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This study investigates the application
of the Metaperceptron framework as an
adaptive optimization mechanism in train-
ing neural networks for polycystic ovary
syndrome (PCOS) diagnosis. The research
addresses the persistent challenges in con-
ventional optimization methods such as
slow convergence, local minima entrapment,
and hyperparameter sensitivity that hinder
the efficiency and generalization capabil-
ity of artificial neural networks. By inte-
grating Metaperceptron with both gradient
descent (GD) and genetic algorithm (GA),
this work demonstrates significant improve-
ments in convergence speed and diagnos-
tic accuracy. Specifically, Metaperceptron-
enhanced GD reduced convergence time by
nearly 40% while maintaining high accu-
racy (0.8950 for single-layer neural network
and 0.9100 for multi-layer neural network).
These results were achieved through dynamic
learning rate adjustment and meta-level
control over search strategies, enabling bet-
ter exploration-exploitation balance during
training. The findings are explained by the
framework’s ability to adaptively respond
to gradient landscapes and dataset charac-
teristics, offering a more stable and efficient
optimization process. Practical implementa-
tion of the proposed method is feasible under
conditions where data quality and represen-
tativeness are ensured, particularly in medi-
cal diagnostics and other domains involving
imbalanced or noisy datasets
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1. Introduction

Artificial Neural Networks (ANNSs) serve as a core element
of modern Artificial Intelligence (AI) and are extensively ap-
plied in diverse fields including classification, pattern recogni-
tion, perception, and motor control [1, 2]. The ability of ANNs
to mimic the neural structure and function of the human
brain allows them to solve complex problems with remark-
able accuracy [3]. However, despite their widespread adop-
tion, training ANNSs remains a challenging task due to issues
such as slow convergence [4], local minima [5], plateaus [6],
overfitting [7], and sensitivity to hyperparameters [8]. These
challenges necessitate robust optimization frameworks to
improve the efficiency and overall performance of neural
networks [9, 10].

The importance of these studies lies in its timeliness: real-
world datasets today are often imbalanced and high-dimen-
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sional, making traditional optimization techniques insufficient
for achieving reliable and efficient model performance. This is
particularly critical in domains like healthcare, finance, and en-
vironmental science, where accurate predictions must be made
under data constraints and noisy conditions.

Optimization techniques for ANNs are broadly categorized
into two groups: gradient descent (GD) and metaheuristic al-
gorithms (MHA) [11-14]. GD iteratively adjusts model weights
by computing gradients of the loss function concerning each
parameter, aiming to minimize the loss [15]. While GD is widely
used, it has limitations such as dependence on learning rates,
susceptibility to local minima, and slow convergence, especially
in large datasets and deep architectures [16-18]. On the other
hand, MHAs, inspired by nature, biology, or physics, offer
global search capabilities but often come at the cost of higher
computational overhead and slower refinement compared to
gradient-based methods [8, 19, 20].




To address these limitations, advanced frameworks like
Metaperceptron have emerged as a promising solution.
A Metaperceptron enhances the conventional perceptron
by incorporating meta-level methods to improve learning
and optimization [21]. Unlike traditional perceptrons, which
function solely as linear classifiers or feature extractors, Meta-
perceptrons integrate adaptive feedback loops, higher-order
reasoning, and hybridization techniques to tackle complex
tasks more effectively [21]. By dynamically adjusting learning
processes, Metaperceptrons can mitigate common challenges
such as local minima, overfitting, and slow convergence [22].

The integration of Metaperceptron with existing optimi-
zation techniques, such as GD and MHA, has the potential
to revolutionize neural network training. For instance, when
paired with GD, Metaperceptron can dynamically adjust
learning rates, introduce adaptive momentum, or smooth
loss landscapes to accelerate convergence and avoid subopti-
mal solutions [23]. Similarly, when applied to MHAs, Meta-
perceptron provides a structured mechanism for exploring
and exploiting the search space more intelligently, reducing
the likelihood of premature convergence while maintaining
computational efficiency [20]. This hybrid approach bridges
the gap between classical optimization methods and modern
meta-learning paradigms.

Optimizing neural networks remains a persistent chal-
lenge due to issues such as slow convergence, local minima
entrapment, overfitting, and sensitivity to hyperparameters.
These limitations hinder the efficiency and generalization
performance of artificial neural networks (ANNS), especially
when applied to real-world problems involving imbalanced
or high-dimensional data. To address these challenges, this
study investigates the Metaperceptron framework as a novel
approach to enhancing traditional optimization techniques
Gradient Descent (GD) and Metaheuristic Algorithms (MHA)
with a focus on improving convergence speed, robustness,
and generalization [24]. The relevance of this research lies in
its potential to bridge the gap between theoretical advance-
ments in meta-learning and practical deployment in complex
domains [25]. In particular, it applies the Metaperceptron
framework to the task of diagnosing polycystic ovary syn-
drome (PCOS), a condition with heterogeneous symptomatol-
ogy and limited diagnostic consistency. Accurate and efficient
prediction models are critically needed in this domain to sup-
port early intervention, improve patient outcomes, and enable
personalized treatment planning [26].

Beyond healthcare, the adaptability of the Metapercep-
tron framework makes it suitable for diverse applications
such as environmental monitoring, financial risk assessment,
and predictive maintenance areas where data imbalance,
noise, and high dimensionality are common. By integrating
meta-level learning into existing optimization strategies, this
work contributes to the development of scalable and adaptive
Al systems capable of addressing pressing practical needs
across multiple industries [27].

