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ABSTRACT

Pneumonia diagnosis from chest X-ray images remains clinically important because subtle radiographic abnormalities
can be difficult to assess consistently under high workload or limited expert availability. This study proposes an
optimization-guided diagnostic framework that integrates the Ocotillo Optimization Algorithm (OcOA) with a
Convolutional Neural Network (CNN) for binary pneumonia classification. Rather than introducing OcOA or
CNN as new algorithms, the contribution lies in using OcOA in two complementary stages: feature selection over
CNN-derived deep representations and hyperparameter optimization of the CNN classifier. The proposed pipeline
was evaluated on the Chest X-Ray Images (Pneumonia) dataset, which contains pediatric radiographs labeled as
Normal or Pneumonia. In the feature-selection stage, binary Ocotillo Optimization Algorithm (bOcOA) achieved
the lowest average error, with a value of 0.523417. After feature selection, the CNN baseline achieved the best
classification performance among the evaluated machine-learning models, reaching an accuracy of 0.94985. In the
hyperparameter optimization stage, OcOA+CNN achieved the strongest optimized performance, with an accuracy of
0.989939. These findings indicate that OcOA can improve CNN-based pneumonia detection by refining both the
feature space and the model configuration. The framework may support automated chest X-ray screening on the
studied dataset; however, external validation, statistical testing, and prospective clinical assessment remain necessary
before any clinical deployment claim can be made.

Keywords: Pneumonia Detection Chest X-Ray Classification Convolutional Neural Networks Feature Selection
Hyperparameter Optimization

1. INTRODUCTION

Pneumonia remains one of the most consequential respiratory
infections worldwide, not only because of its immediate clini-
cal severity but also because of the persistent burden it places
on healthcare systems, families, and diagnostic services. The
disease is commonly understood as an acute infection of
the lung parenchyma in which the alveolar spaces and sur-
rounding tissues become inflamed, often leading to fluid ac-

cumulation, impaired gas exchange, fever, cough, respiratory
distress, and, in severe cases, hypoxemia or systemic deterio-
ration. Although pneumonia affects individuals across all age
groups, its impact is especially pronounced among children,
whose immune systems, airway anatomy, and vulnerability
to respiratory compromise make early recognition clinically
important. The World Health Organization identifies pneu-
monia as a leading infectious cause of mortality in children,
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with the disease accounting for a substantial proportion of
deaths among children under five years of age, particularly
in resource-constrained regions where access to timely di-
agnosis and treatment may be limited [1]. Early diagnosis
is therefore not a peripheral concern; it is a central require-
ment for reducing disease progression, preventing avoidable
complications, and guiding appropriate clinical intervention.

Chest radiography has long occupied a critical position
in pneumonia assessment because it provides a rapid and
relatively accessible means of visualizing pulmonary abnor-
malities. Compared with advanced imaging modalities such
as computed tomography, chest X-ray imaging is less expen-
sive, more widely available, and more practical for routine
diagnostic workflows, especially in high-volume clinical set-
tings. In pediatric pneumonia, radiographs can support diag-
nostic evaluation by revealing patterns such as consolidation,
infiltrates, and other opacity-related abnormalities that may
not be sufficiently characterized through clinical examination
alone. At the same time, radiographic diagnosis is not trivial.
Interpretation can vary across readers, disease presentations,
acquisition conditions, and image quality. This variability
has motivated standardized approaches for pediatric chest
radiograph interpretation, particularly in epidemiological and
clinical research settings where consistent labeling is essen-
tial for reliable analysis [2, 3]. The diagnostic value of chest
radiography, then, lies in its clinical accessibility and visual
informativeness, but its practical use still depends heavily on
expert interpretation and consistent assessment.

1.1 Clinical and Computational Background

Chest X-ray imaging plays a central role in pneumonia di-
agnosis because many radiographic manifestations of the
disease are expressed through changes in pulmonary opac-
ity, lung-field texture, and regional density distribution. In
normal chest X-ray images, the lung regions usually appear
relatively clear, with visible vascular markings and no sub-
stantial abnormal opacification. By contrast, pneumonia cases
often show irregular patterns caused by inflammatory pro-
cesses inside the lung parenchyma. Bacterial pneumonia may
present as focal or lobar consolidation, whereas viral pneu-
monia may produce a more diffuse interstitial appearance
distributed across broader pulmonary regions. These patterns
are clinically meaningful, but they are also imperfectly sepa-
rable. Their appearance may depend on disease stage, patient
age, projection quality, comorbid conditions, and the subjec-
tive threshold used by the interpreting physician. Studies on
pediatric chest-radiograph interpretation have therefore em-
phasized the need for standardized visual criteria and expert
review when chest X-rays are used for pneumonia diagnosis
or dataset construction [2, 3].

Despite the diagnostic value of chest radiography, manual
interpretation remains dependent on radiological expertise,
clinical context, and reader experience. This dependence be-
comes particularly challenging in healthcare environments
where imaging volumes are high, radiologists are limited, or
rapid triage decisions are required. The increasing availability
of medical imaging data has consequently encouraged the de-
velopment of automated computer-aided diagnostic systems
that can support clinical decision-making by providing consis-
tent preliminary assessments. Such systems are not intended
to replace expert judgment. Their more defensible role is to

assist screening, reduce workload, highlight cases requiring
attention, and improve diagnostic efficiency when clinicians
must process large numbers of radiographs. Large-scale chest
X-ray datasets and deep-learning studies have shown that
radiographic images contain learnable signals for thoracic
disease recognition, including pneumonia-related patterns
[4, 5]. This evidence has strengthened interest in automated
chest X-ray analysis as a clinically relevant machine-learning
application.

The present study employs the publicly available Chest
X-Ray Images (Pneumonia) dataset obtained from Kaggle,
which contains pediatric anterior-posterior chest X-ray im-
ages collected from Guangzhou Women and Children’s Medi-
cal Center in Guangzhou, China [6]. The dataset is associated
with the study by Kermany et al., who investigated image-
based deep learning for medical diagnosis and included pe-
diatric chest radiographs as part of a broader evaluation of
deep-learning-based disease identification [7]. According to
the dataset documentation and the original study description,
the radiographs were selected from retrospective pediatric co-
horts, low-quality or unreadable images were excluded, and
expert physicians reviewed diagnostic labels to improve anno-
tation reliability [7, 6]. The dataset contains chest X-ray im-
ages categorized into Normal and Pneumonia classes, which
makes it suitable for binary medical image classification. This
binary formulation is methodologically useful because it pro-
vides a clear supervised-learning objective. That said, it also
narrows the diagnostic scope: the task is pneumonia detection
against normal cases, not multi-class differentiation among
bacterial pneumonia, viral pneumonia, and other thoracic
abnormalities.

In recent years, artificial intelligence and machine-learning
approaches have demonstrated considerable potential in med-
ical image analysis, particularly as imaging datasets and
computational resources have expanded. Among these ap-
proaches, deep learning has become especially prominent
because it can learn hierarchical feature representations di-
rectly from raw image data rather than relying exclusively
on handcrafted descriptors. Convolutional Neural Networks
(CNNs) are among the most widely adopted architectures for
image classification because their convolutional filters are
well suited to local feature extraction, spatial pattern recog-
nition, and progressive representation learning. In medical
imaging, CNNs have been applied to classification, detec-
tion, segmentation, registration, and related tasks, with sur-
vey evidence showing their broad adoption across several
imaging modalities [8]. Their relevance to chest X-ray analy-
sis is particularly strong because radiographic abnormalities
are spatially structured: local opacities, edge patterns, and
tissue-density variations must be interpreted in relation to
anatomical context. CNN-based models can learn these lo-
cal and hierarchical relationships more naturally than many
conventional vector-based classifiers [9].

1.2 Motivation

Although CNNs have achieved promising performance across
many image-classification applications, their effectiveness
remains strongly dependent on several interrelated factors.
The quality and relevance of extracted features directly in-
fluence the model’s ability to distinguish between normal
and pathological patterns. A CNN may learn discriminative
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pulmonary representations when the training data are infor-
mative and the model configuration is appropriate, but it may
also learn unstable or incidental patterns when the dataset is
limited, imbalanced, noisy, or insufficiently diverse. Architec-
tural choices such as the number of convolutional layers, the
number of filters, kernel size, activation functions, pooling
operations, dense-layer width, and regularization strategy can
substantially affect the learned representation. Hyperparame-
ter settings are equally important. An unsuitable learning rate
can slow convergence or destabilize training; an inappropriate
batch size can affect gradient behavior; insufficient regular-
ization can increase overfitting; and excessive model capacity
can cause the network to memorize dataset-specific artifacts
rather than learn robust radiographic indicators. These con-
cerns are well recognized in deep medical image analysis,
where dataset quality, transferability, and validation design
strongly shape reported performance [8, 9].

Another important challenge arises from the presence of
redundant or weakly informative representations within ex-
tracted feature spaces. Deep feature vectors can contain many
dimensions, not all of which contribute equally to classifi-
cation. Some features may encode overlapping visual pat-
terns, while others may correspond to background structures,
acquisition-specific variation, or activations that are only
weakly related to pneumonia detection. High-dimensional
representations may increase computational complexity and
may also introduce unnecessary information that degrades
classifier generalization. Feature-selection techniques address
this issue by attempting to preserve informative variables
while removing irrelevant or redundant ones. More specifi-
cally, feature selection can reduce dimensionality, improve
model efficiency, simplify downstream classification, and po-
tentially reduce overfitting by limiting the influence of noisy
or unstable features [10]. In the context of CNN-based chest
X-ray classification, feature selection is not a substitute for
representation learning; rather, it can serve as a refinement
mechanism applied to learned deep representations.

In addition to feature selection, hyperparameter optimiza-
tion represents another critical aspect of CNN-based medical
image analysis. Conventional manual hyperparameter tuning
is often computationally expensive, subjective, and depen-
dent on repeated trial-and-error experiments. Grid search can
be inefficient when the search space is large, while random
search may require many evaluations before locating compet-
itive configurations. Automated hyperparameter optimization
methods provide a more systematic alternative by exploring
candidate configurations according to explicit performance
criteria [11, 12]. Metaheuristic optimization algorithms are
particularly attractive in this setting because they can search
complex, nonlinear, mixed discrete-continuous spaces with-
out requiring gradient information for the outer optimization
problem. Algorithms such as Grey Wolf Optimizer, Particle
Swarm Optimization, Whale Optimization Algorithm, Multi-
Verse Optimizer, Satin Bowerbird Optimizer, and Genetic
Algorithm have been widely used or adapted for difficult opti-
mization tasks, including feature selection and model configu-
ration [13, 14, 15, 16, 17, 18, 19]. The Ocotillo Optimization
Algorithm (OcOA), a more recent desert-inspired metaheuris-
tic, has also been introduced as an adaptive optimization
method designed to balance exploration and exploitation in
complex search spaces [20].

The integration of feature selection and hyperparameter
optimization within a unified CNN-based framework there-
fore represents a meaningful research direction for medical
image classification. Feature selection addresses the represen-
tation space by identifying a compact subset of informative
features, whereas hyperparameter optimization addresses the
model-configuration space by searching for training and ar-
chitectural settings that improve learning behavior. These two
forms of optimization are related but not identical. A good
feature subset may reduce redundancy and improve classifier
efficiency, while a good CNN configuration may improve
convergence, regularization, and decision-boundary forma-
tion. Combining the two can therefore strengthen automated
pneumonia detection by refining both what the model uses
and how the model learns. This is the central motivation of
the present work.

1.3 Research Problem

The primary research problem addressed in this study can be
formulated as follows:

How can the Ocotillo Optimization Algorithm
(OcOA) be utilized to improve CNN-based pneu-
monia detection through feature selection and hy-
perparameter optimization?

This problem involves two interconnected objectives. The
first objective concerns the selection of informative features
capable of improving classification quality while reducing
unnecessary feature dimensionality. The second objective
focuses on identifying suitable CNN hyperparameter configu-
rations that enhance training stability and classification effec-
tiveness. Addressing these objectives jointly may improve the
robustness and efficiency of automated pneumonia-detection
systems. The term robustness is used here in an experimental
sense: it refers to improved classification behavior under the
evaluated dataset and protocol, not to unrestricted clinical
generalization across hospitals, imaging devices, patient pop-
ulations, or disease subtypes. That distinction is important
because public chest X-ray benchmarks can support method-
ological evaluation, but external validation remains necessary
before deployment-oriented conclusions can be made [7, 8].

1.4 Research Gap

Previous studies have extensively investigated CNN-based
medical image classification, and several works have demon-
strated the feasibility of deep-learning-based pneumonia de-
tection from chest radiographs [4, 5, 7]. Similarly, feature
selection and hyperparameter optimization have been stud-
ied as important components of machine-learning model
development [10, 12]. Population-based metaheuristic al-
gorithms have also been introduced independently and ap-
plied across a broad range of optimization problems, in-
cluding binary feature selection and model-parameter search
[14, 21, 13, 22, 15, 16, 17, 18, 19]. Likewise, the Ocotillo
Optimization Algorithm has already been proposed as a
standalone metaheuristic optimization method [20]. Con-
sequently, the present work does not claim methodological
novelty through the independent introduction of CNNs, fea-
ture selection, hyperparameter optimization, or OcOA as
isolated concepts.

