecture consisting of four hidden layers and thirty neurons. The
high mean MSE indicates poor prediction accuracy, while the high SD MSE indicates unstable performance across
repeated training runs. This result suggests that excessive architectural complexity combined with an unsuitable
training setting may lead to convergence instability and poor generalization. This finding supports previous research
highlighting the importance of balancing model complexity and generalization performance [43].

Statistically, most experiments using the logsig activation function produced negative S/N Ratio values below
—20, while the tansig—purelin combination generated more stable results. This phenomenon can be explained
by the nonlinear characteristics of academic performance data that still follow continuous regression patterns.
The hyperbolic tangent function can support nonlinear representation in the hidden layer, while the linear output
function maintains numerical stability for continuous prediction tasks [44, 45]. The distribution of S/N Ratio values
also indicates that only a small proportion of parameter combinations produced values above the threshold of —10.
This observation suggests that identifying an optimal configuration through trial-and-error approaches would be
inefficient. Therefore, the use of systematic experimental approaches such as Design of Experiments (DOE), CCD,
and RSM becomes essential for ANN hyperparameter optimization [46, 47].

3.2. Analysis of Variance (ANOVA) and Model Adequacy

After identifying performance variation through the CCD design, the next step was to evaluate the statistical
significance of each factor using ANOVA. ANOVA was used to separate the total variation in the S/N Ratio
response into variation due to main factors, quadratic effects, two-way interactions, lack-of-fit, pure error, and
residual error. This approach is commonly used in the RSM framework to identify influential parameters and to
evaluate whether the fitted model provides a statistically meaningful representation of the experimental response
[25, 48]. The verified ANOVA results are presented in Table 4. The values reported in the table and the
accompanying discussion were rechecked to ensure numerical consistency.

Table 4. ANOVA summary for the S/N Ratio quadratic model

TOXLA 626.04796  626.04796 72.26618 < 0.0001
LAXLR 40.20995  40.20995  4.64153  0.0339
Error 89 771.01447  8.66308

Lack-of-fit 14 427.45317 30.53237  6.66527 < 0.0001
Pure Error 75 343.56130  4.58082

Total 99 4307.02017

Source DF SS MS F-value Prob. > F
TH 1 70.16127  70.16127  8.09888 0.0055
TO 1 989.51288 989.51288 114.22178 < 0.0001
LA 1 1042.57378 1042.57378 120.34673 < 0.0001
LR 1 2628522  26.28522  3.03416  0.0850
TH? 1 506.37176 506.37176 58.45167 < 0.0001
TO? 1 343.70357 343.70357 39.67451 < 0.0001
LR?2 1 58.78718  58.78718  6.78594  0.0108
THxTO 1 30.79404  30.79404  3.55463 0.0626

1

1

The ANOVA results in Table 4 show that several ANN hyperparameters significantly affected the S/N Ratio
response at the 5% significance level. The largest F-value was observed for the Learning Algorithm (LA),
with F' = 120.34673 and p < 0.0001, followed by the Output Transfer Function (TO), with F' = 114.22178 and
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p < 0.0001. These results indicate that the learning algorithm and output transfer function had the strongest
empirical influence on ANN robustness within the tested design space. This finding is consistent with previous
studies showing that training algorithms and output activation settings can strongly affect convergence behavior,
prediction stability, and generalization in neural network regression problems [49, 50, 51].

The quadratic terms TH?, TO?, and LR? were also significant, with F-values of 58.45167, 39.67451, and
6.78594, respectively. These results indicate that the S/N Ratio response did not change only in a linear manner
across the selected hyperparameter levels. The linear effect of LR was not significant (p = 0.0850), whereas its
quadratic effect was significant (p = 0.0108), suggesting that the learning rate influenced model robustness mainly
through curvature rather than a simple linear trend. Among the interaction terms, TOXLA and LAXLR were
significant, while THxTO was not significant at the 5% level (p = 0.0626). Therefore, interaction effects were
interpreted selectively and cautiously.