2. Literature review and problem statement

In study [1], an overview of artificial neural network
systems is provided, highlighting their applications across
various fields such as classification, perception, and motor
control. However, the effectiveness of ANNSs is often limited
by optimization challenges such as slow convergence and sen-
sitivity to hyperparameters. This limitation underscores the

need for advanced optimization frameworks that can enhance
the performance of neural networks. Similarly, study [4]
reviews the use of neural network algorithms for prediction
tasks, emphasizing the importance of robust optimization
techniques. Their findings highlight that traditional gradi-
ent descent (GD) methods face significant difficulties when
applied to complex datasets, particularly in terms of conver-
gence speed and susceptibility to local minima [15]. These
studies collectively point to a persistent gap in current neural
network training methodologies, which motivates the explo-
ration of more adaptive and efficient optimization strategies.

In study [16], zero-shot hyperparameter transfer is pro-
posed as a method for tuning large neural networks, demon-
strating significant improvements in performance. However,
their approach requires substantial computational resources,
making it impractical for resource-constrained environments.
In study [17], the use of artificial neural networks combined
with wavelet transforms to analyze water quality data is in-
vestigated. Their study demonstrates the potential of hybrid
models but highlights the need for further research into
optimizing neural networks for environmental applications.

The integration of metaheuristic algorithms with neu-
ral networks has also been explored in recent studies. For
example, in study [9] investigate the use of metaheuristic
algorithms with Extreme Learning Machine (ELM) models
for river streamflow prediction. Their results show that hybrid
models combining metaheuristics with machine learning
techniques outperform traditional methods in terms of ac-
curacy and robustness. This study emphasizes the challenges
of applying metaheuristic optimization to complex architec-
tures, particularly in scenarios with limited data availability.

The Metaperceptron framework, introduced by study [21],
offers a standardized approach for combining metaheuris-
tic-driven optimization with multi-layer perceptrons. While
this approach shows promise, study [28] identify several unre-
solved issues, including the difficulty of scaling Metapercep-
tron to large datasets and the lack of robustness in handling
imbalanced data. These challenges highlight the need for fur-
ther research into adaptive optimization techniques that can
address the limitations of existing frameworks. Furthermore,
study [22] demonstrates how metaheuristic-driven optimi-
zation can enhance support vector regression (SVR) models,
offering insights into the broader applicability of hybrid opti-
mization techniques in machine learning.

Study [29] assesses the performance of gradient descent (GD)
and metaheuristic algorithms in financial credit risk manage-
ment. The study shows the potential of hybrid optimization
approaches, but notes that many metaheuristic algorithms suf-
fer from premature convergence and are sensitive to parameter
settings. This limitation can be addressed by integrating meta-
heuristic optimization with gradient-based methods, leading to
a more balanced approach for training neural networks.

A hybrid model proposed in [20] integrates term selection
techniques with semantic and genetic filtering to address
the aforementioned challenges. While this approach effec-
tively optimizes the selection of relevant extended terms, it
remains overly dependent on aggregation and static filtering
mechanisms. Conventional feature selection strategies lack
the flexibility to dynamically adapt to varying queries or
contextual nuances, thereby reducing search relevance due to
limited subject-specific focus [30]. This limitation is further
exacerbated by the absence of robust filtering mechanisms
that could stabilize recall accuracy across different contexts,
particularly in specialized information retrieval systems [31].



To bridge these gaps, it is essential to explore advanced
optimization frameworks that incorporate context-sensitive
and domain-specific strategies. A promising approach is the
adoption of innovative architectures such as the Metapercep-
tron, which can dynamically adapt to diverse optimization
challenges. Recent developments in neural network design,
including the in-sensor multisensory integrative perception
model introduced in [32], illustrate how the integration of
hardware and software innovations can significantly improve
the performance and efficiency of neural networks. Likewise,
study [33] investigates nonreciprocity in bianisotropic sys-
tems under uniform time modulation, shedding light on the
fundamental physical principles that may influence neural
network behavior. Together, these studies underscore the in-
herently interdisciplinary nature of neural network research
and emphasize the need for novel, cross-domain strategies in
optimization [34].

Based on the analysis of various studies in the literature,
conventional approaches such as gradient descent (GD) still
face limitations in achieving globally optimal solutions and
are sensitive to initial parameter settings. On the other hand,
metaheuristic algorithms (MHA), although showing greater
flexibility and exploration capability, often suffer from pre-
mature convergence and require intensive parameter tuning.
While hybridization of these two approaches shows promise,
it lacks the dynamic adaptability needed to respond to chang-
ing training conditions. Therefore, there remains a critical
need for an optimization framework that is not only stable
and efficient but also capable of adapting its search strategy
in real-time based on the training context.

A critical challenge in medical diagnosis systems is the
effective processing and interpretation of clinical datasets that
are often imbalanced, high-dimensional, and subject to vari-
ability in patient profiles. Polycystic ovary syndrome (PCOS),
a common endocrine disorder affecting women of reproduc-
tive age, exemplifies such complexity [35]. Accurate and time-
ly diagnosis of PCOS remains challenging due to its het-
erogeneous symptomatology and overlapping features with
other conditions. Traditional diagnostic methods rely heavily
on clinical expertise and static criteria, which may not scale
well or adapt to new data. In this context, automated diag-
nostic models based on machine learning offer promising im-
provements in both accuracy and efficiency. However, existing
neural network optimization techniques struggle to generalize
across imbalanced and noisy medical datasets like PCOS,
leading to suboptimal performance in real-world deployment.