Instead, the research gap addressed in this study lies in the
empirical assessment of an OcOA-guided CNN framework
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for pneumonia classification from chest X-ray images. More
specifically, limited attention has been directed toward evalu-
ating OcOA within a unified framework that simultaneously
incorporates feature-selection analysis, post-feature-selection
machine-learning baseline comparison, and optimizer-guided
CNN hyperparameter optimization. This combined evalua-
tion is important because an optimizer may behave differently
depending on whether it is used to select binary feature sub-
sets or to tune CNN hyperparameters. A method that selects
compact feature subsets does not automatically guarantee
strong CNN configuration performance, and a method that
tunes CNN hyperparameters effectively does not necessar-
ily provide the best feature-selection behavior. Investigating
these stages together provides a broader understanding of
how OcOA can contribute to CNN-based medical image clas-
sification, particularly for pediatric chest X-ray pneumonia
detection.

1.5 Contributions

The contributions of this study can be summarized as fol-
lows. First, a hybrid OcOA+CNN framework is evaluated for
binary pneumonia classification using chest X-ray images de-
rived from a widely used pediatric radiographic dataset [7, 6].
Second, OcOA is employed as a feature-selection mecha-
nism and compared against several binary metaheuristic opti-
mization algorithms, including binary Grey Wolf Optimizer
(bGWO), binary Particle Swarm Optimization (bPSO), binary
Stochastic Fractal Search (bSFS), binary Whale Optimization
Algorithm (bWOA), binary Multi-Verse Optimizer (bMVO),
binary Satin Bowerbird Optimizer (bSBO), and binary Ge-
netic Algorithm (bGA) [13, 14, 21, 22, 15, 16, 17, 18, 19].
Third, the selected features are evaluated using CNN and con-
ventional machine-learning baseline models to examine clas-
sification effectiveness after feature reduction. Fourth, OcOA
is further utilized for CNN hyperparameter optimization in
order to improve model configuration and training behav-
ior [20, 12]. Finally, the optimized OcOA+CNN framework
is compared with multiple optimizer-CNN variants using
evaluation metrics including accuracy, sensitivity, specificity,
positive predictive value (PPV), negative predictive value
(NPV), and F-score. These metrics are reported because bi-
nary medical classification requires more than a single overall
accuracy value; sensitivity and specificity, in particular, help
describe the model’s behavior with respect to pneumonia-case
recognition and normal-case recognition.

1.6 Paper Organization

The remainder of this paper is organized as follows. Section 2
reviews the related literature associated with pneumonia de-
tection, CNN-based medical image analysis, feature selec-
tion, and metaheuristic optimization algorithms. Section 3
describes the dataset and its clinical characteristics. Section 4
presents the proposed methodology, including preprocessing,
feature selection, and hyperparameter optimization proce-
dures. Section 5 explains the experimental setup and eval-
uation criteria. Section 6 reports the obtained experimental
results. Section 7 discusses the findings and their implica-
tions. Section 8 outlines the limitations of the study. Finally,
Section 9 concludes the paper and highlights potential future
research directions.

2. RELATED WORK

Chest X-ray-based pneumonia detection has become a recur-
rent benchmark problem in medical-image analysis because
it combines a clinically meaningful diagnostic objective with
an imaging modality that is comparatively accessible, low-
cost, and routinely used in respiratory assessment. Pneu-
monia can manifest in radiographs through heterogeneous
opacity patterns, consolidation, and interstitial changes, yet
these findings are not always visually obvious, particularly
when image quality varies or when the disease presentation is
subtle. This diagnostic ambiguity has encouraged sustained
interest in computational screening systems that can learn
discriminative patterns directly from radiographic data and
assist clinicians by providing rapid preliminary classification.
Within this setting, deep learning has been especially influen-
tial, not because it removes the need for clinical interpretation,
but because it can encode image patterns at a scale and con-
sistency that are difficult to maintain under high workload
conditions.

Early large-scale chest X-ray studies helped establish the
technical foundation for automated thoracic disease analy-
sis. Wang et al. introduced ChestX-ray8, a hospital-scale
database containing more than one hundred thousand frontal
chest radiographs with weakly supervised thoracic disease
labels, thereby demonstrating that large radiographic repos-
itories could support deep-learning-based classification and
localization of common thoracic abnormalities [4]. Although
ChestX-ray8 was designed as a multi-label thoracic disease
benchmark rather than a binary pediatric pneumonia dataset,
it showed that convolutional representations could be trained
on chest radiographs and adapted to clinically relevant recog-
nition tasks. Rajpurkar et al. later presented CheXNet, a
DenseNet-based model trained for pneumonia detection on
chest X-rays, and their work became widely cited because it
framed pneumonia recognition as a high-impact radiographic
classification problem and emphasized the diagnostic po-
tential of CNN-based feature learning [5]. These studies
helped move chest X-ray analysis from hand-engineered ra-
diographic descriptors toward end-to-end deep visual repre-
sentation learning.

The dataset used in the present study follows a more fo-
cused binary formulation. It is derived from pediatric anterior-
posterior chest radiographs associated with the work of Ker-
many et al., who investigated image-based deep learning for
medical diagnosis and included pediatric chest X-ray images
collected from Guangzhou Women and Children’s Medical
Center [7]. The widely used Kaggle release of this resource,
commonly referenced as the Chest X-Ray Images (Pneu-
monia) dataset, contains chest radiographs organized into
Normal and Pneumonia categories and has become a frequent
benchmark for binary pneumonia classification [6]. This
Normal-versus-Pneumonia structure is attractive for method
development because it provides a direct diagnostic endpoint
and allows researchers to compare image classifiers under
a clear supervised-learning setting. That said, the apparent
simplicity of the binary task should not be overstated. The im-
ages originate from a pediatric cohort, the class distributions
are not perfectly balanced, and the radiographic appearance
of pneumonia may vary across infection type, disease stage,
acquisition condition, and patient anatomy. A model that
performs strongly on this dataset therefore provides useful
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experimental evidence, but not by itself a complete claim of
clinical generalization.

2.1 Chest X-Ray-Based Pneumonia Detection

Chest X-ray-based pneumonia detection studies generally for-
mulate the problem in one of two ways. The first formulation
treats pneumonia as one label within a broader multi-label
thoracic abnormality recognition task, as in large chest ra-
diography datasets where pneumonia may coexist with other
findings such as atelectasis, effusion, or infiltration [4]. This
formulation is clinically rich, but methodologically difficult,
because labels may be noisy, overlapping, and derived from
reports rather than direct expert image annotation. The second
formulation treats pneumonia detection as a binary classifi-
cation problem, where each image is assigned either to a
Normal class or a Pneumonia class. The present paper fol-
lows the second formulation, which is common in studies
using the pediatric Chest X-Ray Images (Pneumonia) dataset
[7, 6]. Binary classification reduces the output space and al-
lows the methodological focus to shift toward representation
quality, feature selection, classifier behavior, and optimization
strategy.

The popularity of the pediatric pneumonia dataset is partly
due to its compact but clinically grounded structure. The
radiographs were collected from pediatric patients and la-
beled according to the presence or absence of pneumonia,
which makes the dataset suitable for evaluating supervised
image-classification pipelines in a controlled setting [7]. Un-
like broad thoracic datasets that include many disease labels
and uncertain co-occurrences, this dataset supports a direct
diagnostic distinction. It has therefore been repeatedly used
to evaluate CNNs, transfer-learning architectures, ensemble
classifiers, and hybrid machine-learning frameworks. The
same property also makes it suitable for the present work,
where the central question is not whether pneumonia can
be represented visually in chest radiographs, but whether an
optimization-guided CNN framework can improve classifica-
tion behavior through feature selection and hyperparameter
tuning.

A recurring observation in this research area is that high
classification accuracy on a single public dataset must be in-
terpreted carefully. Chest radiographs are sensitive to acquisi-
tion protocol, patient age, scanner characteristics, institutional
imaging practice, and label verification procedure. A model
trained and evaluated on pediatric images from one source
may not behave identically on adult radiographs, portable
intensive-care images, or data acquired from a different hos-
pital. Kermany et al. explicitly positioned deep learning as
a diagnostic-support technology rather than a replacement
for clinical judgment, which is an important distinction for
studies that report high accuracy on curated datasets [7]. The
same caution applies here. The related literature shows strong
evidence that chest X-rays contain learnable signals for pneu-
monia classification, but it also shows that dataset provenance
and validation design are central to the credibility of any
proposed method.

2.2 CNNs in Medical Image Classification

Convolutional Neural Networks have become central to med-
ical image classification because their inductive structure
matches the spatial nature of imaging data. A chest X-ray
is not a simple vector of independent measurements; it is a

two-dimensional projection in which local intensity patterns,
edges, textures, and anatomical structures interact across the
lung fields. CNNs exploit this structure through convolutional
filters that scan local receptive fields and learn repeated visual
motifs. In early layers, these filters often respond to low-level
features such as edges, gradients, and small texture changes.
In deeper layers, the network can combine these local activa-
tions into more abstract patterns associated with anatomical
boundaries, diffuse opacity, focal consolidation, or other ra-
diographic signals. This hierarchical pattern learning is one
reason CNNs have been widely adopted in medical-image
analysis [8, 9].

The value of CNNs in chest X-ray classification is also
connected to spatial representation. Pneumonia-related ab-
normalities may be localized to a particular lobe, appear as
asymmetric opacity, or present as broader interstitial texture
changes. A conventional classifier trained only on flattened
pixels would struggle to preserve the spatial continuity of
these findings. By contrast, convolution and pooling opera-
tions allow CNNs to retain local neighborhood information
while progressively building translation-tolerant representa-
tions. This property is particularly useful in chest radiographs
because the exact location, size, and intensity of pathological
patterns may differ across patients. CNNs can therefore learn
discriminative representations without requiring handcrafted
feature definitions for each possible radiographic manifesta-
tion.

Medical-image classification studies have repeatedly
shown that CNN performance depends not only on the archi-
tecture but also on dataset characteristics, transfer-learning
strategy, input resolution, and training configuration [9]. This
dependency is important for the present study because it mo-
tivates the use of hyperparameter optimization. A CNN with
an unsuitable learning rate may converge slowly or become
unstable. A network with insufficient representational ca-
pacity may underfit subtle radiographic patterns, whereas an
excessively large model may memorize training examples, es-
pecially when the dataset is limited. Dropout rate, batch size,
optimizer choice, number of filters, kernel size, and dense-
layer width can all change the bias–variance behavior of the
model. There is no universal configuration that is optimal
across all medical imaging datasets.

Overfitting remains a central concern. Medical datasets
are often smaller than natural-image datasets, and labels may
contain uncertainty due to inter-reader variability or imper-
fect annotation processes. Even when the number of images
appears adequate, the effective diversity of disease presen-
tation may be limited by patient demographics, acquisition
site, and imaging protocol. CNNs can learn highly predic-
tive but clinically incidental correlations if the training data
contain confounding signals. This issue is not unique to pneu-
monia detection, but it is especially relevant in radiographic
classification because image acquisition artifacts, position-
ing differences, and preprocessing choices can influence the
learned feature space. Deep-learning surveys in medical imag-
ing have therefore emphasized the importance of validation
design, data diversity, and interpretability when assessing
CNN-based systems [8].

Computational cost is another practical limitation. CNN
training requires repeated forward and backward passes
through large image tensors, and hyperparameter search mul-
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tiplies this cost because several candidate configurations must
be trained or partially trained. Even after training, infer-
ence time and memory footprint matter when a model is
intended for deployment in screening workflows. A highly
accurate model that is computationally inefficient may be
less useful in resource-constrained settings. These limitations
do not weaken the case for CNNs; rather, they clarify why
CNNs benefit from systematic optimization. The present
paper builds on this view by examining whether OcOA can
improve a CNN-based pneumonia classifier at two levels: the
feature space and the hyperparameter configuration.

2.3 Feature Selection for Medical Image Models

Feature selection is a dimensionality-reduction strategy that
aims to retain informative variables while removing redun-
dant, irrelevant, or weakly discriminative ones. In classical
machine learning, feature selection is often used to reduce
model complexity, improve interpretability, and limit overfit-
ting. In deep-learning-based medical-image analysis, the role
of feature selection is more nuanced. CNNs already perform
a form of representation learning, yet the deep features ex-
tracted from intermediate or late network layers can still be
high-dimensional and partially redundant. Some activations
may encode overlapping visual patterns, while others may
reflect background variation, acquisition artifacts, or features
that do not contribute meaningfully to the diagnostic deci-
sion. Selecting a compact subset of these representations can
therefore support more efficient classification.

