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(" Abstract )
One of the significant global health issues is lung diseases, and they are one of the top causes of morbidity and mortality around the
world. Effective diagnosis is important to optimally treat patients, thus improving their prognosis. Chest X-rays, due to their cost,
speed, and accessibility, are commonly used to identify abnormal pulmonary presentations. However, there are many overlapping
anatomical structures, subtle signs of disease, and other similarities among different thoracic abnormalities, making manual
examination of CXR images a challenge. To handle these challenges, this research proposes an innovative deep learning-based
approach using chest X-ray images for multiclass classification of lung diseases. The proposed approach uses MobileNet+Adam
optimizer in conjunction with a seven convolutional layer (CNN7) feature extraction block for enhanced learning of disease related
features, thereby improving classification accuracy. A balanced dataset of 7,446 chest X-ray images consisting of three classes:
pneumonia, normal, and pleural thickening was used to train and evaluate the proposed multiclass classification approach.
Additionally, a wise comparison of seven different optimization algorithms (e.g., Adam, SGD, and RMSProp) was performed. The
performance of the proposed multiclass classification approach was assessed using F1 score, accuracy, recall, precision, confusion
matrix, and AUC. The results showed that the MobileNet+Adam optimizer (with 7 layers of convolution) produced the best overall
performance, resulting in respective AUC values of 0.9473 for normal, 0.9996 for pneumonia, and 0.9474 for pleural thickening.
Furthermore, comparison with previously published multiclass classification methods confirmed that the proposed deep learning
multiclass classification approach outperformed baseline models and previous methods in the literature. The findings indicate that
the proposed methodology using a MobileNet+Adam optimizer with 7 convolutional layers provides a robust, accurate, and
computationally efficient solution for automated multiclass lung disease classification and has significant potential for incorporation
into intelligent computer aided diagnostic systems for clinical decision support.

Keywords: Deep Learning, Chest X-ray, Multiclass Classification, MobileNet, Convolutional Neural Network (CNN), Pneumonia,
Pleural Thickening, Computer-Aided Diagnosis, Adam Optimizer

1. Introduction

Many patients suffer from respiratory diseases every year (around 3 million each year), which leads to
many complications and ultimately death. Therefore, there is an urgent need for accurate diagnosis and
treatment of these diseases so that the patient will not suffer further complications or die because of the
disease progression. Lung disease remains a serious global health concern, as it is one of the top causes of
disease and death in the world [1], [2]. The most used diagnostic imaging so far is the chest X-rays. The
reasons for this include the low cost, the fast access time, the minimal radiation exposure associated with
taking a CXR, and the high degree of accessibility within healthcare facilities [3]. However, the
interpretation of chest X-ray images is difficult due to overlapping anatomical structures, subtle diseases,
variations in quality, and similarities between X-rays of different diseases in the thoracic area [4].
Furthermore, there has been a rapid increase in the number of people receiving radiology examinations,
leading to increased workloads for radiologists and greater potential for delays in diagnosis and
misdiagnosis due to human error [5]. The development of systems that provide a diagnostic aid using
computer aided diagnosis (CAD) tools for health professionals has created much excitement about the
accuracy and speed with which health professionals can diagnose pulmonary diseases. The emergence of
CAD technologies has been largely impacted by advancements in the field of Al and deep learning for
automatic classification of diseases from medical images. Deep Learning based algorithms known as
convolutional neural networks (CNNs) are proving to be very effective at performing a multitude of
healthcare related tasks such as detecting diseases, segmenting medical images, and classifying medical
images [6], [9].