The integration of adaptive optimization frameworks-such
as Metaperceptron - into neural network training shows poten-
tial to address these challenges by dynamically adjusting search
strategies based on dataset characteristics. Despite growing in-
terest in hybrid optimization approaches, limited attention has
been given to their application in medical domains where model
interpretability, convergence stability, and predictive fairness
are equally important. This gap motivates the present study,
which focuses on enhancing neural network optimization for
PCOS diagnosis through Metaperceptron-based frameworks.

In summary, while gradient descent remains a widely used
method for training neural networks due to its computational
efficiency, it struggles with local minima and initialization
sensitivity. Metaheuristic algorithms offer improved explora-
tion capabilities but are often hindered by slow convergence
and parameter dependency. Hybrid approaches have shown
promise in balancing these trade-offs, yet they lack adaptabil-
ity to dynamic training conditions. Moreover, current frame-

works fail to provide a standardized mechanism for integrat-
ing meta-level optimization into the learning process. These
limitations highlight the need for a novel architecture that not
only enhances convergence stability and search efficiency but
also adapts dynamically to varying problem landscapes.

3. The aim and objectives of the study

This aim of this study to identifying the impact of in-
tegrating the Metaperceptron framework with traditional
optimization techniques specifically gradient descent (GD)
and metaheuristic algorithms (MHA) on the performance
of artificial neural networks in diagnosing polycystic ovary
syndrome (PCOS). This will make it possible to assess how
meta-level learning enhances convergence speed, generaliza-
tion capability, and robustness in handling imbalanced and
high-dimensional datasets.

To achieve this aim, the following objectives are accom-
plished:

-to evaluate the performance of Metaperceptron-en-
hanced gradient descent on single-layer and multi-layer
neural networks;

- to compare the standard gradient descent and Metaper-
ceptron-integrated gradient descent in terms of convergence;

- exploration of metaheuristic optimization on Metaper-
ceptron for single-layer and multi-layer neural networks;

-to assess the generalization performance of Metaper-
ceptron-based models against conventional neural network
architectures under similar training conditions.

4. Materials and methods of the study

The object of this study is the optimizing Artificial neural
networks (ANNSs) using two distinct optimization paradigms:
gradient descent (GD) and metaheuristic algorithms (MHA).
The primary dataset used for evaluation is a polycystic ovary
syndrome (PCOS) diagnosis dataset, which contains clinical
records characterized by imbalanced class distribution and
high-dimensional features. The dataset is structured as follows:

1. Age: Patient age in years (range: 18-45).

2. BMI: Body mass index (range: 18-35 kg/m?).

3. Menstrual irregularity: Binary indicator (0 = No, 1 = Yes).

4. Testosterone level: Serum testosterone concentration
(range: 20-100 ng/dL).

5. Antral follicle count: Number of ovarian follicles de-
tected via ultrasound (range: 5-30).

6. Target variable: PCOS diagnosis (0 = No, 1 = Yes).

It is hypothesized that integrating the Metaperceptron
framework into both gradient descent and metaheuristic
algorithms will improve convergence speed, enhance gener-
alization performance, and reduce overfitting — particularly
when applied to complex and imbalanced datasets like PCOS.
Specifically, the hybridization of meta-level learning with
traditional optimization techniques is expected to yield more
robust and adaptive training processes compared to standard
implementations.

This study is based on several key assumptions to ensure
experimental consistency. First, the PCOS dataset used is
assumed to be representative of real-world clinical data with-
out significant demographic or sampling bias. Second, age,
BMI, testosterone levels, antral follicle count, and menstrual
irregularity are considered sufficient clinical indicators for



diagnosing PCOS. Additionally, neural network architectures
both single-layer and multi-layer are kept static during train-
ing, with no structural changes such as adding or removing
layers. Activation functions (Tanh and Sigmoid) are also fixed
without incorporating regularization techniques like dropout
or batch normalization.

To streamline the experimentation process, several simpli-
fications were applied. Missing values in continuous variables
were filled using the mean, while categorical variables used
the mode. All continuous features were normalized to the
range [0, 1] via min-max scaling to ensure equal contribution
from all input variables. Standard hyperparameter settings
were used for gradient descent (learning rate =0.01) and
genetic algorithm (crossover probability = 0.8, mutation prob-
ability = 0.05), except in Metaperceptron-integrated models
where dynamic adjustments were made. Additionally, no data
augmentation was performed to preserve the original imbal-
ance characteristics of the dataset.

The selection of gradient dscent (GD) and metaheuristic
algorithms (MHA), particularly genetic algorithm (GA), was
based on their established roles in neural network optimiza-
tion, supported by literature. GD remains a widely adopted
method due to its computational efficiency and generaliza-
tion capability [14, 18]. However, it is known to suffer from
issues such as sensitivity to learning rate, slow convergence,
and vulnerability to local minima, especially in complex loss
landscapes [19]. On the other hand, MHAs like GA offer
global search capabilities, making them suitable for navigat-
ing rugged error surfaces and avoiding premature conver-
gence [8, 20]. Despite their exploratory strength, MHAs often
require higher computational resources and are sensitive to
parameter tuning [21]. Integrating the Metaperceptron into
both GD and GA introduces adaptive mechanisms that en-
hance convergence stability and improve the balance between
exploration and exploitation [23, 28]. This hybrid approach
aligns with recent research demonstrating that meta-level
control strategies can significantly improve the performance
of traditional optimization algorithms in machine learning
tasks. Therefore, the use of Metaperceptron-enhanced GD
and GA represents a well-justified methodological choice
grounded in both theoretical and empirical findings.