Because several factors in the model were categorical, including hidden transfer function, output transfer
function, and learning algorithm, the ANOVA terms involving these factors were interpreted as empirical effects
among coded categories rather than as physically continuous functional relationships. Thus, the significance of LA,
TO, TOXLA, or other categorical-related terms indicates performance differences among predefined ANN settings
within the CCD design space. It does not imply that the categories themselves form a physically continuous scale.
This cautious interpretation is important in mixed-variable and surrogate-assisted optimization, where numerical,
discrete, and categorical variables must be encoded before modeling and optimization [32, 35].

Table 5. Model fit statistics for the quadratic RSM model

Statistic Value
R? 0.82099
Adjusted R? 0.80087
Predicted R? 0.68569
Root-MSE 2.94331
PRESS 1353.73951

The model fit statistics in Table 5 show that the quadratic RSM model explained a substantial proportion of the
variation in the S/N Ratio response, as indicated by an R? value of 0.82099 and an Adjusted R? value of 0.80087.
However, this result should not be overinterpreted as evidence of strong out-of-sample prediction capability. The
Predicted R? value of 0.68569 was lower than the Adjusted R?, indicating that the model’s predictive ability within
the design space was weaker than its explanatory fit to the CCD data. Therefore, the RSM model was treated as a
surrogate approximation rather than a final predictive model [29, 37, 52].

The lack-of-fit result was significant, with /' = 6.66527 and p < 0.0001, indicating that part of the S/N Ratio
variation was not fully captured by the second-order polynomial model. This result is reasonable because ANN
hyperparameter performance may involve higher-order nonlinearities, stochastic training behavior, and mixed
numerical-categorical interactions. A significant lack-of-fit does not necessarily invalidate the use of the RSM
model for optimization, provided that the model is interpreted as an approximate surrogate rather than a complete
representation of the original response landscape [37, 53, 54]. Accordingly, the RSM model was used only to guide
the GA search, and the decoded optimum was subsequently evaluated using the unseen 2023 testing cohort.

3.3. Response Surface Analysis
Based on the ANOVA results, a second-order polynomial regression model was constructed to represent the
relationship between coded factors and the S/N Ratio response:
S/N = —16.63254 + 1.03104(T H) + 3.87203(T'O) — 3.97449(LA)
— 0.63108(LR) + 13.09413(T H?) — 10.78783(T0?)

— 4.46152(LR?) + 0.69365(TH - TO)
—3.12762(T0 - LA) — 0.79264(LA - LR)

“
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The response variable modelled in the RSM stage was the Signal-to-Noise (S/N) Ratio obtained from repeated
ANN training experiments rather than the raw Mean Squared Error (MSE). Therefore, the ANOVA results,
quadratic regression model, and model fit statistics reported in Table 5, including R?, Adjusted R2, Predicted
R2, Root-MSE, and PRESS, were evaluated with respect to the S/N Ratio response. In contrast, the Mean MSE
and SD MSE values reported elsewhere in this study were used separately to assess prediction accuracy and
repeated-training stability. Consequently, the Root-MSE value of 2.94331 and PRESS value of 1353.73951 should
be interpreted as measures of prediction error and predictive adequacy for the fitted S/N Ratio model rather than for
the ANN MSE values themselves. This interpretation is consistent with the use of RSM as a response modelling
and optimization tool in experimental studies [55].

The equation shows that the largest linear contributions come from LA with a coefficient of —3.97449 and TO
with a coefficient of +3.87203. The high absolute values of the coefficients and statistical significance (p < 0.0001)
confirm that the selection of the training algorithm and output activation function are the main determinants of ANN
model stability in predicting vocational academic performance. The negative sign on LA indicates that changes in
certain algorithm levels decrease the S/N Ratio, while the positive contribution of TO indicates that certain output
activation functions increase prediction stability. These findings are consistent with the theory that regularization-
based algorithms such as trainbr have better generalization capabilities on heterogeneous education datasets [53],
while linear activation functions in the output layer are more suitable for continuous regression problems [54, 56].