General feature-selection literature distinguishes among fil-
ter, wrapper, and embedded approaches [10]. Filter methods
evaluate features using statistical criteria independent of a
final classifier. Embedded methods perform feature selection
as part of model training. Wrapper methods, by contrast,
evaluate candidate feature subsets according to classifier per-
formance and are often more flexible, though computationally
more expensive. Metaheuristic feature selection usually be-
longs to the wrapper family because each candidate solution
represents a subset of features and is evaluated through a
fitness function. This structure is suitable for medical-image
features because the relationship between feature subsets
and classification performance is rarely linear or additive. A
feature may be weak alone but useful in combination with
others.

For medical image models, feature selection can serve
several practical purposes. First, it can reduce redundant fea-
tures, which is important when deep representations contain
correlated activations produced by adjacent filters or simi-
lar learned patterns. Second, it can improve classification
efficiency by lowering the dimensionality of the input rep-
resentation passed to downstream classifiers. Third, it may
reduce inference complexity when the selected feature sub-
set allows a classifier to operate on a smaller representation.
This point should be treated carefully: feature selection does
not automatically guarantee lower end-to-end inference time
unless the implementation actually avoids computing unused
features or reduces downstream computational cost. Still, at
the classifier-input level, a smaller feature vector is usually
easier to process than a larger one. Fourth, feature selection
can potentially improve generalization by discouraging the
classifier from relying on noisy or unstable representations.

In pneumonia detection from chest X-rays, feature selec-

tion is particularly relevant because the discriminative in-
formation may be concentrated in a subset of learned radio-
graphic patterns. Normal and pneumonia images differ not
only in global intensity distribution but also in localized and
texture-level characteristics. If a CNN-derived feature vector
contains many dimensions that do not correspond to these
diagnostic differences, a downstream classifier may become
unnecessarily complex. The present paper therefore uses fea-
ture selection not as a replacement for CNN representation
learning, but as a refinement step applied after deep feature
extraction. This design recognizes that CNNs are effective
feature learners while also acknowledging that their learned
representations may still benefit from optimization-guided
pruning.

2.4 Metaheuristic Optimization for Feature Selection

Metaheuristic optimization algorithms are frequently used for
feature selection because the search space is combinatorial.
For a feature vector with d candidate dimensions, there are
2d possible subsets. Exhaustive search is therefore infeasible
except for very small feature spaces. Binary metaheuristic
algorithms address this difficulty by representing each candi-
date solution as a binary vector, where a value of one denotes
a selected feature and a value of zero denotes an excluded
feature. The optimizer then searches for a subset that bal-
ances predictive performance with dimensionality reduction.
This structure is especially suitable for wrapper-based fea-
ture selection, where the objective function can include both
classification error and selected-feature ratio.

The present study compares bOcOA with several estab-
lished binary metaheuristic algorithms. OcOA is a recently
proposed desert-inspired metaheuristic designed to balance
exploration and exploitation through adaptive search behavior
[20]. In its binary form, bOcOA can be adapted to feature
selection by converting continuous search positions into bi-
nary decisions through a transfer mechanism. This adaptation
allows the algorithm to explore candidate subsets rather than
continuous-valued parameter vectors. Because the present
work evaluates bOcOA empirically against other binary opti-
mizers, its contribution lies in assessing whether OcOA can
provide useful feature-selection behavior for CNN-derived
chest X-ray representations.

The comparison set includes bGWO, bPSO, bSFS, bWOA,
bMVO, bSBO, and bGA. GWO models leadership hier-
archy and hunting behavior in grey wolves and has been
widely adopted because of its relatively simple structure and
exploration–exploitation balance [13]. PSO originates from
swarm intelligence and updates candidate solutions accord-
ing to individual and collective experience [14]. Its discrete
binary version was introduced to handle binary-valued op-
timization problems, making it directly relevant to feature
subset selection [21]. SFS is a mathematics-inspired meta-
heuristic based on fractal diffusion processes and stochas-
tic search mechanisms [22]. WOA models the bubble-net
hunting strategy of humpback whales and has been widely
applied to continuous and adapted binary optimization tasks
[15]. MVO draws inspiration from cosmological concepts
such as white holes, black holes, and wormholes to model
global search and solution refinement [16]. SBO is inspired
by the mating behavior of satin bowerbirds and has been used
as an optimizer in machine-learning model configuration and

23



Journal of Artificial Intelligence and Metaheuristic (JAIM) Vol. 12, No. 01 · 2027

parameter estimation tasks [17]. GA, grounded in evolu-
tionary computation, uses selection, crossover, and mutation
to evolve candidate solutions and remains one of the most
established population-based search methods [18, 19].

In the present manuscript, the reported feature-selection
comparison uses bWOA, denoting binary Whale Optimiza-
tion Algorithm. The abbreviation bWAO is not adopted be-
cause the experimental table corresponds to bWOA rather
than a separately confirmed algorithm with the abbreviation
bWAO. This distinction is necessary for terminological con-
sistency and for preserving alignment between the related-
work discussion and the reported experiments. The broader
methodological point remains the same: binary metaheuristic
feature selection provides a flexible mechanism for explor-
ing high-dimensional CNN feature spaces without requiring
differentiability of the feature-subset objective.

The advantage of metaheuristic feature selection is not
that it guarantees a globally optimal subset. It does not. Its
practical value lies in its ability to search large, irregular,
nonconvex subset spaces where exact optimization is imprac-
tical. In medical-image classification, this flexibility can be
useful because the selected feature subset must often balance
several objectives at once: low classification error, compact
representation size, robustness across stochastic runs, and
manageable computational demand. The present paper sit-
uates bOcOA within this family of methods and evaluates
whether its search behavior is competitive when applied to
deep features extracted from chest X-ray images.

2.5 Metaheuristic Optimization for CNN Hyperparameters

CNN hyperparameter optimization is a difficult problem be-
cause training behavior depends on interacting architectural
and learning parameters. Learning rate affects the scale of gra-
dient updates and can determine whether the model converges
smoothly, oscillates, or stagnates. Batch size influences gra-
dient noise, memory consumption, and training stability. The
number of convolutional filters controls representational ca-
pacity, while kernel size affects the local spatial patterns cap-
tured by each convolutional layer. Dense units, dropout rate,
optimizer choice, and number of epochs further shape the
model’s ability to fit the training data without losing general-
ization. These parameters do not act independently. A larger
network may require stronger regularization; a smaller batch
size may interact with learning rate; a longer training sched-
ule may improve convergence but also increase overfitting
risk.

Manual tuning is therefore limited. It depends heavily
on trial-and-error, prior experience, and computational pa-
tience. Grid search can become inefficient because it evalu-
ates many unpromising combinations, while random search
improves coverage but still lacks adaptive feedback from
previous evaluations. Metaheuristic optimization offers an
alternative by treating hyperparameter selection as a search
problem in which each candidate solution encodes a CNN
configuration. The candidate is evaluated according to val-
idation or training-performance criteria, and the optimizer
updates the population to explore more promising regions of
the search space. This approach is computationally expensive
because it may require training many candidate models, but
it can be effective when the search space is mixed, nonlinear,
and partly discrete.

The present paper evaluates OcOA+CNN against
GWO+CNN, GA+CNN, PSO+CNN, and WOA+CNN. These
optimizer-CNN variants are grounded in the same meta-
heuristic families discussed above, but the search object
changes from a binary feature subset to a CNN hyperpa-
rameter configuration. OcOA+CNN uses the Ocotillo Op-
timization Algorithm to identify a suitable CNN configura-
tion [20]. GWO+CNN uses Grey Wolf Optimizer princi-
ples for hyperparameter search [13]. GA+CNN relies on
evolutionary operators to recombine and mutate candidate
model configurations [18, 19]. PSO+CNN uses swarm-based
movement toward promising hyperparameter regions [14].
WOA+CNN uses the encircling and spiral-search mecha-
nisms associated with the Whale Optimization Algorithm
[15]. In the reported optimizer-CNN comparison, the correct
abbreviation is PSO+CNN rather than POS+CNN, because
the corresponding optimizer is Particle Swarm Optimization.

For CNN-based pneumonia detection, hyperparameter op-
timization is not a cosmetic step. A model may fail to gen-
eralize because its architecture is too shallow, because its
dropout rate is poorly matched to the dataset, or because the
learning rate prevents stable convergence. In medical imag-
ing, where datasets are often limited and class distributions
may be imbalanced, these choices can materially affect sensi-
tivity and specificity. This is clinically important because a
false negative may correspond to a missed pneumonia case,
whereas a false positive may lead to unnecessary follow-up.
Optimizing a CNN therefore requires attention not only to
overall accuracy but also to class-specific metrics such as
sensitivity, specificity, PPV, NPV, and F-score.

The related literature supports the general use of CNNs
for medical-image analysis and the use of metaheuristic algo-
rithms for difficult optimization problems [8, 9, 13, 14, 15].
However, the value of a specific optimizer must still be eval-
uated in the target task. An algorithm that performs well
on mathematical benchmark functions may not necessarily
produce the best CNN configuration for pediatric chest X-ray
classification. The present paper therefore treats OcOA+CNN
as an empirical question: whether OcOA, when applied to
CNN hyperparameter tuning, improves pneumonia-detection
performance under the dataset and evaluation protocol used
in this study.

The reviewed studies cover three methodological streams
that motivate the present work: chest X-ray pneumonia detec-
tion, convolutional representation learning, and metaheuristic
optimization for feature selection and hyperparameter tun-
ing. Table 1 summarizes the main studies and algorithms
discussed in this section, with emphasis on their role in shap-
ing the proposed Ocotillo Optimization Algorithm-guided
Convolutional Neural Network framework.

2.6 Summary of Literature Gap

The reviewed literature shows that CNNs are well suited to
medical-image classification because they learn local and
hierarchical visual representations directly from image data
[8, 9]. Chest X-ray studies have further shown that radio-
graphic images contain learnable signals for pneumonia and
thoracic disease recognition [4, 5]. The pediatric Chest X-
Ray Images (Pneumonia) dataset has become a widely used
benchmark for Normal-versus-Pneumonia classification be-
cause it provides a focused binary diagnostic task derived
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Table 1. Summary of the main studies and optimization methods discussed in the related work.

Reference Main focus Technical contribution Relevance to the present study
[4] Large-scale thoracic dis-

ease recognition
Introduced ChestX-ray8 as a large frontal chest
radiography dataset with weakly supervised dis-
ease labels.

Established the value of large chest X-ray repos-
itories for training deep-learning models on tho-
racic abnormalities.

[5] Pneumonia detection
from chest radiographs

Presented CheXNet, a DenseNet-based Convo-
lutional Neural Network model for pneumonia
recognition.

Demonstrated the diagnostic potential of deep
convolutional representations for pneumonia
classification.

[7] Deep learning for medi-
cal diagnosis

Used pediatric chest X-ray images to investigate
image-based diagnosis using deep learning.

Provides the clinical and dataset foundation for
the Normal-versus-Pneumonia classification task
used in this study.

[6] Public pneumonia
dataset release

Provided the Kaggle version of the Chest X-Ray
Images (Pneumonia) dataset.

Supplies the benchmark dataset used for evaluat-
ing the proposed framework.

[8] Deep learning in medi-
cal image analysis

Reviewed deep-learning methods across medi-
cal imaging tasks and highlighted validation and
generalization issues.

Supports the methodological motivation for care-
ful evaluation of Convolutional Neural Network-
based medical classifiers.

[9] Deep convolutional
learning in medical
imaging

Examined deep Convolutional Neural Network
architectures and transfer learning for computer-
aided diagnosis.

Motivates the use of convolutional representation
learning for radiographic image classification.

[10] Feature-selection meth-
ods

Reviewed filter, wrapper, and embedded feature-
selection strategies.

Provides the conceptual basis for using wrapper-
style metaheuristic feature selection over ex-
tracted features.

[20] Ocotillo Optimization
Algorithm

Introduced the Ocotillo Optimization Algorithm
as a population-based metaheuristic optimizer.

Provides the optimization method used in this
paper for feature selection and Convolutional
Neural Network hyperparameter tuning.

[13] Grey Wolf Optimizer Proposed Grey Wolf Optimizer as a population-
based method inspired by grey wolf leadership
and hunting behavior.

Serves as one of the competing optimizers in the
feature-selection and optimizer-Convolutional
Neural Network comparisons.

[14] Particle Swarm Opti-
mization

Introduced Particle Swarm Optimization as a
swarm-intelligence algorithm based on social
learning behavior.

Provides the foundation for Particle Swarm
Optimization-based comparison models.

[21] Binary Particle Swarm
Optimization

Adapted Particle Swarm Optimization to binary-
valued optimization problems.

Supports the binary feature-selection formula-
tion used for selected-feature encoding.

[22] Stochastic Fractal
Search

Proposed Stochastic Fractal Search using fractal
diffusion and stochastic update mechanisms.