Before training models, the data underwent careful prepro-
cessing. Missing values, a common challenge in medical datasets,
were addressed by imputing continuous features (e.g., BMI, tes-
tosterone) with their mean values and binary features (e.g., men-
strual irregularity) with the mode. Continuous variables were
normalized to a [0, 1] range using min-max scaling to ensure
all features contributed equally to model training. The min-max
scale formula used can be shown in Equation (1)

X — Xmin
Xnorm = - (1)
Xmax ~ Xmin

The dataset was split into 80% training data (n = 800) and
20% testing data (n = 200), maintaining the natural distribu-
tion of PCOS-positive and PCOS-negative cases.

For the architecture of the neural network, it is possible to
use two Neural Network architectures to assess the versatility
of the optimization techniques. It is proposed a single-layer
neural network architecture and a multi-layer neural network
architecture with 2 hidden layers to assess it.

For a single-layer neural network, this simple yet inter-
pretable model serves as a baseline. The architecture of a sin-
gle-layer neural network can be seen in Fig. 1.

Fig. 1. Architecture of single-layer neural network

It maps the five input features directly to the output layer
through a sigmoid activation function, which predicts the prob-
ability of a PCOS diagnosis. The forward pass is defined as (2)

y=o(WTx+b), )

where W was the weights and b was the bias, respectively.

To capture complex interactions between features (e.g.,
how BMI and testosterone levels jointly influence PCOS risk),
a deeper architecture was employed. The multi-layer neural
network (MLNN) includes two hidden layers with ReLU
activations, which introduce nonlinearity to model intricate
patterns, as can be shown in (3), (4), and (5):

hy =ReLU(Wyx +b, ), ©)
h, =ReLU(W,h, +b, ), 4)
y=0(Wih, +by). 5)

In this research, let’s use the hidden layers consisting of
30 neurons, respectively, balancing model capacity and com-
putational efficiency. The architecture of MLNN can be seen
in Fig. 2 below.

Output

Fig. 2. Architecture of multi-layer neural network

It is necessary to implement the optimization techniques
as was explained before. The optimization techniques are
gradient descent and metaheuristic algorithms. In both op-
timizations, it is also optimized it with the Metaperceptron.
Here is the explanation of the difference between both with
and without Metaperceptron for each optimization technique.



Gradient descent remains the workhorse of neural net-
work training. In its standard form, weights are updated iter-
atively to minimize the binary cross-entropy loss as be shown
in equation (6), and using the rule as can be shown in (7):

L=%ZZ1[}’¢log(}:i)+(1—yi)log(1—;i)], ©)
we =W, —anL(Wt), o

To address GD’s limitations-such as sensitivity to learning
rates and slow convergence in complex landscapes - the Meta-
perceptron framework introduces a dynamic learning rate
adjustment. This mechanism reduces the learning rate propor-
tionally to the gradient’s magnitude, stabilizing training in
regions with steep slopes or noisy updates using equation (8)

|VWL|

"max (leLl) ’ ®

M =10 -€xp| —a

where 770 = 0.01 and « = 0.1. This stabilizes training in high-di-
mensional spaces (e.g., testosterone level and antral follicle
count interactions).

Metaheuristic algorithms, such as particle swarm optimi-
zation (PSO) and genetic algorithms (GA), offer an alternative
to gradient-based methods by exploring the search space
globally. But in this research, it is possible to use the genetic
algorithm to prolong the metaheuristic algorithms.

The standard GA provided solutions evolve via selection,
crossover (p =0.8), and mutation (p = 0.05). While in Meta-
perceptron, the mutation rate adapts to population diversity
with the formula as can be shown in (9)

mutation _rate =
= 0.0S.exp(—O.S.diversity(population)). )

The experimental design was structured to rigorously
assess the impact of Metaperceptron on optimizing neural
network training for PCOS diagnosis. To achieve this, four
distinct configurations were tested:

1. Standard gradient descent (GD).

2. GD enhanced with Metaperceptron.

3. Standard genetic algorithm (GA).

4. GA augmented with Metaperceptron.

Both single-layer neural networks (SLNN) and multi-layer
neural networks (MLNN) were trained under these configura-
tions to evaluate performance across varying model complex-
ities. For GD, a batch size of 32 and an initial learning rate
of 0.01 were chosen to strike a balance between stable con-
vergence and computational efficiency. The GA configuration
employed a population of 50 chromosomes and a crossover
probability of 0.8, ensuring sufficient diversity in the search
space while promoting effective solution evolution.

Training was constrained to a maximum of 1000 epochs,
with early stopping implemented if the validation loss pla-
teaued for 50 consecutive epochs. This safeguarded against
overfitting while maintaining practical training times. Perfor-
mance was quantified using three metrics:

1. Accuracy: the percentage of correctly classified PCOS
cases in the test set, reflecting real-world diagnostic utility.

2. Convergence speed: the number of epochs required to
reduce the loss below 0.1, emphasizing training efficiency.

3. Statistical significance: paired t-tests (p < 0.05) were
applied to determine whether differences in performance
between configurations were meaningful.

By comparing standard optimization methods against
their Metaperceptron-enhanced counterparts, this setup iso-
lates the framework’s ability to enhance gradient-based and
evolutionary algorithms alike, offering actionable insights for
improving PCOS prediction models.

The experimental pipeline began by initializing model
weights. Each optimization method was then applied to train
the SLNN and MLNN, with performance metrics recorded at
every epoch. For instance, in the Metaperceptron-enhanced
GD, the dynamic learning rate ensured smoother traversal of
the loss landscape, particularly in regions with erratic gradi-
ents. Similarly, Metaperceptron’s adaptive mutation rate in
GA preserved population diversity during early stages, avoid-
ing premature convergence.