Figure 1 represents the increasing burden of three important respiratory disorders, pneumonia,
pulmonary edema, and pleural thickening, in India from 2020 to 2025. The year represents the X-axis, and
the relative disease burden index represents the Y-axis. A higher value indicates greater disease burden.
This index is used when precise nationwide counts are not available. The graph highlights that the burden
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created by respiratory disorders is consistently growing and demonstrates the increasing impact of these
pulmonary disorders on global healthcare systems. Pneumonia has the highest relative disease burden of
the previously mentioned diseases over the entire time evaluated, with pulmonary edema and pleural
thickening trailing in second and third place, respectively. The upward trend confirms the disease burden
and the clinical importance of these pulmonary pathologies, requiring early diagnosis and effective
management of these conditions. As the number of respiratory diseases continues to increase, healthcare
professionals are confronted with more difficulties in appropriately interpreting large volumes of chest X-
rays. Therefore, clinicians need intelligent computer aided diagnosis systems that will allow for early
classification and detection of lung diseases. Recent research in machine learning and deep learning has
shown great promise in streamlining the analysis of chest X-rays, thereby improving the accuracy of
diagnosis, decreasing the workload of radiologists, and providing for better and faster clinical decision
making.

X-axis: Year | Y-axis: Relative Disease Burden Index
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Figure 1: Respiratory Disease Burden Trend in India (2020-2025)

Although most deep learning-based chest X-ray classification studies have reported good classification
results, nearly all prior studies have focused on binary classification tasks such as identifying normal and
abnormal images or identifying a single type of disease [10-13]. In real world clinical settings, however,
multiclass classification systems will be necessary to identify multiple pulmonary diseases simultaneously.
Multiclass classification is particularly problematic because most pulmonary diseases share similar X-ray
findings, creating confusion between classes and reducing the accuracy of multiclass classification [14]. In
addition, most multiclass architectures rely only on transfer learning, rather than developing new methods
for extracting relevant features, and there have been few studies investigating the effects of optimization
on multiclass classifications of lung diseases [15], [16]. To fill these research gaps, this paper introduces
the deep learning framework for performing multiclass classification with chest X-ray images. This
framework combines MobileNet with a seven layer convolutional feature extraction block, which enhances
the quality of extracted features (disease specific) and reduces the level of confusion associated with
classifying X-ray images of diseased patients. The proposed framework will classify the X-ray images of
patients as having either normal, pneumonia, or pleural thickening. The experimentation includes an
extensive evaluation of 7 optimization algorithms (Adam, RMSProp, SGD, Adagrad, Nadam, Adadelta, and
Adamax) to measure the effects of these algorithms on classification results. This study contributes a new
method, MobileNet+Adam optimizer using 7 convolutional layers for multiclass classification, providing an
extensive evaluation of optimization methods. This paper incorporates various research contributions:
e (lassification of normal, pneumonia, and pleural thickening chest X-ray images.
Utilizing a dataset of 7,446 chest X-ray images that is balanced.
Enhanced feature extraction using a seven-layer CNN block.
Evaluation of seven optimization methods for deep learning algorithms.
Assessed performance using recall, accuracy, F1-score precision, AUC, confusion matrix, and ROC.
Experimentation results showed that the MobileNet+Adam optimizer with the 7 convolutional
layers is best for classifying multiclass lung disease.
e Compared results of MobileNet+Adam optimizer with the 7 convolutional layers with existing
multiclass classification systems.
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e Proved that multiclass lung disease classification is strong and reliable.
e Proposed a deep learning framework for multiclass classification of lung diseases using chest X-
rays.

This research paper contains six sections. In section 2, a literature review pertaining to previous
research on chest X-ray classification based upon deep learning. Section 3 proposes a deep learning
framework for multiclass classification. Section 4 describes the dataset used for performing multiclass
classification. Section 5 discusses the experimentation methodology. Section 6 discusses the results of
the experiments conducted for multiclass classification. Section 7 concludes the paper with a
conclusion and future research.