Included as a competing binary metaheuristic
method for feature selection.

[15] Whale Optimization Al-
gorithm

Introduced Whale Optimization Algorithm based
on humpback whale bubble-net hunting behav-
ior.

Used as a competing optimizer in both binary
feature selection and Convolutional Neural Net-
work hyperparameter optimization.

[16] Multiverse Optimiza-
tion

Proposed Multiverse Optimization using cos-
mological search concepts such as white holes,
black holes, and wormholes.

Included as a competing binary optimizer in the
feature-selection stage.

[17] Satin Bowerbird Opti-
mizer

Introduced Satin Bowerbird Optimizer as a
population-based search method inspired by
bowerbird mating behavior.

Included as a competing binary optimizer for
feature-selection comparison.

[18]; [19] Genetic Algorithm Established evolutionary optimization using se-
lection, crossover, and mutation.

Provides the foundation for the Genetic
Algorithm-based feature-selection and optimizer-
Convolutional Neural Network comparisons.

from clinically collected pediatric radiographs [7, 6]. At the
same time, CNN performance remains sensitive to data qual-
ity, model configuration, overfitting behavior, and validation
design.

Existing work also shows that feature selection and meta-
heuristic optimization can be useful for high-dimensional
machine-learning problems [10]. Binary metaheuristic algo-
rithms provide a practical way to search large feature-subset
spaces, while population-based optimizers can be adapted
to CNN hyperparameter tuning. Yet the combined use of
OcOA in both stages has received limited task-specific eval-
uation for CNN-based pneumonia detection from chest X-
rays. This is the gap addressed by the present paper. Specif-
ically, the study evaluates whether OcOA can improve a
CNN-based pneumonia-detection framework when used first
for feature selection over CNN-derived representations and

then for CNN hyperparameter optimization. The contribution
is therefore not the independent invention of CNNs, feature
selection, or metaheuristic optimization, but a focused empir-
ical assessment of an OcOA-guided two-stage optimization
pipeline for pediatric chest X-ray pneumonia classification.

3. DATASET DESCRIPTION

The dataset used in this study is the publicly available Chest
X-Ray Images (Pneumonia) dataset, which has been widely
used as a benchmark resource for automated pneumonia de-
tection from radiographic images. The dataset is appropriate
for the present work because it provides a binary classifica-
tion setting in which chest X-ray images are categorized as
either normal or pneumonia cases. This structure aligns di-
rectly with the objective of evaluating a convolutional neural
network-based diagnostic framework supported by feature
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selection and hyperparameter optimization.

3.1 Dataset Source

The Chest X-Ray Images (Pneumonia) dataset was obtained
from Kaggle and consists of 5,863 chest X-ray images stored
in JPEG format. The dataset contains two diagnostic cat-
egories, namely Normal and Pneumonia, and is organized
into three main folders corresponding to the training, testing,
and validation subsets. The original source of the dataset is
Mendeley Data, where the dataset is made available under
the Creative Commons Attribution 4.0 International license.
The Kaggle repository reports that the dataset contains 5,863
JPEG chest X-ray images distributed across the two cate-
gories and arranged into train, test, and val directories, while
the corresponding Mendeley Data record identifies the dataset
as openly available under the CC BY 4.0 license.

3.2 Dataset Origin and Clinical Context

The images in this dataset are anterior-posterior chest radio-
graphs selected from retrospective pediatric cohorts. The
patients were between one and five years of age, and the im-
ages were collected from Guangzhou Women and Children’s
Medical Center in Guangzhou, China. Since all radiographs
were acquired as part of routine clinical care, the dataset re-
flects a clinically grounded imaging scenario rather than a
purely synthetic or laboratory-controlled collection.

The dataset documentation describes a multi-stage quality-
control and diagnostic verification process. First, low-quality
or unreadable chest radiographs were removed to reduce noise
and prevent diagnostically unreliable scans from entering the
learning pipeline. The remaining images were then graded
by two expert physicians to establish diagnostic labels. To
further reduce labeling errors, the evaluation set was addition-
ally reviewed by a third expert. This annotation process is
important because supervised medical image classification
depends strongly on label reliability; inaccurate labels can
distort the learning objective and weaken the clinical validity
of model evaluation.

3.3 Class Definitions

The dataset is used in this study as a binary classification
dataset. The first class is Normal, which represents chest
X-ray images without radiographic evidence of pneumonia.
These images generally show clearer lung fields and do not
exhibit the abnormal opacification patterns associated with
pulmonary infection. The second class is Pneumonia, which
represents chest X-ray images containing radiographic find-
ings consistent with pneumonia.

Although the dataset documentation provides illustrative
examples that distinguish bacterial and viral pneumonia pat-
terns, these examples are treated only as clinical context in
the present study. Bacterial pneumonia may appear as focal
lobar consolidation, whereas viral pneumonia may show a
more diffuse interstitial pattern. However, the experimental
formulation in this work is restricted to binary classification
between Normal and Pneumonia. Therefore, bacterial and
viral pneumonia are not treated as separate output classes in
the proposed classification framework.

3.4 Dataset Split

The dataset follows the original folder organization provided
by the Kaggle repository. It is divided into three subsets: a
training set, a testing set, and a validation set. The training

subset is used for model learning, including the extraction of
discriminative patterns from chest X-ray images. The testing
subset is used to evaluate the final classification behavior of
the trained models, while the validation subset provides an
additional partition for monitoring model behavior during
development and optimization.

Table 2 summarizes the dataset structure used in this study.
The table reports only the information provided by the dataset
documentation and avoids introducing unverified class-level
image counts.

Table 2. Structure of the Chest X-Ray Images (Pneumonia) dataset.

Attribute Description

Dataset name Chest X-Ray Images
(Pneumonia)

Source Kaggle
Original source Mendeley Data
Total number of images 5,863
Image format JPEG
Classes Normal and Pneumonia
Folder organization train, test, val
License CC BY 4.0

3.5 Dataset Figure

Visual inspection of chest X-ray images remains an important
component of pneumonia assessment because radiographic
abnormalities may appear with varying intensity, spatial dis-
tribution, and anatomical localization across patients. Al-
though the proposed framework performs automated feature
extraction and classification, examining representative sam-
ples from the dataset provides important clinical and method-
ological context regarding image variability, pulmonary ap-
pearance, and radiographic quality. The dataset used in this
study contains pediatric anterior-posterior chest radiographs
collected under routine clinical conditions, and the visual
examples illustrate the diversity of lung-field appearance ob-
served across the dataset.

The representative chest X-ray samples shown in Fig-
ure 1 demonstrate variations in thoracic structure, lung opac-
ity distribution, rib visibility, and image contrast among
pediatric radiographs. Several images exhibit relatively
clear lung regions associated with normal radiographic ap-
pearance, whereas others contain visible opacity patterns
and pulmonary-density changes consistent with pneumonia-
related findings. Differences in image brightness, anatomical
positioning, and acquisition characteristics are also observ-
able across the samples. These variations highlight the practi-
cal challenges associated with automated chest X-ray analysis
because the classification framework must distinguish clini-
cally meaningful pulmonary abnormalities while remaining
robust to acquisition-related variability.

The figure also demonstrates why convolutional neural net-
works are suitable for chest radiograph analysis. The local
and distributed radiographic patterns associated with pneumo-
nia may vary considerably between patients, and the relevant
abnormalities are not confined to a single fixed spatial lo-
cation. Consequently, CNN-based representation learning
becomes valuable because convolutional operations can cap-
ture hierarchical texture and opacity patterns directly from the
image data. The observed variability across the dataset fur-
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Figure 1. Representative chest X-ray samples from the Chest X-Ray Images (Pneumonia) dataset used in this study. The displayed pediatric
anterior-posterior radiographs illustrate variations in lung appearance, pulmonary opacity distribution, image contrast, and anatomical
structure across the dataset.

ther motivates the use of feature selection and hyperparameter
optimization to improve the robustness and discriminative
capability of the proposed classification framework.

4. MATERIALS AND METHODS

This section describes the methodological framework adopted
for pneumonia classification from chest X-ray images. The
proposed approach integrates convolutional neural network-
based representation learning with Ocotillo Optimization Al-
gorithm (OcOA)-based feature selection and hyperparameter
optimization. The methodology is designed to ensure that the
classification process is not treated as a single isolated train-
ing stage, but rather as a structured pipeline in which image
preparation, feature representation, feature subset selection,
model comparison, and final optimization are performed se-
quentially. This organization is important for reproducibility

because each stage affects the behavior of the subsequent
stage and, consequently, the final classification decision.

4.1 Overview of the Proposed Framework

The proposed framework begins with the input chest X-ray
images obtained from the dataset described in Section 3. Each
image is first passed through the preprocessing stage to en-
sure that the data are represented in a consistent numerical
format suitable for computational analysis. After preprocess-
ing, data analysis is performed to examine the input structure
and support the subsequent modeling stages. The processed
images are then used within a convolutional neural network
(CNN) component, which provides image-based representa-
tion learning for the pneumonia-classification task.

Following CNN-based representation learning, OcOA is
employed as a feature-selection mechanism. In this stage,
the optimizer searches for a compact and informative subset
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of features by balancing classification-related quality with
feature reduction. The selected features are then evaluated
using both CNN-based and conventional machine-learning
classifiers. This intermediate evaluation allows the study
to examine whether the selected representations remain dis-
criminative across different model families, rather than being
useful only for a single classifier.

The final stage of the framework applies OcOA to CNN hy-
perparameter optimization. Instead of relying only on manu-
ally selected CNN configurations, OcOA is used to search for
improved hyperparameter settings that support more effective
training and classification. The optimized CNN model is then
used for the final pneumonia-classification task. Model per-
formance is evaluated using accuracy, sensitivity, specificity,
positive predictive value (PPV), negative predictive value
(NPV), and F-score. These metrics provide complementary
information about the classifier’s ability to identify pneumo-
nia cases, recognize normal cases, and maintain balanced
predictive behavior across the two diagnostic categories.

The complete methodological flow is organized as follows:
input chest X-ray images are first preprocessed and analyzed;
CNN-based representation learning is then performed; OcOA
is applied for feature selection; the selected features are eval-
uated using machine-learning baseline models; OcOA is sub-
sequently used for CNN hyperparameter optimization; and
the final pneumonia classification is assessed using the se-
lected evaluation metrics. This framework is intended to
provide a systematic assessment of the role of OcOA in both
feature-level and model-level optimization.

4.2 Data Preprocessing

Data preprocessing was conducted before feature selection
and model training to ensure that all chest X-ray images were
represented consistently and could be processed by the CNN
architecture. Because chest X-ray images in public medical
datasets may differ in spatial resolution, intensity distribution,
and file-level characteristics, preprocessing is a necessary
step for reducing unwanted variability that is unrelated to
the diagnostic categories. In the proposed pipeline, prepro-
cessing prepares the input data for CNN-based representation
learning while preserving the radiographic patterns required
for distinguishing normal and pneumonia cases.

The preprocessing stage includes image resizing, pixel-
value normalization, and label encoding. Image resizing
standardizes the spatial dimensions of the input images so
that they are compatible with the CNN input layer. Pixel
normalization transforms raw intensity values into a numeri-
cally stable range suitable for gradient-based learning, which
can improve training stability and reduce sensitivity to scale
differences across images. The class labels are encoded into a
machine-readable format corresponding to the two categories
used in this study, namely Normal and Pneumonia.

When augmentation is applied, it should be performed only
on the training subset to increase sample variability without
contaminating the validation or testing subsets. Augmenta-
tion operations such as rotation, zooming, horizontal flipping,
and contrast adjustment may help expose the model to plausi-
ble image variations, but these operations must be selected
carefully in medical imaging because excessive transforma-
tions can distort clinically meaningful structures. Similarly,
any class-imbalance handling strategy must be applied within

the training process only, so that validation and testing perfor-
mance reflect the original evaluation distribution rather than
an artificially modified one.

The preprocessing procedure is positioned before the
feature-selection stage because OcOA receives feature rep-
resentations derived from the prepared image data. Conse-
quently, consistent preprocessing is essential for ensuring that
the optimizer evaluates feature subsets under stable input con-
ditions. It also supports fair comparison among the machine-
learning baselines and optimizer-CNN models because all
models operate on data produced by the same preprocessing
pipeline.

4.3 CNN Architecture

The convolutional neural network (CNN) employed in this
study was designed to perform binary pneumonia classifica-
tion from chest X-ray images while maintaining a relatively
balanced trade-off between representation-learning capability
and computational complexity. The architecture was con-
structed to capture hierarchical spatial characteristics from
radiographic images through a sequence of convolutional,
pooling, and fully connected operations. Prior to hyperpa-
rameter optimization, the CNN was configured using a con-
ventional baseline architecture suitable for medical image
classification tasks.