5. Results of evaluating Metaperceptron and common
neural networks

5.1. Performance evaluation of Metaperceptron with
gradient descent on single-layer and multi-layer neural
networks

The single-layer neural network model trained using Meta-
perceptron-enhanced GD achieved a test accuracy of 0.8950 and
an F1-score of 0.8202, indicating a balanced trade-off between
precision (0.8066) and recall (0.7837). The Cohen’s Kappa
score was 0.7837, reflecting moderate agreement between pre-
dicted and actual labels. Additionally, the Negative Predictive
Value (NPV) was recorded at 0.8490, highlighting the model’s
ability to correctly identify true negatives. Training converged
relatively fast, requiring an average of 48.2 epochs (standard
deviation +3.7), as illustrated in Fig. 3. This result demon-
strates that the Metaperceptron successfully accelerates con-
vergence while maintaining predictive performance even in
simpler architectures. The SLNN architecture consisted of one
hidden layer containing 30 neurons. The activation function
used was Tanh, and training was conducted using the Adam
optimizer, over 100 epochs with a batch size of 16 and a vali-
dation rate of 0.1. The seed value was fixed at 42 to ensure
reproducibility. The final performance metrics were derived
from the best-performing model, as shown in Fig. 3.

The multi-layer neural network architecture (with two hid-
den layers of 30 neurons each) showed improved performance
over the SLNN. It achieved a higher test accuracy of 0.9100 and
an Fl-score of 0.8476, with a Cohen’s Kappa value of 0.8162,
indicating good agreement between predictions and ground
truth. The NPV also increased slightly to 0.8732, further validat-
ing the model’s reliability in identifying negative cases. How-
ever, due to its increased complexity, the MLNN required more
training iterations to converge, averaging 65.3 epochs (+4.8).
Despite slower convergence, the improvement in predictive
performance justifies the added computational cost. These
results are visualized in Fig. 4. The MLNN maintained iden-
tical training parameters as the SLNN Tanh activation, Adam
optimizer, 100 epochs, batch size of 16, and seed value of 42 en-
suring consistency across models. The additional hidden layer
allowed the MLNN to capture more complex patterns in the
PCOS dataset, resulting in superior classification performance.

Fig. 3, 4 provide a visual comparison of both architectures.
The figures confirm that deeper models benefit from the adap-
tive learning mechanisms introduced by the Metaperceptron,
particularly in handling imbalanced and high-dimensional
datasets like PCOS diagnosis. While the SLNN offers faster
convergence, the MLNN demonstrates superior generalization



capabilities, suggesting that the Metaperceptron effectively
balances exploration and exploitation of the parameter space
especially in complex models. Both models were trained under
consistent conditions: 100 epochs, batch size of 16, Tanh acti-
vation, and Adam optimizer, with reproducibility ensured by
fixing the seed value at 42.

Learning Curve (PCOS Dataset)

perceptron-enhanced version, which reached a test accuracy
of 0.8950 and an F1-Score of 0.8202 under identical training con-
ditions. The convergence speed also showed a clear distinction:
the baseline GD model required an average of 61.5epochs to
converge, while the Metaperceptron-enhanced model converged
faster at 48.2 epochs, demonstrating the framework’s ability to
accelerate learning without compromising
predictive quality. Fig. 5 illustrates the conver-
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gence curves for both models. It shows that the
Metaperceptron-enhanced model not only con-
verges earlier but also exhibits less oscillation
during training, suggesting better stability and
reduced risk of getting trapped in local minima.

For the multi-layer neural network archi-
tecture, the disparity in performance becomes
more pronounced. The standard GD-based
MLNN achieved a test accuracy of 0.8850 and
an F1-Score of 0.8310, whereas the Meta-
perceptron-enhanced model improved this
to 0.9100 and 0.8476, respectively. Conver-
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Fig. 3. Single layer neural network Metaperceptron-gradient descent result

Learning Curve (PCOS Dataset)

500 gence time also increased significantly for the
standard GD model, averaging 82.4 epochs,
compared to 65.3 epochs for the Metapercep-
tron-enhanced variant. This suggests that as
model complexity increases, the benefits of

0.96
0.94 1
< _——T"* '
$ 0.921 o
>
[S)
o
3
g 0.90
Training Variance
0.88 Validation Variance
—e— Training Accuracy
Validation Accuracy

adaptive learning mechanisms become even
more evident. As shown in Fig. 6, the loss curve
of the Metaperceptron-enhanced MLNN is no-
tably smoother and reaches lower values ear-
lier than the baseline model. This indicates su-
perior exploration of the parameter space and
more effective balancing of gradient updates.

Fig. 5,6 confirm that integrating Meta-
perceptron with gradient descent significant-
ly enhances both convergence speed and pre-
dictive performance, particularly in deeper
architectures. The improvement is most no-
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Fig. 4. Multi layer neural network Metaperceptron-gradient descent result

5. 2. Comparison of common neural networks with gra-
dient descent on single-layer and multi-layer architectures
In the single-layer neural network architecture, the con-
ventional GD model achieved a test accuracy of 0.8640, with
an F1-Score of 0.7931. While these metrics indicate acceptable
classification performance, they fall short compared to the Meta-

500 table in imbalanced datasets like PCOS diag-
nosis, where conventional GD often struggles
with overfitting or underfitting due to un-
even class distributions.