The presence of significant quadratic coefficients, particularly TH? (+13.09413) and TO? (—10.78783),
indicates strong nonlinear curvature in the response landscape. In the RSM framework, significant quadratic
coefficients indicate the existence of local optimum points in the parameter space rather than a simple linear
relationship [55, 57]. Positive values in TH? form convex curvature, while negative values in TO? form concave
curvature, which geometrically produces a closed elliptical response surface. This condition confirms that ANN
hyperparameter optimization in this dataset is nonlinear and requires multidimensional exploration. The interaction
between TH and TO is visualized in Fig. 2(a). The contours show that the maximum response region occurs at the
combination of fansig in the hidden layer and purelin in the output layer. The relatively symmetrical elliptical
contour pattern indicates the dominance of quadratic effects over pure linear interactions. The hyperbolic function
in the hidden layer allows modeling gradual nonlinear relationships in academic data, while the linear function
in the output layer maintains the stability of numerical predictions [56, 58]. Therefore, this combination produces
higher S/N Ratio values compared to other configurations.

The most significant interaction was identified between LA and TO, with a coefficient of —3.12762 (p < 0.0001).
This relationship is illustrated in Fig. 2(b), which shows a sharp response gradient between the trainbr—purelin and
traingdx—logsig combinations. The asymmetric contours with steep slopes indicate a strong nonlinear interaction,
where a particular training algorithm becomes optimal only when combined with the appropriate output activation
function. The ANN optimization literature indicates that training algorithms containing internal regularization
mechanisms are highly sensitive to activation function structures and can improve convergence stability when
appropriately combined [59, 60]. This explains why the CCD configuration using the trainbr and purelin
combination produced the highest S/N Ratio value in the experiment. Furthermore, the interaction between LA and
LR has a coefficient of —0.79264 with a significance of p = 0.03391. This relationship is visualized in Fig. 2(c). The
contour plot shows that low learning rate values (0.001-0.005) in the trainbr algorithm produce an optimal response
region, while increasing the LR to 0.01 significantly decreases the S/N Ratio. Theoretically, an excessively high
learning rate can cause gradient oscillations and worsen convergence, especially in algorithms with regularization
such as trainbr [61]. The contour pattern showing a negative slope indicates a trade-off relationship, making
simultaneous optimization of both parameters crucial.

Overall, the response surface analysis shows that the ANN performance landscape in this study is dominated by
quadratic effects and significant two-way interactions. No extreme saddle point patterns were observed; instead,
closed elliptical curvatures indicate the existence of locally promising regions within the investigated design space.
The R? value of 0.82099 indicates that the quadratic model captured a substantial proportion of the variation
in the S/N Ratio response. However, considering the significant lack-of-fit result (F' = 6.66527, p < 0.0001), the
RSM model should be interpreted as a surrogate approximation used to guide the GA search toward promising
hyperparameter regions rather than as a definitive representation of the entire ANN performance landscape.
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Figure 2. Response surface plots showing the interaction effects of ANN hyperparameters on the S/N Ratio: (a) hidden
transfer function and output transfer function (TH x TO), (b) learning algorithm and output transfer function (LA x TO),
and (c) learning algorithm and learning rate (LA x LR).

Therefore, the RSM—GA optimum was subsequently verified through ANN retraining and final out-of-sample
evaluation using the unseen testing cohort. In the context of complex ANN-based system optimization, reduced or
surrogate model-based global optimization provides a practical mechanism for reducing the search space before
final validation and model assessment [62, 63, 64].

3.4. Optimization Using Genetic Algorithms

After the second-order RSM surrogate model was obtained, the equation was used as the fitness function in the
Genetic Algorithm optimization stage. The GA was directed to maximize the predicted S/N Ratio response, so
higher S/N fitness values indicate better hyperparameter configurations. This surrogate-guided search allowed the
algorithm to explore the ANN hyperparameter space beyond the original CCD experimental points while still using
the response pattern estimated from the RSM model. Such an approach is commonly used in surrogate-assisted
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Figure 3. GA convergence curve showing the Best S/N Fitness and Mean S/N Fitness across 1000 generations. Higher S/N
fitness values indicate better solutions.

evolutionary optimization because it reduces direct evaluation cost and supports the search of mixed numerical,
discrete, and categorical decision spaces [21, 35, 37].