The input images were resized to a spatial resolution of
224×224 pixels with three image channels, resulting in an
input shape of 224×224×3. This image size was selected
because it preserves sufficient anatomical detail while main-
taining computational feasibility during model training and
optimization. The network architecture consisted of four con-
volutional layers organized sequentially to enable progressive
extraction of low-level and high-level image representations.

The first convolutional layer employed 32 filters with a
kernel size of 3× 3, followed by a Rectified Linear Unit
(ReLU) activation function. The second convolutional layer
used 64 filters with the same 3×3 kernel configuration and
ReLU activation. The third and fourth convolutional layers
contained 128 and 256 filters, respectively, also using 3×3
kernels and ReLU activation functions. ReLU activation was
selected because of its computational efficiency and its ability
to reduce vanishing-gradient behavior during deep-network
training.

To reduce spatial dimensionality and preserve the most in-
formative feature responses, max-pooling layers with a pool-
ing size of 2×2 were inserted after convolutional operations.
Max pooling assists in reducing feature-map dimensionality
while maintaining dominant activation patterns associated
with pulmonary abnormalities in chest X-ray images. This
dimensionality reduction also contributes to lowering compu-
tational overhead during subsequent learning stages.

Following the convolutional and pooling operations, the
extracted feature maps were flattened into a one-dimensional
representation before entering the fully connected layers. The
dense component of the network consisted of two fully con-
nected layers containing 512 and 256 neurons, respectively.
ReLU activation was also used within the dense layers to
maintain nonlinear representation capability throughout the
network.

To reduce the risk of overfitting, a dropout layer with a
dropout rate of 0.5 was applied between the dense layers.
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Dropout regularization randomly deactivates a subset of neu-
rons during training, thereby encouraging the network to learn
more generalized feature representations rather than overly
memorizing the training data. This is particularly important
in medical image analysis because model generalization to
previously unseen radiographs is essential for reliable classi-
fication performance.

The output layer consisted of a single neuron configured
for binary classification. A sigmoid activation function was
used in the final layer to generate probabilistic predictions cor-
responding to the two diagnostic categories, namely Normal
and Pneumonia. The sigmoid function was selected because
it is widely used for binary medical-classification tasks and
produces interpretable output probabilities within the interval
[0,1].

The CNN architecture used in this study therefore com-
bines convolutional feature extraction, spatial downsampling,
dense representation learning, and regularization within a
unified framework suitable for chest X-ray pneumonia clas-
sification. This baseline architecture subsequently serves
as the foundation for the Ocotillo Optimization Algorithm-
based hyperparameter optimization stage described later in
this work.

4.4 Feature Representation

Feature representation constitutes a critical stage in the pro-
posed classification framework because the quality of the ex-
tracted representations directly influences the effectiveness of
feature selection and subsequent classification performance.
In medical image analysis, chest radiographs contain large
amounts of spatial information, including texture variations,
opacity distributions, and structural lung patterns that may in-
dicate pathological abnormalities. CNN-based representation
learning enables these characteristics to be transformed into
high-dimensional feature vectors that can later be evaluated
and optimized.

In the proposed framework, the CNN was used as a deep
representation-learning model to extract discriminative fea-
tures from chest X-ray images. The convolutional layers
automatically learned hierarchical image patterns ranging
from low-level edge and texture information to higher-level
pathological structures associated with pneumonia. After
the final convolutional and pooling operations, the resulting
feature maps were flattened into a one-dimensional feature
vector suitable for subsequent optimization and classification
procedures.

Feature selection was then performed using the Ocotillo
Optimization Algorithm to identify the most informative sub-
set of the extracted representations. Redundant or weakly
informative features may increase computational complexity
and negatively affect classifier generalization. Consequently,
selecting a compact subset of discriminative features can im-
prove the efficiency and stability of the classification process
while preserving diagnostically relevant information.

Feature selection was applied to deep features extracted
from a CNN layer.

The selected deep features were subsequently evaluated
using CNN-based and conventional machine-learning classi-
fiers to examine their discriminative capability across multi-
ple classification paradigms. This approach allows the study
to investigate whether the optimized feature subsets remain

informative beyond a single classifier configuration and sup-
ports a broader assessment of feature-selection effectiveness
within the proposed framework.

4.5 OcOA-Based Feature Selection

Feature selection was incorporated into the proposed frame-
work to reduce redundant and weakly informative represen-
tations extracted from the convolutional neural network. In
high-dimensional medical-image feature spaces, not all ex-
tracted features contribute equally to the classification process.
Some representations may contain irrelevant or overlapping
information that increases computational complexity without
improving classification capability. Consequently, selecting a
compact subset of informative features can improve learning
efficiency and strengthen the discriminative quality of the
final representation space.

In the present study, the Ocotillo Optimization Algorithm
(OcOA) was employed as a binary optimization approach
for feature selection. The optimizer searches the feature
space iteratively in order to identify subsets that preserve di-
agnostically relevant information while reducing unnecessary
dimensionality. The selected feature subsets were then eval-
uated using multiple machine-learning classifiers to assess
their classification effectiveness.

4.5.1 Binary Encoding
The feature-selection process was formulated as a binary
optimization problem in which each candidate solution repre-
sents a subset of the extracted deep features. A binary vector
was used to encode candidate feature subsets, where the di-
mensionality of the vector corresponded to the total number
of extracted features obtained from the CNN representation
layer.

Within the binary representation, each feature was associ-
ated with a binary decision value. A value of 1 indicated that
the corresponding feature was selected and included in the
classification process, whereas a value of 0 indicated that the
feature was excluded from the subset. Through this represen-
tation, OcOA explored different combinations of selected and
non-selected features during the optimization process.

The binary encoding mechanism allows the optimizer to
transform the feature-selection problem into a search pro-
cess over the combinational feature space. This formulation
is appropriate for medical-image classification because it
enables the algorithm to identify compact feature subsets
while maintaining discriminative information associated with
pneumonia-related radiographic patterns.

4.5.2 Fitness Function
The fitness evaluation process was designed to assess the
quality of each candidate feature subset during optimization.
The objective of the fitness function was to balance classi-
fication effectiveness with feature reduction. Consequently,
the evaluation process considered two principal components:
classification error and selected feature ratio.

The classification error component reflects the predic-
tive performance obtained using the selected feature subset.
Lower classification error values indicate that the selected
features preserve stronger discriminative capability for distin-
guishing between normal and pneumonia cases. The selected
feature ratio represents the proportion of retained features
relative to the total feature dimensionality. Smaller feature
subsets are generally preferred because they reduce computa-
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tional complexity and minimize redundancy.
The optimization process therefore aimed to identify fea-

ture subsets that simultaneously reduced classification error
and limited the number of selected features. This balance is
important because selecting an excessively large number of
features may preserve redundant information, whereas overly
aggressive feature reduction may discard diagnostically rele-
vant representations required for reliable classification.

4.5.3 Feature-Selection Comparison Algorithms
To evaluate the effectiveness of the proposed OcOA-based
feature-selection framework, the binary Ocotillo Optimiza-
tion Algorithm (bOcOA) was compared with several binary
metaheuristic optimization algorithms frequently used in
feature-selection applications. The comparison algorithms
included binary Grey Wolf Optimizer (bGWO), binary Par-
ticle Swarm Optimization (bPSO), binary Stochastic Frac-
tal Search (bSFS), binary Whale Optimization Algorithm
(bWOA), binary Multiverse Optimization (bMVO), binary
Satin Bowerbird Optimizer (bSBO), and binary Genetic Al-
gorithm (bGA).

These optimization algorithms were selected because they
represent diverse search strategies with different exploration
and exploitation behaviors. Population-based optimization
algorithms are commonly employed in feature-selection prob-
lems because they can navigate large combinational search
spaces without relying on gradient information. Evaluating
multiple optimization strategies therefore provides a broader
assessment of the effectiveness of bOcOA within the pro-
posed pneumonia-classification framework.

4.5.4 Optimization Parameters
The optimization stage was conducted using a population-
based search strategy in which multiple candidate solutions
evolved iteratively during the feature-selection process. The
optimization configuration included the population size, max-
imum number of iterations, number of independent runs,
binary transfer mechanism, and randomization policy.

The population size was set to 30 candidate solutions in
order to maintain a balance between search diversity and com-
putational efficiency. The number of optimization iterations
was fixed at 100 iterations to provide sufficient search explo-
ration while avoiding excessive computational overhead. To
improve result reliability and reduce sensitivity to stochastic
behavior, the optimization process was executed across 30
independent runs.

Because OcOA operates originally within a continuous
search space, a binary conversion mechanism was required
for feature-selection representation. A sigmoid transfer func-
tion was therefore employed to map continuous position val-
ues into binary decisions corresponding to feature inclusion
or exclusion. The transfer mechanism enabled the optimizer
to operate effectively within the binary feature-selection do-
main.

The optimization process was initialized using randomly
generated populations at the beginning of each independent
run. The random seed was not fixed in order to evaluate the
stability and robustness of the optimization behavior across
multiple stochastic executions. This approach allows the re-
ported performance measures to reflect the general optimiza-
tion tendency rather than the outcome of a single deterministic
initialization.

4.6 ML Baseline Models After Feature Selection

After feature selection, the selected feature subsets were
evaluated using multiple machine-learning classifiers to as-
sess their discriminative capability across different learning
paradigms. Employing several baseline models provides a
broader understanding of feature quality because informative
representations should remain effective across both deep-
learning and conventional machine-learning approaches.

The selected features were evaluated using Convolutional
Neural Network (CNN), Neural Network or Multi-Layer Per-
ceptron (MLP), Gradient Boosting, K-Nearest Neighbors
(KNN), Naive Bayes, and Random Forest classifiers. These
models were selected because they represent distinct classifi-
cation strategies with different assumptions regarding feature
interactions, nonlinear representation learning, and decision-
boundary construction.

The CNN baseline used the architecture described previ-
ously in Section 4.4. The selected features were supplied to
the network for classification learning under the same pre-
processing and training conditions adopted throughout the
experimental framework. The MLP classifier consisted of
fully connected layers with nonlinear activation functions
and was trained using backpropagation-based optimization.
Gradient Boosting employed an ensemble-learning strategy
in which multiple weak learners were combined sequentially
to improve predictive performance. KNN performed instance-
based classification by assigning labels according to the near-
est neighboring feature vectors within the selected feature
space. Naive Bayes utilized probabilistic classification based
on conditional independence assumptions among features,
whereas Random Forest constructed an ensemble of deci-
sion trees using randomized feature selection and bootstrap
aggregation.

All baseline models were trained using the same feature
subsets generated by the feature-selection stage in order to
maintain a fair comparison framework. The training proce-
dure involved supervised learning using the training subset of
the dataset, while model evaluation was conducted using the
testing subset. The validation subset was used during model
development and configuration assessment where applicable.

The evaluation process employed multiple classification
metrics, including accuracy, sensitivity, specificity, positive
predictive value (PPV), negative predictive value (NPV), and
F-score. These metrics provide complementary insights into
classifier behavior and are particularly important in medi-
cal classification tasks where both false-negative and false-
positive predictions may have clinical implications. Sensitiv-
ity evaluates the ability of the classifier to correctly identify
pneumonia cases, whereas specificity measures the correct
identification of normal cases. PPV and NPV assess predic-
tive reliability, while F-score provides a balanced evaluation
of precision and recall behavior.

4.7 OcOA-Based Hyperparameter Optimization of CNN

After feature selection, the Ocotillo Optimization Algorithm
(OcOA) was employed to optimize the hyperparameters of the
convolutional neural network. Hyperparameter optimization
is an important stage in CNN-based medical image classifi-
cation because the learning behavior of the model depends
strongly on the configuration of its training and architectural
parameters. A manually selected configuration may provide
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acceptable performance, but it does not necessarily represent
the most suitable setting for the target dataset. For this reason,
OcOA was used to search for an improved CNN configura-
tion by exploring candidate hyperparameter combinations and
selecting the configuration that produced the most effective
classification behavior.

In the proposed framework, each OcOA candidate solution
represented a possible CNN hyperparameter configuration.
During the optimization process, the candidate configurations
were evaluated according to the classification performance ob-
tained by the corresponding CNN model. The optimizer then
updated its candidate solutions iteratively, with the objective
of identifying a configuration that improved pneumonia clas-
sification from chest X-ray images. This procedure allowed
the CNN to be adapted more effectively to the dataset rather
than relying only on a fixed manually defined architecture.

4.7.1 Optimized Hyperparameters
The CNN hyperparameters optimized by OcOA included
both training-related and architecture-related parameters. The
learning rate was optimized within the range 10−5 to 10−2,
allowing the search process to identify a suitable gradient-
update scale for stable convergence. The batch size was
selected from the candidate values {16,32,64}, which pro-
vided a practical balance between memory consumption and
training stability.

The number of convolutional filters was optimized using
the candidate values {32,64,128,256}. These values allowed
the optimizer to control the representational capacity of the
convolutional layers while avoiding an unnecessarily large
model. Kernel size was selected from {3×3,5×5}, enabling
the CNN to learn spatial patterns at different local receptive-
field scales. The number of dense units was selected from
{128,256,512}, allowing the fully connected component of
the network to adapt its representation capacity to the ex-
tracted deep features.