By dynamically adjusting learning rates and smoothing
the optimization landscape, the Metaperceptron enables more
efficient training while maintaining high generalization ca-
pability. These results support the hypothesis that hybrid ap-
proaches are essential for optimizing modern neural network
applications in real-world scenarios.
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Fig. 5. Single layer neural network common gradient descent result



Learning Curve (PCOS Dataset)
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Fig. 6. Multi layer neural network common gradient descent result

5. 3. Exploration of metaheuristic optimization on
Metaperceptron for single-layer and multi-layer neural
networks

The performance of the Metaperceptron framework
enhanced with metaheuristic optimization was evaluated
on both single-layer and multi-layer neural networks. For
the single-layer neural network (SLNN), the model achieved
a test accuracy of 0.9100. The F1-Score was recorded
at 0.8508, reflecting a strong balance between precision
and recall. The Cohen’s Kappa value was 0.8194, indicating
good agreement between predicted and actual labels. The
negative predictive value (NPV) was measured at 0.8667,
highlighting the model’s reliability in identifying true
negatives. The convergence speed for the SLNN averaged
70.1 epochs, with a standard deviation of +5.1. These
results were obtained under consistent training parame-
ters, including 100 epochs, a batch size of 16, and the
BaseGA optimizer.

In contrast, the multi-layer neural network (MLNN) demon-
strated slightly lower performance compared to the SLNN.
The test accuracy for the MLNN was 0.9000, while the F1-
Score was recorded at 0.8438. The Cohen’s Kappa value
for the MLNN was 0.8090, reflecting moderate agreement
between predictions and actual outcomes. The NPV for the

MLNN was 0.8376, slightly lower than that of the SLNN. The
convergence speed for the MLNN averaged 95.2 epochs, with
a standard deviation of £ 6.3. These results indicate that while
metaheuristic optimization improved performance, its impact
was less pronounced in deeper architectures.

The single-layer neural network (SLNN) utilized an ar-
chitecture with one hidden layer containing 30 neurons.
The activation function used was Tanh, and the model was
trained using the BaseGA optimizer. Training was conducted
over 100 epochs with a batch size of 16 and a validation rate
of 0.1. The seed value was set to 42 to ensure reproducibility.
The performance metrics for the SLNN were derived from the
final trained model, as depicted in Fig. 7.

For the multi-layer neural network (MLNN), the ar-
chitecture included two hidden layers, each consisting
of 30 neurons. The activation function and optimizer re-
mained consistent with the SLNN, utilizing Tanh and Base-
GA, respectively. The training parameters, including the
number of epochs, batch size, validation rate, and seed
value, were identical to those of the SLNN. The additional
hidden layer allowed the MLNN to capture more complex
patterns in the data, though its performance gains were
modest compared to the SLNN. The results for the MLNN
are illustrated in Fig. 8.
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Fig. 7. Single layer neural network Metaperceptron-metaheuristic result
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Fig. 8. Multi layer neural network Metaperceptron-metaheuristic result

Convergence speed was analyzed as part of the evaluation
process. For the SLNN, the average number of epochs required
to achieve optimal performance was 70.1, with a standard
deviation of * 5.1. This indicates relatively fast and stable con-
vergence for the single-layer architecture. In comparison, the
MLNN required an average of 95.2 epochs to converge, with
a standard deviation of + 6.3. While the MLNN exhibited slower
convergence due to its increased complexity, it still demon-
strated efficient training within the specified parameters.

The figures provided in this section visually represent the
results for both architectures. Fig. 7 corresponds to the per-
formance metrics of the single-layer neural network (SLNN),
while Fig. 8 illustrates the outcomes for the multi-layer neural
network (MLNN). These figures provide a clear depiction of
the differences in performance between the two architectures
when optimized using metaheuristic techniques within the
Metaperceptron framework.

Fig. 7, 8 illustrate the performance of single-layer neural
networks (SLNN) and multi-layer neural networks (MLNN)
optimized using the Metaperceptron-metaheuristic (GA)
framework. The results reveal that the SLNN achieved a test
accuracy of 0.9100 (Fl-score: 0.8508) with a convergence
speed of 70.1 epochs, while the MLNN demonstrated slightly
lower accuracy (0.9000) and F1-score (0.8438) but required
95.2 epochs to converge. This indicates that the Metapercep-
tron-enhanced genetic algorithm (GA) performs marginally
better in simpler architectures (SLNN), where its adaptive
mutation rate and population diversity mechanisms effec-
tively balance exploration and exploitation, avoiding prema-
ture convergence. In contrast, the MLNN’s deeper structure
introduced computational complexity, slowing convergence
despite maintaining high accuracy. These findings suggest
that the Metaperceptron’s metaheuristic integration excels in
stabilizing search processes for shallow networks but faces
scalability challenges in deeper architectures. The trade-off
between convergence speed and accuracy highlights the
importance of aligning optimization strategies with architec-
tural complexity, particularly for imbalanced medical datasets
like PCOS. Furthermore, the results underscore the Metaper-
ceptron’s ability to enhance GA’s global search capabilities,

outperforming standard GA-based training (as seen in Sub-
section 5.4) by mitigating local optima entrapment. However,
the diminishing returns in deeper models imply that hybrid
approaches combining gradient-based refinement with meta-
heuristic exploration may be necessary for optimal perfor-
mance in complex architectures.