The GA convergence behavior is shown in Fig. 3. The figure presents the Best S/N Fitness and Mean S/N
Fitness over 1000 generations. The Best S/N Fitness increased rapidly during the early generations and gradually
stabilized in the later generations, indicating that the search process had moved toward a high-fitness region. At the
1000th generation, the Best S/N Fitness reached 4.0571, while the Mean S/N Fitness reached 4.0544. The small
difference between these two values indicates that the population had become concentrated around a similar high-
fitness solution. This pattern is consistent with evolutionary optimization behavior, where convergence is reflected
by fitness stabilization and a narrowing gap between the best individual and the population mean [39, 65, 66].

The optimal solution obtained from the GA was interpreted through the coding—decoding rules described in
Table 2. Because the GA operated in a coded search space, the continuous coded outputs were not implemented
directly as ANN functions, algorithms, or numerical settings. Instead, each coded value was mapped to the
nearest valid coded level and then converted into the corresponding actual ANN hyperparameter. This procedure is
important in hyperparameter optimization because numerical, discrete, and categorical factors must be transformed
into feasible model settings before final implementation [32, 35]. After decoding, the optimum ANN configuration
consisted of three hidden layers, twenty neurons, tansig—purelin transfer functions, the trainlm learning algorithm,
a learning rate of 0.005, and 200 epochs.

To evaluate the reproducibility of the GA result, five independent GA runs were conducted using different
random seeds. The results are summarized in Table 6. The final Best S/N Fitness values were highly consistent
across all runs, ranging only from 4.057118680 to 4.057123516. More importantly, all five runs produced the same
decoded optimum configuration, namely three hidden layers, twenty neurons, tansig—purelin transfer functions,
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the trainlm learning algorithm, a learning rate of 0.005, and 200 epochs. This consistency indicates that the GA
optimization result was not highly sensitive to random initialization, which is important for reproducibility in
stochastic evolutionary optimization [39, 67].

Table 6. GA sensitivity analysis using different random seeds

Run Seed Bestfit. HL NN TH TO LA LR EP
1 1 4.057123516 3 20 tansig purelin trainlm 0.005 200
2 2 4057123264 3 20 tansig purelin trainlm 0.005 200
3 3 4.057123414 3 20 tansig purelin trainlm 0.005 200
4 4 4.057123206 3 20 tansig purelin trainlm 0.005 200
5 5 4.057118680 3 20 tansig purelin trainlm 0.005 200
8 1 1 1 1 1 1 1 1 1 1 1

—Run1| |
7 —Run2| |

~—Run3||

—Run4
61 —Run5| |

!

| [ i

Fithess Standard Deviation
N

\\
“

P |

(

' r H

M

1|

| ‘“} ‘r u “

u \ Mu wh

0 100 200 300 400 500 600 700 800 900
Generation

1000

Figure 4. Population diversity during GA optimization based on the standard deviation of fitness values across generations
for five independent runs.

In addition to convergence and repeated-run consistency, population diversity was analyzed to examine how the
GA population evolved during the search process. As shown in Fig. 4, population diversity was measured using the
standard deviation of fitness values across individuals in each generation. The diversity values were relatively high
and fluctuated during the early generations, indicating broad exploration of the search space. As the generations
progressed, the diversity gradually decreased and approached zero. At the final generation, the diversity values for
Runs 1-5 were 0.004222, 0.022657, 0.008018, 0.019800, and 0.008275, with a mean final diversity of 0.012595.
This decreasing trend indicates convergence toward narrow high-fitness regions [65, 66].

Overall, the GA optimization results show that the proposed RSM-GA framework produced a stable and
reproducible ANN hyperparameter configuration. Figure 3 confirms convergence through the stabilization of the
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Best S/N Fitness and Mean S/N Fitness, Table 6 shows that different random seeds produced the same decoded
configuration, and Fig. 4 supports the convergence interpretation through decreasing population diversity. These
three pieces of evidence indicate that the GA search was stable within the RSM surrogate landscape. However,
because the optimization was guided by a surrogate model, the decoded optimum was not treated as final evidence
of generalization until it was evaluated using the unseen testing cohort, consistent with surrogate-assisted validation
principles [29, 37].