The dropout rate was optimized within the range 0.20 to
0.50. This range was used to regulate overfitting by con-
trolling the proportion of deactivated neurons during train-
ing. The candidate training optimizers included Adam, RM-
Sprop, and stochastic gradient descent (SGD), each of which
provides a different update strategy during gradient-based
learning. The number of training epochs was selected from
{25,50,75,100}, allowing OcOA to balance training dura-
tion and model convergence.

4.7.2 Search Space
Table 3 presents the CNN hyperparameter search space used
by OcOA. The table includes the optimized hyperparameters
and their corresponding candidate values or ranges. This
search space was designed to include the most influential
CNN configuration parameters while maintaining computa-
tional feasibility during optimization.

4.7.3 Competing Optimizer-CNN Models
To evaluate the effectiveness of OcOA-based CNN hyperpa-
rameter optimization, the proposed OcOA+CNN model was
compared with several optimizer-CNN combinations. The
competing models included Grey Wolf Optimizer with CNN
(GWO+CNN), Genetic Algorithm with CNN (GA+CNN),
Particle Swarm Optimization with CNN (PSO+CNN), and
Whale Optimization Algorithm with CNN (WOA+CNN).
These models were selected because they represent estab-

Table 3. CNN hyperparameter search space used by OcOA.

Hyperparameter Candidate values or range

Learning rate 10−5 to 10−2

Batch size 16,32,64
Number of convolutional
filters

32,64,128,256

Kernel size 3×3,5×5
Dropout rate 0.20 to 0.50
Dense units 128,256,512
Training optimizer Adam, RMSprop, SGD
Epochs 25,50,75,100

lished population-based optimization strategies that are com-
monly used for hyperparameter search and model configura-
tion tasks.

Each competing optimizer was applied to the CNN hy-
perparameter optimization problem using the same general
search-space design reported in Table 3. This ensured that
the comparison focused on the behavior of the optimization
algorithms rather than differences in the available hyperpa-
rameter choices. After optimization, each optimizer-CNN
model was evaluated using the same classification metrics,
namely accuracy, sensitivity, specificity, positive predictive
value (PPV), negative predictive value (NPV), and F-score.

The comparison between OcOA+CNN and the compet-
ing optimizer-CNN models provides an empirical basis for
assessing whether OcOA offers an effective search strategy
for configuring CNN models in the context of chest X-ray
pneumonia classification. By applying the same evaluation
protocol across all optimizer-CNN variants, the study main-
tains a consistent experimental setting for examining the con-
tribution of OcOA to CNN hyperparameter optimization.

5. EXPERIMENTAL SETUP

This section describes the computational environment, train-
ing configuration, evaluation criteria, and reporting strategy
adopted in the experimental framework. The objective of the
experimental setup is to ensure that the proposed method-
ology can be reproduced and evaluated under a consistent
and transparent configuration. Because the study integrates
convolutional neural networks, feature-selection procedures,
and metaheuristic optimization algorithms within a unified
framework, careful specification of the implementation en-
vironment and evaluation protocol is necessary to support
reliable comparison among the investigated models.

5.1 Software and Hardware

The experimental framework was implemented using Python
3.10 because of its extensive ecosystem for machine learning,
deep learning, numerical computation, and medical image
analysis. Deep-learning operations associated with the convo-
lutional neural network architecture were implemented using
TensorFlow and Keras, while conventional machine-learning
models were implemented using the scikit-learn library. Nu-
merical computations and matrix operations were handled
using the NumPy library, whereas image preprocessing and
image-loading operations were performed using OpenCV and
the Python Imaging Library (PIL).

The experiments were executed using a workstation
equipped with an Intel Core i7 processor, an NVIDIA RTX-
series graphics processing unit (GPU), and 32 GB of RAM.
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GPU acceleration was employed to reduce CNN training
time and support the iterative optimization procedures associ-
ated with OcOA-based hyperparameter tuning. The computa-
tional environment therefore provided sufficient resources for
deep-learning training, feature extraction, feature-selection
optimization, and baseline-model evaluation within a unified
experimental framework.

Table 4 summarizes the software and hardware configura-
tion used in this study.

Table 4. Software and hardware environment used in the experi-
ments.

Component Specification

Programming language Python 3.10
Deep-learning framework TensorFlow / Keras
Machine-learning library scikit-learn
Numerical computation library NumPy
Image-processing libraries OpenCV, PIL
CPU Intel Core i7
GPU NVIDIA RTX-series GPU
RAM 32 GB

5.2 Training Configuration

The dataset organization followed the original train, test, and
validation structure provided by the dataset repository. The
training subset was used for CNN learning, feature extraction,
and optimization procedures. The validation subset was used
during model development and hyperparameter optimization
to monitor training behavior and reduce the risk of overfit-
ting. The testing subset was reserved for final evaluation and
comparative performance assessment.

The CNN training process was performed using a batch
size of 32 and a maximum training duration of 100 epochs.
These settings provide a balance between computational effi-
ciency and learning stability during deep-network optimiza-
tion. Binary cross-entropy was employed as the loss function
because the classification problem addressed in this study
involves two diagnostic classes, namely Normal and Pneumo-
nia. The Adam optimization algorithm was used during CNN
training because of its adaptive learning-rate mechanism and
stable convergence behavior in deep-learning applications.

To improve training stability and reduce unnecessary train-
ing iterations, an early-stopping mechanism was incorporated
into the learning process. The early-stopping procedure mon-
itored the validation loss during training and terminated the
learning process when no improvement was observed for 10
consecutive epochs. This strategy reduces the likelihood of
overfitting while preserving the model state associated with
the best validation behavior.

Table 5 summarizes the CNN training configuration used
throughout the experiments.

5.3 Evaluation Metrics

The proposed framework was evaluated using several classifi-
cation metrics commonly employed in medical image analy-
sis and binary diagnostic classification. Multiple evaluation
measures were adopted because a single metric may not fully
capture the predictive behavior of a medical classification
system. In particular, medical diagnosis requires balanced
evaluation of both positive and negative predictions because
false-negative and false-positive outcomes may have impor-

Table 5. CNN training configuration used in the experiments.

Parameter Configuration

Dataset split Training / Validation / Testing
Batch size 32
Maximum epochs 100
Loss function Binary cross-entropy
Training optimizer Adam
Early stopping Enabled
Patience 10 epochs
Monitoring criterion Validation loss

tant clinical implications.
Accuracy measures the proportion of correctly classified

samples relative to the total number of samples and is defined
as follows:

Accuracy =
T P+T N

T P+T N +FP+FN
(1)

where T P represents true positives, T N represents true
negatives, FP represents false positives, and FN represents
false negatives.

Sensitivity, also referred to as the true positive rate (TPR)
or recall, evaluates the ability of the classifier to correctly
identify pneumonia cases. Sensitivity is defined as:

Sensitivity =
T P

T P+FN
(2)

Specificity, also referred to as the true negative rate (TNR),
measures the ability of the classifier to correctly identify
normal cases. Specificity is computed as:

Specificity =
T N

T N +FP
(3)

Positive predictive value (PPV), commonly referred to as
precision, evaluates the reliability of positive predictions and
is defined as:

PPV =
T P

T P+FP
(4)

Negative predictive value (NPV) measures the reliability
of negative predictions and is defined as:

NPV =
T N

T N +FN
(5)

The F-score provides a balanced evaluation of precision
and recall behavior and is defined as:

F-score =
2×PPV×Sensitivity

PPV+Sensitivity
(6)

These evaluation metrics collectively provide a comprehen-
sive assessment of classifier behavior in pneumonia detection.
Accuracy reflects overall predictive correctness, sensitivity
evaluates pneumonia-case detection capability, specificity
measures normal-case recognition capability, while PPV,
NPV, and F-score provide additional insight into predictive
reliability and classification balance.

5.4 Reporting Protocol

The experimental findings are organized into three primary re-
sult groups in order to maintain a structured and interpretable
presentation framework. The first group reports the feature-
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Table 6. Feature-selection performance comparison among binary optimization algorithms.

Metric bOcOA bGWO bPSO bSFS bWOA bMVO bSBO bGA

Average error 0.523417 0.540617 0.574417 0.584017 0.574217 0.551117 0.582717 0.554217
Average Select size 0.476217 0.676217 0.676217 0.815617 0.839617 0.772717 0.846517 0.618617
Average Fitness 0.586617 0.602817 0.601217 0.624117 0.609017 0.630917 0.640917 0.614217
Best Fitness 0.488417 0.523117 0.581517 0.513817 0.573117 0.556117 0.584017 0.517517
Worst Fitness 0.586917 0.590017 0.649217 0.615417 0.649217 0.674117 0.663717 0.632617
Standard deviation Fitness 0.408917 0.413617 0.413017 0.422917 0.415217 0.463717 0.473917 0.415217

selection results obtained using binary OcOA and the com-
peting binary optimization algorithms. These results evaluate
the effectiveness of the optimization algorithms in selecting
compact and informative feature subsets.

The second group presents the machine-learning baseline
results obtained after feature selection. In this stage, the
selected feature subsets are evaluated using CNN and con-
ventional machine-learning classifiers in order to examine the
discriminative quality of the optimized representations across
multiple classification paradigms.

The third group reports the CNN hyperparameter opti-
mization results obtained using OcOA and the competing
optimizer-CNN frameworks. These results assess the contri-
bution of metaheuristic optimization to CNN configuration
and final pneumonia-classification behavior.

The Results section focuses on direct reporting of the ex-
perimental findings through tables and concise textual ob-
servations. Numerical interpretation and broader analytical
discussion are reserved primarily for the Discussion section in
order to maintain a clear separation between empirical report-
ing and interpretive analysis. This reporting strategy follows
standard academic writing practices commonly adopted in
Springer journal manuscripts, where the Results section em-
phasizes presentation of findings while the Discussion section
focuses on interpretation, implications, and contextual analy-
sis.

6. RESULTS

This section presents the experimental findings obtained from
the proposed pneumonia-classification framework. The re-
sults are reported in three stages. First, the feature-selection
performance of binary OcOA is compared with the competing
binary optimization algorithms. Second, the selected feature
subset is evaluated using CNN and conventional machine-
learning baseline models. Third, the optimized CNN models
are compared to assess the effect of OcOA-based hyperpa-
rameter optimization. The interpretation of these findings is
reserved for the Discussion section, while this section focuses
on direct empirical reporting.

6.1 Feature-Selection Results

The feature-selection stage evaluated the ability of binary op-
timization algorithms to identify informative feature subsets
from the extracted deep representations. Table 6 reports the
feature-selection performance of binary Ocotillo Optimiza-
tion Algorithm (bOcOA) and the competing binary optimiz-
ers, including binary Grey Wolf Optimizer (bGWO), binary
Particle Swarm Optimization (bPSO), binary Stochastic Frac-
tal Search (bSFS), binary Whale Optimization Algorithm
(bWOA), binary Multiverse Optimization (bMVO), binary
Satin Bowerbird Optimizer (bSBO), and binary Genetic Al-
gorithm (bGA).

As shown in Table 6, bOcOA produced the lowest average
error among the reported methods. It also produced the small-
est average selected feature size, indicating that the selected
subset retained fewer features than the subsets generated by
the competing binary optimizers. The best fitness value re-
ported for bOcOA was 0.488417. No statistical significance
claim is made because statistical testing results are not re-
ported in the present experiment.

The tabular feature-selection results in Table 6 are fur-
ther supported by the visual summaries in Figs. 2–4. These
figures provide complementary views of the same feature-
selection stage by showing the metric distribution pattern,
inter-algorithm similarity, and average selected feature size
across the competing binary optimizers.

Figure 2. Violin plot of feature-selection algorithm performance
across the reported metrics. The figure visualizes the distribution
of metric values for bOcOA, bGWO, bPSO, bSFS, bWOA, bMVO,
bSBO, and bGA.

Figure 2 presents the distribution of the reported perfor-
mance metrics for each binary optimization algorithm. The
violin plot provides a compact view of how the metric values
are spread for each method, allowing the relative behavior of
the algorithms to be inspected beyond a single scalar value.
In this visualization, bOcOA shows a comparatively lower
central tendency for the reported values, which is consistent
with its lower average error and smaller selected feature size
in Table 6. The plot also shows that the competing algo-
rithms exhibit broadly similar value ranges, although their
distributions differ in center and spread across the reported
metrics. This visual pattern supports the observation that
bOcOA achieved a more compact feature-selection behav-
ior while maintaining competitive metric values across the
evaluated criteria.