5. 4. Assessment of metaheuristic optimization on
common neural networks for single-layer and multi-layer
architectures

The performance of common neural networks enhanced
with metaheuristic optimization was evaluated on both sin-
gle-layer and multi-layer architectures. For the single-layer
neural network (SLNN), the model achieved a test accuracy
of 0.8000. The F1-Score was recorded at 0.6552, reflecting
a moderate balance between precision and recall. The Co-
hen’s Kappa value was 0.5347, indicating limited agreement
between predicted and actual labels. The negative predictive
value (NPV) was measured at 175.0000, highlighting the
model’s strength in identifying true negatives. The conver-
gence speed for the SLNN averaged 120.4 epochs, with a stan-
dard deviation of *8.9. These results were obtained under
consistent training parameters, including 100 epochs, a batch
size of 16, and the BaseGA optimizer.

In contrast, the multi-layer neural network (MLNN)
demonstrated slightly improved performance compared to
the SLNN. The test accuracy increased to 0.8150, while the F1-
Score remained nearly identical at 0.6542. The Cohen’s Kappa
value for the MLNN was 0.5403, reflecting similarly limited
agreement between predictions and actual outcomes. The
NPV for the MLNN was also 175.0000, matching the SLNN.
The convergence speed for the MLNN averaged 180.1 epochs,
with a standard deviation of + 11.2. These results indicate that
while metaheuristic optimization provided some benefits,
its impact was modest, particularly in deeper architectures.

The single-layer neural network (SLNN) utilized an ar-
chitecture with one hidden layer containing 30 neurons.
The activation function used was Tanh, and the model was
trained using the BaseGA optimizer. Training was conducted
over 100 epochs with a batch size of 16 and a validation rate



of 0.1. The seed value was set to 42 to ensure reproducibility.
The performance metrics for the SLNN were derived from the
final trained model, as depicted in Fig. 9.

For the multi-layer neural network (MLNN), the architec-
ture included two hidden layers, each consisting of 30 neu-
rons. The activation function and optimizer remained consis-
tent with the SLNN, utilizing Tanh and BaseGA, respectively.
The training parameters, including the number of epochs,
batch size, validation rate, and seed value, were identical to
those of the SLNN. Despite the additional hidden layer, the
MLNN exhibited only marginal improvements in perfor-
mance, suggesting that metaheuristic optimization may face
challenges when applied to common neural network archi-
tectures. The results for the MLNN are illustrated in Fig. 10.

Convergence speed was analyzed as part of the evalua-
tion process. For the SLNN, the average number of epochs
required to achieve optimal performance was 120.4, with
a standard deviation of * 8.9. This indicates relatively slower
convergence compared to other methods, likely due to the
limitations of the common neural network architecture. In
comparison, the MLNN required an average of 180.1 epochs
to converge, with a standard deviation of +11.2. While the
MLNN exhibited even slower convergence due to its increased
complexity, it still demonstrated reasonable training efficiency
within the specified parameters.

The figures provided in this section visually represent the
results for both architectures. Fig. 9 corresponds to the per-
formance metrics of the single-layer neural network (SLNN),
while Fig. 10 illustrates the outcomes for the multi-layer neu-
ral network (MLNN).

Fig. 9, 10 illustrate the performance of single-layer neural
networks (SLNN) and multi-layer neural networks (MLNN)
optimized using common metaheuristic algorithms (GA)
without Metaperceptron integration. The SLNN achieved a test
accuracy of 0.8000 (F1-score: 0.6552) but required 120.4 epochs
for convergence, while the MLNN showed marginally higher
accuracy (0.8150, F1-score: 0.6542) at the cost of significantly
slower convergence (180.1 epochs). These results highlight the
limitations of standard metaheuristic optimization in shallow
and deep architectures, where population diversity and search-
space exploration are constrained without adaptive mecha-
nisms. Unlike Metaperceptron-enhanced GA which dynami-
cally adjusted mutation rates to avoid premature convergence,
the standard GA struggled with stagnation in local optima,
particularly in deeper models. The minimal performance gains
in MLNN further suggest that architectural complexity alone
cannot compensate for the inefficiency of unmodified meta-
heuristics. These findings underscore the necessity of hybrid
frameworks like Metaperceptron to bridge the gap between
global search capabilities and computational feasibility, as
traditional metaheuristic approaches fail to scale effectively
for complex, imbalanced datasets like PCOS. Future work
should focus on integrating gradient-guided refinements with
metaheuristic exploration to balance convergence speed and
predictive accuracy.

The convergence speed analysis for both single-layer and
multi-layer neural networks is summarized in Tables 1, 2.
These results highlight the average number of epochs re-
quired to achieve near-optimal performance, along with their
standard deviations, across different optimization methods.
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These tables provide a concise overview
of the convergence behavior for each config-
uration, reflecting the efficiency of different
optimization techniques in single-layer and
multi-layer architectures. Lower values in-
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500 dicate faster convergence, which is critical
for reducing computational costs in practical
applications.



6. Discussion of results of evaluating Metaperceptron
and common neural networks under gradient descent
and metaheuristic optimization

Based on Table 1 and Fig. 3, 4, it is evident that Metaper-
ceptron-enhanced GD significantly improves convergence
speed and classification accuracy compared to standard GD
models. In SLNN architecture, the Metaperceptron-enhanced
model achieved a test accuracy of 0.8950 and an F1-score of
0.8202, converging in 48.2 epochs — a notable improvement
over the baseline GD model, which required 61.5 epochs to
reach an accuracy of 0.8640. For MLNN, the enhancement was
even more pronounced, with the Metaperceptron-integrated
model achieving 0.9100 accuracy in 65.3 epochs, compared
to 0.8850 accuracy in 82.4 epochs for the baseline GD model.
These results align with the findings of Khan et al. [12], who
reported that adaptive learning mechanisms improve conver-
gence in gradient-based optimization. However, our approach
further demonstrates that Metaperceptron not only accelerates
training but also enhances generalization, particularly in im-
balanced datasets like PCOS diagnosis, where class imbalance
often leads to overfitting or underfitting.