3.5. Model Validation and Baseline Comparative Analysis

The model validation and baseline comparative analysis were conducted to address the reviewer’s concern
regarding the limited comparison between the Opt CCD ANN and Opt RSM-GA ANN configurations. In addition
to the two optimized ANN configurations, this study included Linear Regression, Random Forest, Default ANN,
and Random Search ANN as baseline models. The comparison was designed as a response-level benchmark based
on normalized repeated MSE response. For ANN-based models, the reported values were obtained from repeated
best performance records during model training. For Linear Regression and Random Forest, normalized training-
performance MSE was used as a performance-record-equivalent baseline. Therefore, this comparison should be
interpreted as a normalized MSE response-level benchmark rather than as a strict final testing-set comparison
for all models. This strategy provides supplementary response-level evidence for assessing the response behavior
and repeated-performance stability of the proposed CCD-RSM-GA framework relative to conventional statistical,
ensemble-based, untuned ANN, and stochastic hyperparameter-search baselines. The inclusion of baseline and
optimized models is important because predictive learning analytics studies should not only report prediction
accuracy but also examine model errors, robustness, and practical reliability for educational decision-making
[68, 69].

Table 7. Benchmark comparison of baseline models and optimized ANN configurations based on normalized repeated MSE
response

Model Run1l Run2 Run3 Run4 Run5 Mean MSE SD MSE S/N Ratio
Linear Regression 0.198 0.198 0.198 0.198 0.198 0.198 0.0000 14.05
Random Forest 0.124 0.123 0.122 0.120 0.124 0.122 0.0016 18.24
Default ANN 0.051 0.078 0.096 0.093 0.065 0.077 0.0171 22.10
Random Search ANN 0.269 0.276 0.415 0.310 0.243 0.302 0.0600 10.22
Opt CCD ANN 0.341 0.340 0.340 0.340 0.341 0.340 0.0005 9.36

Opt RSM-GA ANN 0.013 0.013 0.008 0.011 0.013 0.012 0.0019 38.65

Note: The reported values represent normalized repeated MSE responses. ANN-based models were summarized using repeated best
performance records during model training, whereas Linear Regression and Random Forest were summarized using normalized
training-performance MSE as performance-record-equivalent baselines. Therefore, this table should be interpreted as a response-level
benchmark rather than as a strict final testing-set comparison.

As shown in Table 7, within this normalized response-level benchmark, the Opt RSM—GA ANN configuration
produced the lowest Mean MSE and the highest S/N Ratio among the evaluated approaches. It should be noted that
the Mean MSE value of 0.012 refers to the normalized repeated MSE response used in the benchmark, whereas
the MSE value of 0.07 reported earlier refers to the original optimization-response scale. Under this benchmark
setting, the Mean MSE of the Opt RSM-GA ANN was lower than those of Linear Regression (0.198), Random
Forest (0.122), Default ANN (0.077), Random Search ANN (0.302), and Opt CCD ANN (0.340). In addition, the
Opt RSM-GA ANN produced a low SD MSE of 0.0019 and the highest S/N Ratio of 38.65. These results provide
additional response-level evidence that the RSM—GA-based optimization stage identified a favorable and stable
ANN configuration within the evaluated benchmark.

The inclusion of Linear Regression and Random Forest provides additional comparative context because both
models represent commonly used non-ANN baselines in educational data mining and academic performance
prediction. Linear Regression provides a simple statistical benchmark, whereas Random Forest represents a
nonlinear ensemble model that can capture more complex relationships among academic variables. Recent
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studies have emphasized that interpretable baseline models and ensemble learners should be included in student
performance prediction studies because they may provide competitive reference points and help justify the use of
more complex ANN-based models [71, 72]. In addition, predictive models in education are often linked to the
early identification of academic risk, dropout tendency, or student success; therefore, baseline comparison is useful
for examining whether a proposed model provides additional response-level evidence beyond methodological
complexity [68, 70]. In this study, Random Forest achieved a lower Mean MSE than Linear Regression; however,
within the normalized response-level benchmark, both models showed less favorable normalized response values
than the Opt RSM-GA ANN.