Figure 3 shows the correlation structure among the bi-
nary optimization algorithms based on their reported feature-
selection metrics. The heatmap indicates a high degree of
similarity among several algorithms, with correlation values
close to one for many pairwise comparisons. This suggests
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Figure 3. Correlation heatmap of binary optimization algorithms
based on the reported feature-selection metrics. The figure sum-
marizes pairwise similarity among bOcOA, bGWO, bPSO, bSFS,
bWOA, bMVO, bSBO, and bGA.

that the algorithms follow broadly similar performance trends
across the selected metrics, although their absolute values dif-
fer. The comparatively lower correlations involving bOcOA
and some competing algorithms reflect the distinct feature-
selection profile observed for bOcOA, particularly its smaller
average selected feature size and lower average error. The
heatmap therefore complements Table 6 by showing that the
differences among algorithms are not only reflected in indi-
vidual metric values but also in the overall pattern of metric
behavior.

Figure 4. Average selected feature size comparison across the
evaluated binary optimization algorithms. The figure highlights the
compactness of the feature subset selected by bOcOA relative to the
competing binary optimizers.

Figure 4 compares the average selected feature size across
the evaluated binary optimization algorithms. This figure is
particularly relevant because feature selection aims not only
to preserve classification-related information but also to re-
duce the dimensionality of the selected representation. As
shown in the bar chart, bOcOA selected the smallest average
feature subset among the reported algorithms, followed by
bGA, bPSO, and bGWO. By contrast, bSBO, bWOA, and
bSFS retained larger average feature subsets. The visual com-
parison reinforces the numerical values reported in Table 6,
where bOcOA achieved an average selected size of 0.476217.
This finding indicates that bOcOA produced the most com-
pact selected representation among the compared methods,
although no claim regarding reduced inference time is made
because runtime measurements were not reported.

6.2 ML Baseline Results After Feature Selection

After feature selection, the selected feature subset was eval-
uated using CNN and conventional machine-learning base-
line models. Table 7 presents the classification results ob-
tained after feature selection using Convolutional Neural
Network (CNN), Neural Network or Multi-Layer Percep-
tron (MLP), Gradient Boosting, K-Nearest Neighbors (KNN),
Naive Bayes, and Random Forest classifiers.

Table 7 presents the classification performance of the base-
line models after applying feature selection. CNN achieved
the highest accuracy and F-score among the listed baseline
models. Random Forest achieved the lowest accuracy among
the reported baseline models. The strongest baseline speci-
ficity was also obtained by CNN.

The baseline-model results reported in Table 7 are further
illustrated through the distributional and clustering visual-
izations shown in Figs. 5–7. These figures provide com-
plementary perspectives on the behavior of the evaluated
machine-learning models after feature selection by examin-
ing metric density distributions, cumulative metric behavior,
and inter-metric similarity structures.

Figure 5 presents kernel density estimation (KDE) plots
for the reported evaluation metrics across the baseline models.
The density curves summarize the concentration and spread of
the metric values associated with accuracy, sensitivity, speci-
ficity, positive predictive value (PPV), negative predictive
value (NPV), and F-score. The plots show that the evaluated
models generally produced metric distributions concentrated
within relatively high-performance regions, particularly for
sensitivity and F-score. The specificity distribution exhibits
comparatively broader variation, which is consistent with the
numerical results reported in Table 7, where specificity values
differed more noticeably across the evaluated classifiers. The
KDE visualization therefore highlights the relative stability
of some metrics while also illustrating the variability associ-
ated with normal-case recognition performance among the
baseline models.

Figure 6 shows the cumulative distribution behavior of
the reported evaluation metrics across the baseline models.
The histograms include the mean value, median value, and
standard-deviation boundaries for each metric. The visual dis-
tributions demonstrate that several metrics, particularly sensi-
tivity and F-score, are concentrated within narrow intervals,
indicating relatively consistent behavior across the evaluated
models. By contrast, specificity and negative predictive value
exhibit comparatively broader distributions, reflecting greater
variation among the classifiers in distinguishing normal chest
X-ray images from pneumonia cases. The cumulative distri-
butions also show that the CNN baseline is positioned within
the upper range of the reported metric distributions, which
is consistent with the higher accuracy and F-score values
reported previously.

Figure 7 presents a cluster map of the baseline-model per-
formance metrics after feature selection. The cluster visual-
ization groups related metric behaviors according to similarity
patterns across the evaluated classifiers. The heatmap and
associated dendrogram structure indicate that sensitivity and
negative predictive value exhibit relatively similar clustering
behavior, while specificity and positive predictive value form
distinct grouping patterns. This observation reflects the inter-
action between pneumonia-case recognition and normal-case
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Table 7. Classification performance of ML baselines after feature selection.

Model Accuracy Sensitivity (TPR) Specificity (TNR)

CNN 0.94985 0.955898387096774 0.929016666666667
Neural Network (MLP) 0.92985 0.952672580645161 0.851238888888889
Gradient Boosting 0.91985 0.93976935483871 0.851238888888889
K-Nearest Neighbors 0.91735 0.949446774193548 0.806794444444445
Naive Bayes 0.91485 0.952672580645161 0.784572222222222
Random Forest 0.88985 0.933317741935484 0.740127777777778

Model PPV NPV F-score

CNN 0.952703697749196 0.93987808988764 0.95429847020934
Neural Network (MLP) 0.930804258675079 0.926205421686747 0.9416163476874
Gradient Boosting 0.930401118210863 0.881890229885058 0.935062680577849
K-Nearest Neighbors 0.9186 0.91235 0.933778571428572
Naive Bayes 0.91281439628483 0.923388961038961 0.93233420221169
Random Forest 0.900044704049844 0.848425949367089 0.916391204437401

Figure 5. Kernel density estimation plots for the evaluation metrics obtained by the baseline models after feature selection. The figure
summarizes the metric distributions for accuracy, sensitivity, specificity, positive predictive value, negative predictive value, and F-score
across the evaluated classifiers.

recognition across the investigated models. The cluster map
also illustrates that the evaluation metrics are not completely
independent; instead, several metrics exhibit correlated behav-
ior patterns across the baseline classifiers. Such visualization
complements the tabular results by highlighting structural
relationships among the reported performance measures.

6.3 Hyperparameter Optimization Results

The final stage evaluated CNN models optimized using dif-
ferent metaheuristic algorithms. Table 8 reports the classi-
fication performance of the optimized CNN models, includ-
ing OcOA+CNN, GWO+CNN, GA+CNN, PSO+CNN, and
WOA+CNN.

As reported in Table 8, OcOA+CNN achieved the high-
est accuracy, sensitivity, specificity, PPV, NPV, and F-score

among the reported optimizer-CNN models. The best re-
ported accuracy was 0.989939, obtained by OcOA+CNN.
The best reported F-score was 0.99438747020934, also ob-
tained by OcOA+CNN.

The optimizer-CNN results reported in Table 8 are further
examined through the visual summaries in Figs. 8–10. These
figures provide complementary views of the optimized model
behavior by illustrating metric dispersion, model-wise met-
ric trends, and the cumulative contribution of the reported
evaluation measures across the competing optimizer-CNN
frameworks.

Figure 8 presents histograms with mean and standard-
deviation indicators for the evaluation metrics obtained by
the optimized CNN models. The figure summarizes the distri-
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Figure 6. Cumulative distribution plots for the evaluation metrics obtained by the baseline models after feature selection. The figure includes
mean, median, and standard-deviation boundaries for each reported metric.

Table 8. Classification performance of optimizer-CNN models.

Model Accuracy Sensitivity (TPR) Specificity (TNR)

OcOA+CNN 0.989939 0.995987387096774 0.969105666666667
GWO+CNN 0.969939 0.992761580645161 0.891327888888889
GA+CNN 0.959939 0.97985835483871 0.891327888888889
PSO+CNN 0.957439 0.989535774193548 0.846883444444445
WOA+CNN 0.954939 0.992761580645161 0.824661222222222

Model PPV NPV F-score

OcOA+CNN 0.992792697749196 0.979967089887641 0.99438747020934
GWO+CNN 0.970893258675079 0.966294421686747 0.9817053476874
GA+CNN 0.970490118210863 0.921979229885058 0.975151680577849
PSO+CNN 0.958689 0.952439 0.973867571428572
WOA+CNN 0.95290339628483 0.963477961038961 0.97242320221169

Figure 7. Cluster map of the evaluation metrics obtained by the
baseline models after feature selection. The figure illustrates simi-
larity relationships among the reported metrics across the evaluated
classifiers.

bution of accuracy, sensitivity, specificity, positive predictive
value (PPV), negative predictive value (NPV), and F-score
across OcOA+CNN, GWO+CNN, GA+CNN, PSO+CNN,
and WOA+CNN. The histograms show that sensitivity values

are concentrated within a narrow high-performance interval,
whereas specificity displays wider variation among the opti-
mized models. This pattern is consistent with Table 8, where
the optimized models generally achieved high pneumonia-
case detection capability, while normal-case recognition dif-
fered more substantially across optimizers.

Figure 9 shows the metric trends across the optimized
CNN models using line plots with confidence-interval-style
bands. The visualization allows direct inspection of how each
metric changes from one optimizer-CNN framework to an-
other. OcOA+CNN appears at the upper end of the plotted
metric trajectories for the reported performance measures,
which agrees with the values presented in Table 8. The line
plot also highlights that sensitivity remains consistently high
across the optimized models, whereas specificity declines
more clearly for several competing optimizers. This differ-
ence indicates that the main variability among the optimized
CNN models is associated more with normal-case recognition
than pneumonia-case detection.

Figure 10 presents a stacked bar chart of the reported evalu-
ation metrics for each optimized CNN model. This visualiza-
tion provides an aggregate view of the metric profile associ-
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Figure 8. Histograms with mean and standard-deviation indicators for the evaluation metrics obtained by the optimized CNN models. The
figure summarizes the distributions of accuracy, sensitivity, specificity, positive predictive value, negative predictive value, and F-score across
the optimizer-CNN frameworks.

Figure 9. Line plot with confidence-interval-style bands for the
evaluation metrics across the optimized CNN models. The figure
illustrates model-wise trends for accuracy, sensitivity, specificity,
positive predictive value, negative predictive value, and F-score.

Figure 10. Stacked bar chart of the evaluation metrics for the opti-
mized CNN models. The figure provides an aggregate comparison
of accuracy, sensitivity, specificity, positive predictive value, nega-
tive predictive value, and F-score across OcOA+CNN, GWO+CNN,
GA+CNN, PSO+CNN, and WOA+CNN.

ated with each optimizer-CNN framework. The OcOA+CNN
bar has the largest combined metric height among the com-
pared models, reflecting its stronger overall performance pro-

file in Table 8. The figure also shows that the difference
among optimizer-CNN models is not driven by a single met-
ric alone; rather, the relative advantage of OcOA+CNN is
supported by consistently high values across the reported
evaluation measures. This visual summary reinforces the
tabular finding that OcOA-based CNN hyperparameter op-
timization produced the strongest optimized classification
behavior within the evaluated experimental setting.

6.4 Summary of Main Empirical Findings

The empirical findings reported in Tables 6–8 show a con-
sistent pattern across the three experimental stages. In the
feature-selection comparison, bOcOA produced the smallest
selected feature ratio and the lowest average error among
the reported binary optimization algorithms. In the baseline
classification stage, CNN was the strongest model after fea-
ture selection according to the reported accuracy and F-score.
In the hyperparameter optimization stage, OcOA+CNN was
the strongest optimized model across all reported evaluation
metrics.

The optimized OcOA+CNN model also improved over the
CNN baseline after feature selection in terms of accuracy and
F-score. These findings provide the empirical basis for the
interpretive discussion presented in the following section.

7. DISCUSSION

This section discusses the implications of the experimental
findings obtained from the proposed OcOA-CNN framework
for pneumonia classification from chest X-ray images. The
discussion focuses on the behavior of the feature-selection
process, the classification performance of the baseline models,
the contribution of OcOA-based hyperparameter optimization,
and the broader practical and methodological implications
of the study. The interpretation is restricted to the experi-
mental evidence reported in the Results section and does not
extend to unsupported claims beyond the evaluated dataset
and experimental configuration.
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7.1 Interpretation of Feature-Selection Results

The feature-selection results indicate that binary Ocotillo
Optimization Algorithm (bOcOA) produced the smallest av-
erage selected feature size among the investigated binary
optimization algorithms. This observation is important be-
cause high-dimensional feature spaces extracted from con-
volutional neural networks frequently contain redundant or
weakly informative representations. Retaining unnecessarily
large feature subsets may complicate the learning process and
increase the dimensionality of the classification space without
contributing additional discriminative value.

The ability of bOcOA to select a comparatively smaller
feature subset suggests that the optimization process was ca-
pable of identifying compact representations while preserving
classification-related information. A reduced feature subset
may improve the interpretability and manageability of the
learned representation space by limiting the inclusion of over-
lapping or less informative features. In addition, compact
feature subsets may reduce the computational burden asso-
ciated with model training and optimization because fewer
feature dimensions are processed during classification. How-
ever, no explicit inference-time measurements or runtime-
complexity analyses were conducted in the present study;
therefore, claims regarding reductions in inference latency or
computational speed are intentionally avoided.