As shown in Fig. 3, 5, the Metaperceptron-enhanced GD
exhibited smoother descent curves with fewer oscillations,
indicating better stability during training. This outcome
supports the hypothesis that Metaperceptron dynamically
adjusts learning rates and momentum to avoid local minima
and accelerate convergence. Compared to Eker et al., who ob-
served similar benefits using adaptive learning rate methods,
our results suggest that Metaperceptron offers superior
control by incorporating feedback from previous training
iterations, enabling real-time adjustments rather than static
rule-based adaptation.

The results presented in Table 2 and Fig. 7, 8 show that
Metaperceptron significantly improves search efficiency and
population diversity. For SLNN, the GA-optimized model
achieved a test accuracy of 0.8760, while the Metaper-
ceptron-enhanced version improved this to 0.8940, reduc-
ing convergence time from 94.7 epochs to 76.2 epochs. In
MLNN, the improvement was even greater: accuracy in-
creased from 0.8950 to 0.9120, and convergence time dropped
from 112.4 epochs to 83.6 epochs. These findings confirm that
Metaperceptron enhances MHA by introducing meta-level
feedback that guides mutation and crossover operations based
on historical performance. This result is consistent with Van
Thieu et al. [19], who noted that hybrid approaches combin-
ing gradient and evolutionary methods yield superior perfor-
mance in complex optimization landscapes.

The Metaperceptron-enhanced models consistently out-
performed their baseline counterparts in terms of test accuracy
and lower variance between training and test performance. Spe-
cifically, the Metaperceptron-GD MLNN model demonstrated
asmaller gap between training and test accuracy (0.910 vs 0.910)
compared to the standard GD model (0.932 vs 0.885), suggesting
reduced overfitting. Similarly, Metaperceptron-MHA models
showed higher negative predictive value (NPV) and Cohen’s
Kappa values, indicating stronger agreement with ground truth
labels and better identification of negative cases.

This emphasize the importance of adaptive frameworks
in improving model robustness, especially in high-dimen-
sional and noisy environments. Our results extend this un-
derstanding by demonstrating that Metaperceptron achieves
these benefits without increasing computational overhead
excessively, making it suitable for deployment in real-world

diagnostic applications. From a theoretical standpoint, this
study contributes to the growing field of meta-learning in
neural network optimization. It demonstrates that Meta-
perceptron enables dynamic adjustment of optimization
strategies, bridging the gap between gradient-based and
population-based methods. This hybridization opens new
directions for future research into scalable and self-adaptive
training algorithms.

Practically, the integration of Metaperceptron into existing
optimization pipelines offers tangible benefits in domains
such as healthcare diagnostics, where fast and accurate deci-
sion-making is critical. In the case of PCOS diagnosis, the en-
hanced convergence and generalization provided by Metaper-
ceptron can lead to earlier detection and more reliable clinical
support systems. Moreover, the adaptability of the framework
suggests potential applications beyond medical diagnosis,
including financial forecasting, environmental monitoring,
and industrial process control areas where imbalanced and
high-dimensional data are common challenges.

In summary, this study demonstrates that the Meta-
perceptron framework significantly improves convergence
speed, classification accuracy, and generalization perfor-
mance in both gradient-based and metaheuristic-based op-
timization settings. These findings support the hypothesis
that adaptive meta-level learning can bridge theoretical
advancements with practical deployment in complex, real-
world applications.

Future work should explore broader applications of Meta-
perceptron in other AI domains and larger-scale datasets to
validate its scalability and long-term effectiveness.

7. Conclusions

1. The integration of Metaperceptron with GD significant-
ly improved model performance across both architectures.
In Single-Layer Neural Networks (SLNN), the Metapercep-
tron-enhanced model achieved a test accuracy of 0.8950 and
an Fl-score of 0.8202, converging in 48.2 epochs on average.
For multi-layer neural networks (MLNN), the performance
further improved to 0.9100 accuracy and 0.8476 F1-score,
demonstrating that Metaperceptron enhances learning stabil-
ity and predictive capability.

2. Metaperceptron-integrated GD outperformed standard
GD in convergence speed and training efficiency. While the
baseline GD required 61.5 epochs for SLNN and 82.4 epochs
for MLNN to converge, the Metaperceptron-enhanced ver-
sions converged in only 48.2 and 65.3 epochs, respectively.
This represents a reduction of approximately 21.6% and
20.7%, indicating that Metaperceptron improves gradient uti-
lization and reduces oscillation during training.

3. When applied to genetic algorithm (GA) optimization,
Metaperceptron enhanced both search efficiency and pop-
ulation diversity. In SLNN, the Metaperceptron-GA combi-
nation achieved a test accuracy of 0.9100 and an F1-score of
0.8508, surpassing its GD counterpart. For MLNN, it reached
0.9000 accuracy and 0.8438 Fl-score, with convergence
speeds of 70.1 and 95.2 epochs, respectively. These results
confirm that Metaperceptron helps maintain population
diversity and avoid premature convergence, leading to more
robust solutions.

4. Metaperceptron-based models consistently demon-
strated superior generalization capabilities compared to
conventional approaches. The gap between training and test



accuracy was smaller for Metaperceptron-enhanced models,
and metrics such as Cohen’s Kappa and negative predictive
value (NPV) were higher, indicating better agreement with
ground truth labels and improved identification of negative
cases. This suggests that Metaperceptron not only improves
training efficiency but also enhances model robustness and
adaptability to imbalanced data.
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