The Default ANN and Random Search ANN were included to clarify whether the proposed framework provides
improvement over untuned and stochastic hyperparameter-search ANN baselines. Although the Default ANN
produced a relatively low Mean MSE, its SD MSE was higher than that of the Opt RSM-GA ANN, indicating
lower repeated-performance stability. Meanwhile, Random Search ANN produced a higher Mean MSE than Linear
Regression, Random Forest, Default ANN, and Opt RSM-GA ANN. This result suggests that random exploration
of the hyperparameter space does not necessarily guarantee a favorable response, particularly when the search space
is broad and the dataset size is limited. These findings support previous studies showing that ANN performance
depends strongly on architecture, activation function, training algorithm, and tuning strategy [13, 16, 73, 74].

The comparison between Opt CCD ANN and Opt RSM-GA ANN further clarifies the contribution of the
proposed optimization framework within the evaluated response-level benchmark. Although both configurations
use three hidden layers, twenty neurons, the fansig activation function in the hidden layer, the purelin function
in the output layer, the same learning rate, and the same number of epochs, the training algorithm differs. The
Opt CCD ANN uses the trainbr algorithm, whereas the Opt RSM—GA ANN uses the trainlm algorithm. The
lower Mean MSE and higher S/N Ratio of the Opt RSM-GA ANN provide additional response-level evidence that
the integration of RSM and GA was able to refine the promising solution region identified by CCD and select a
more favorable ANN configuration. Overall, the normalized response-level benchmark supports the methodological
usefulness of the proposed CCD-RSM-GA framework in improving repeated-performance stability within the
evaluated benchmark setting. However, because this benchmark was not designed as a strict final testing-set
comparison for all models, broader validation across different schools, cohorts, and curriculum contexts remains
necessary before making stronger generalization, practical deployment, or early-warning claims.

4. Conclusion

This study developed and evaluated a systematic CCD-RSM-GA framework for ANN hyperparameter
optimization to improve the response quality and stability of academic performance prediction in Automotive
Vocational Education (AVE). The quadratic RSM model explained 82.09% of the response variation and identified
the learning algorithm as the most influential optimization factor. The subsequent GA optimization refined the
promising CCD search region and produced the optimal ANN configuration consisting of three hidden layers, 20
neurons, a fansig—purelin transfer-function combination, the trainim learning algorithm, a learning rate of 0.005,
and 200 epochs. At the original optimization-response scale, this configuration achieved an MSE of 0.07 and an
S/N Ratio of 22.94, indicating improved response quality and repeated-performance stability compared with the
best CCD-selected configuration.

The revised response-level benchmark further supported the methodological usefulness of the proposed
framework. By including Linear Regression, Random Forest, Default ANN, Random Search ANN, Opt CCD
ANN, and Opt RSM-GA ANN, the study provided supplementary response-level evidence that, within the
normalized response-level benchmark, the Opt RSM—-GA ANN produced the most favorable normalized repeated
MSE response among the evaluated approaches, with a Mean MSE of 0.012, SD MSE of 0.0019, and S/N Ratio
of 38.65. The MSE of 0.07 and the Mean MSE of 0.012 refer to different evaluation scales and should not be
interpreted as directly interchangeable performance measures. These findings indicate that the CCD-RSM-GA
workflow provides a structured and reproducible approach to ANN hyperparameter optimization compared with
conventional trial-and-error tuning, untuned ANN modeling, and unstructured stochastic hyperparameter search.
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Nevertheless, the findings should be interpreted within the scope of the available cohort-based dataset and response-
level benchmarking design. Broader validation using larger, multi-school, and multi-cohort datasets remains
necessary before the optimized model can be recommended for wider practical implementation. Future studies
may incorporate non-academic variables, additional curriculum-related predictors, and alternative optimization
strategies to further examine model robustness and generalizability.
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