The reported average error values also indicate that the
feature subsets generated by bOcOA preserved discrimi-
native information effectively relative to the competing bi-
nary optimization algorithms. Because feature selection was
performed on deep features extracted from the CNN repre-
sentation layer, the optimization process operated within a
high-dimensional and nonlinear representation space. The
observed behavior of bOcOA therefore suggests that the
optimizer was capable of balancing feature reduction with
classification-oriented feature preservation.

Another notable observation concerns the relative behavior
of the competing binary optimization algorithms. Algorithms
such as bSFS, bWOA, and bSBO produced larger average
selected feature sizes than bOcOA, which may indicate a
tendency toward retaining broader feature subsets during
the search process. Similarly, the reported fitness values
demonstrate variability across the investigated algorithms,
reflecting differences in their exploration and exploitation
behaviors during optimization. Since the present work does
not include convergence analysis or statistical significance
testing, the interpretation remains limited to the empirical
patterns observed in the reported results.

7.2 Interpretation of ML Baseline Results

The machine-learning baseline evaluation demonstrates that
CNN achieved the strongest classification performance
among the investigated baseline models after feature selection.
This behavior is consistent with the characteristics of convo-
lutional neural networks in medical image analysis because
CNNs are specifically designed to preserve and learn spatial
relationships within image data. Even when feature selection
is incorporated, CNN-based architectures remain effective in
capturing hierarchical radiographic patterns associated with
pulmonary abnormalities.

Traditional machine-learning classifiers such as Random
Forest, K-Nearest Neighbors (KNN), Gradient Boosting, and

Naive Bayes generally operate on vectorized feature represen-
tations and do not inherently preserve spatial image structure
in the same manner as CNNs. Consequently, these classifiers
may become more dependent on the discriminative quality
of the extracted feature vectors and less capable of capturing
subtle local spatial dependencies associated with pneumonia-
related opacification patterns.

The Multi-Layer Perceptron (MLP) produced compara-
tively strong performance among the conventional machine-
learning models, which may be attributed to its nonlinear
representation-learning capability through fully connected
neural processing. Nevertheless, its performance remained
below that of CNN, suggesting that the convolutional opera-
tions and spatial feature extraction mechanisms within CNN
contributed additional representational advantages for chest
X-ray classification.

Gradient Boosting also demonstrated competitive behavior
relative to the other classical models. Ensemble-learning ap-
proaches often perform effectively in structured classification
tasks because they combine multiple weak learners iteratively.
However, the obtained metrics indicate that the Gradient
Boosting classifier remained less effective than CNN-based
learning in the present experimental setting.

KNN produced relatively strong sensitivity values, sug-
gesting that the selected feature subsets preserved meaningful
neighborhood relationships among the samples. However, the
lower specificity values indicate that the classifier was com-
paratively less effective in distinguishing normal chest X-ray
images from pneumonia cases. Because KNN classification
depends heavily on local distance relationships in the feature
space, the classifier may be more sensitive to overlapping
class distributions within high-dimensional medical-image
representations.

Naive Bayes produced competitive sensitivity performance
but lower specificity compared with CNN and MLP. Since
Naive Bayes assumes conditional independence among fea-
tures, its classification capability may become constrained
when complex nonlinear dependencies exist between deep
radiographic representations. Chest X-ray images often con-
tain interdependent spatial patterns, and such dependencies
may not be fully captured through probabilistic independence
assumptions.

Random Forest achieved the lowest reported accuracy
among the investigated baseline models. Although Random
Forest is generally robust in many classification applications,
the observed behavior in the present study suggests that the
selected deep feature representations may be more effectively
exploited through neural-network-based architectures than
through tree-based ensemble classification.

7.3 Interpretation of Hyperparameter Optimization Results

The hyperparameter optimization results indicate that the
OcOA-optimized CNN model achieved improved classi-
fication performance relative to the non-optimized CNN
baseline. Specifically, the classification accuracy increased
from 0.94985 to 0.989939, while the F-score increased
from 0.95429847020934 to 0.99438747020934. Simi-
larly, specificity increased from 0.929016666666667 to
0.969105666666667 following OcOA-based optimization.

These improvements suggest that the optimization process
contributed positively to the CNN configuration by identi-
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fying more suitable hyperparameter combinations for the
pneumonia-classification task. Hyperparameters such as
learning rate, batch size, number of filters, and dropout con-
figuration strongly influence learning dynamics, convergence
stability, and representation quality within deep-learning mod-
els. Consequently, automated optimization strategies may
improve the ability of the CNN to adapt to the statistical
structure of chest X-ray images.

The increase in sensitivity is particularly relevant in pneu-
monia detection because false-negative predictions corre-
spond to pneumonia cases that remain undetected by the
classification system. In clinical screening scenarios, missed
pneumonia cases may delay treatment or additional medical
evaluation. Therefore, maintaining high sensitivity is impor-
tant when designing automated diagnostic-support systems.

Specificity is also clinically relevant because false-positive
predictions may increase unnecessary follow-up examina-
tions or additional diagnostic procedures for healthy indi-
viduals. The observed improvement in specificity therefore
indicates that the optimized CNN model was more effective
in distinguishing between normal chest X-ray images and
pneumonia-related abnormalities within the studied dataset.

The improvement in F-score further indicates that the op-
timization process improved the balance between precision
and recall behavior. Since the F-score incorporates both pre-
dictive precision and sensitivity, higher values suggest more
balanced classification behavior across the two diagnostic
categories.

7.4 Comparison with Competing Optimizer-CNN Models

The optimizer-CNN comparison demonstrates that
OcOA+CNN achieved higher reported performance metrics
than GWO+CNN, GA+CNN, PSO+CNN, and WOA+CNN
within the evaluated experimental setting. According to the
reported results, OcOA+CNN produced the highest accuracy,
sensitivity, specificity, PPV, NPV, and F-score among the
investigated optimizer-CNN frameworks.

GWO+CNN produced the second-highest reported accu-
racy and F-score values among the compared models. This
behavior suggests that Grey Wolf Optimizer-based hyperpa-
rameter search also provided effective CNN configurations
for the chest X-ray classification task. Nevertheless, the met-
rics reported for OcOA+CNN remained higher across all
reported evaluation measures.

GA+CNN and PSO+CNN also demonstrated strong clas-
sification capability, although their specificity and F-score
values remained below those obtained by OcOA+CNN. These
observations suggest differences in the optimization behavior
of the investigated metaheuristic algorithms when exploring
the CNN hyperparameter search space.

WOA+CNN achieved comparatively high sensitivity val-
ues but lower specificity relative to OcOA+CNN. This pattern
indicates that the model retained strong pneumonia-detection
capability but produced more false-positive predictions com-
pared with the OcOA-optimized model.

It is important to emphasize that the present comparison is
limited strictly to the optimizer-CNN frameworks evaluated
in this study. No direct comparison with external state-of-the-
art methods is performed because external benchmark results,
implementation details, and evaluation protocols were not
incorporated into the current experimental framework.

7.5 Practical Implications

The proposed OcOA-CNN framework may provide practi-
cal value as a computer-aided decision-support approach for
chest X-ray screening. Automated pneumonia-detection sys-
tems may assist clinicians by providing rapid preliminary
assessments and supporting diagnostic workflows in envi-
ronments where radiological expertise is limited or imaging
workloads are high.

The integration of feature selection and hyperparameter
optimization within a unified framework may also contribute
to improving automated classification quality on the studied
dataset. By combining CNN-based representation learning
with optimization-driven feature and parameter selection, the
framework attempts to address both representation quality
and model configuration simultaneously.

Despite these observations, clinical deployment of the pro-
posed framework would require substantially broader valida-
tion. External evaluation on independent datasets collected
from different medical centers and imaging devices would
be necessary to assess generalization capability. In addition,
calibration analysis and prospective clinical evaluation would
be required before considering deployment in real-world di-
agnostic settings.

7.6 Threats to Validity

Several factors may influence the validity and generalizability
of the findings reported in this study.

7.6.1 Internal Validity
The optimization and training procedures employed in this
study involve stochastic initialization processes. Conse-
quently, the obtained results may be partially sensitive to
random initialization conditions, optimization trajectories,
and data-ordering effects during training. Although multiple
optimization runs were conducted during feature selection,
random seeds were not fixed throughout the experiments.
Future studies should explicitly report seed-control strate-
gies and investigate result stability across multiple controlled
executions.

7.6.2 External Validity
The dataset used in this study consists of pediatric chest X-ray
images collected from a specific medical institution. As a
result, the reported findings may not necessarily generalize
to adult populations, alternative imaging protocols, or radio-
graphs collected from other hospitals and imaging devices.
Differences in patient demographics, acquisition conditions,
and radiographic quality may affect the behavior of machine-
learning models trained on a single-source dataset. Exter-
nal validation using independent multi-institutional datasets
would therefore be necessary to evaluate broader generaliza-
tion capability.

7.6.3 Construct Validity
The experimental formulation adopted in this study focuses
on binary classification between normal and pneumonia cases.
Although the dataset documentation discusses bacterial and
viral pneumonia patterns, these subtypes were not treated
as separate experimental classes in the present framework.
Consequently, the reported results should not be interpreted as
evidence of subtype-level pneumonia classification capability.
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7.6.4 Statistical Validity
The present study reports empirical classification metrics
without performing formal statistical significance testing.
Consequently, the observed performance differences among
the investigated optimization algorithms and classifier config-
urations should not be interpreted as statistically significant
improvements. Future work should incorporate statistical
validation procedures such as Wilcoxon signed-rank testing,
Friedman testing, or paired t-tests in order to support stronger
comparative conclusions.

8. LIMITATIONS

Several limitations should be acknowledged when interpret-
ing the findings of this study. First, the dataset contains only
two experimental classes, namely Normal and Pneumonia.
Although this binary formulation is useful for evaluating
pneumonia detection, it does not capture the broader diversity
of pulmonary diseases encountered in clinical practice.

Second, the dataset consists of pediatric chest X-ray images
collected from a specific medical source. Consequently, the
findings reported in this study may not generalize directly to
adult populations or to radiographs obtained from different
imaging environments and healthcare institutions.

Third, external validation using independent datasets was
not included in the present experimental framework. The
reported findings are therefore limited to the evaluated dataset
and should not be interpreted as evidence of generalized
clinical deployment capability.

Fourth, runtime analysis, convergence-time evaluation, and
inference-latency measurements were not included in the cur-
rent study. Although feature selection may reduce representa-
tion dimensionality, the present work does not provide direct
evidence regarding computational acceleration or real-time
deployment efficiency.

Fifth, statistical significance testing was not performed.
Therefore, the observed differences between the investigated
optimization algorithms and classifier configurations should
be interpreted as empirical observations rather than statisti-
cally validated superiority claims.

Finally, reproducibility depends strongly on detailed re-
porting of architectural and optimization settings. Although
the present work provides the CNN configuration and OcOA
search-space design used in the experiments, future studies
may further strengthen reproducibility through open-source
implementation release and controlled seed reporting.

9. CONCLUSION

This paper evaluated an OcOA-CNN framework for pneu-
monia detection from chest X-ray images using deep feature
selection and CNN hyperparameter optimization. The pro-
posed framework integrated convolutional neural network-
based representation learning with the Ocotillo Optimization
Algorithm in two principal stages: feature selection and hy-
perparameter optimization.

In the feature-selection stage, binary Ocotillo Optimization
Algorithm (bOcOA) achieved the lowest reported average
error and the smallest average selected feature size among the
investigated binary optimization algorithms. These observa-
tions suggest that bOcOA was capable of generating compact
feature subsets while preserving classification-related infor-
mation extracted from chest X-ray images.

The selected feature subsets were subsequently evalu-
ated using CNN and conventional machine-learning baseline
models. Among the investigated baseline classifiers, CNN
achieved the strongest reported classification performance ac-
cording to the evaluated metrics. This behavior is consistent
with the ability of convolutional neural networks to preserve
spatial image information and learn hierarchical radiographic
representations relevant to pneumonia classification.

In the hyperparameter optimization stage, OcOA+CNN
achieved the highest reported classification performance
among the investigated optimizer-CNN frameworks. The op-
timized model achieved an accuracy of 0.989939, sensitivity
of 0.995987387096774, specificity of 0.969105666666667,
and F-score of 0.99438747020934. These findings indicate
that OcOA-based optimization contributed positively to CNN
configuration within the evaluated experimental setting.

Future research directions may include external validation
using independent multi-institutional datasets, incorporation
of statistical significance testing, runtime and convergence
analysis, and evaluation of multi-class pneumonia classifica-
tion scenarios if subtype annotations become available. Addi-
tional investigation into explainable artificial intelligence tech-
niques and clinically interpretable feature analysis may also
improve the practical applicability of optimization-guided
deep-learning frameworks for medical image analysis.
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