2. State Of The Art Review

In upcoming years, deep learning has made tremendous progress in the autonomous analysis of chest X-
ray images for the diagnosis and classification of lung diseases. There is much research that has studied
multiclass thoracic disease identification based on deep learning frameworks. Table 1 provides a
comparative analysis of current deep learning methodologies for the classification of diseases in chest X-
rays. Irtaza et al. [3] introduced a multi-label deep learning system utilizing the ChestX-ray14 and CheXpert
datasets, attaining AUC values of 0.69 for pneumonia and 0.87 for pleural thickening. Ho and Gwak [4]
developed a complete feature integration technique to classify thoracic illnesses, producing an AUC of 0.74
for pneumonia and an AUC of 0.85 for pleural thickening. Gong et al. [5] also produced Deformable Gabor
Feature Networks (DGFN) with an AUC of 0.77 for pneumonia and an AUC of 0.81 for pleural thickening.
Ho and Gwak [6] also performed an extensive review of the methodologies used for knowledge distillation
and produced an AUC of 0.76 for pneumonia and an AUC of 0.78 for pleural thickening. Baltruschat et al.
[7] compared several deep learning architectures and produced a pneumonia AUC of 0.69 and a pleural
thickening AUC of 0.73. In comparison, Giindel et al. [8] produced location aware dense networks and
reported an AUC of 0.76 for pneumonia and an AUC of 0.94 for pleural thickening. Shamrat et al. [9]
constructed a modified MobileNetV2 architecture to classify multi-class lung illnesses, having produced a
classification accuracy of 96.97%. Sharma and Guleria [10] implemented a VGG16 based framework for
pneumonia diagnosis and produced a combined accuracy, precision, recall, and F1 score of 95.4%. CNN
based classifiers were used by Pranaya et al. [11] and Racic et al. [12] to classify pneumonia, generating
accuracies of 94.00% and 93.73%, respectively. Ali et al. [13] introduced a framework utilizing
EfficientNetV2L and achieved 94.02% accuracy for pneumonia identification. Goyal and Singh [14]
identified machine learning and deep learning frameworks for classifying respiratory related diseases and
produced 96.20% accuracy classification. Hole et al. [15] implemented a deep learning framework to
classify pneumonia, achieving training accuracy of 83.32% and testing accuracy of 74.20%. Usman et al.
[16] evaluated ML methodology for pneumonia classification and produced 79% accuracy, 76% precision,
73% recall, and 74% F1 score. Agrawal and Gandhi [17] most recently examined optimizer specific
methods for pneumonia classification using DenseNet121, ResNet50, and CNN architectures, achieving an
AUC of 0.9868. Likewise, Shetty et al. [19] performed an optimizer specific assessment for pulmonary
edema detection, obtaining an AUC of 0.9999.

Previous research has proven encouraging results in analyzing chest X-rays; however, there are still
numerous limitations. There is a lack of research on the impact of various optimization techniques on the
efficacy of multi class classification. Furthermore, the radiographic characteristics of thoracic abnormalities
such as pleural thickening and pneumonia are frequently comparable, which leads to inter class confusion
and a decrease in classification accuracy. To overcome these limitations, we propose an improved deep
learning framework by incorporating MobileNet with seven layer convolutional feature extraction using
the Adam optimizer and conducting a comprehensive optimizer wise evaluation for multiclass
classification of normal, pneumonia, and pleural thickening chest X-ray images. In the next section the
proposed deep learning framework for multiclass classification of lung diseases is discussed.

Paper Dataset Used | Methodology Application Results Limitation
Irtaza et al. | ChestX-ray14 | Multi-label Deep | Multi-label Pneumonia AUC: | No optimizer-wise
[3] & CheXpert | Learning Lung Disease | 0.69 evaluation.
datasets Framework Classification Pleural
Thickening AUC:
0.87
Ho and | ChestX-ray14 | Multiple Feature | Thoracic Pneumonia AUC: | Limited feature
Gwak [4] Integration Disease 0.74 enhancement
Classification Pleural mechanism.
Thickening AUC:
0.85
Vol.6, No.13s, 2026 414



http://www.svedbergopen.com/ijaiml

www.svedbergopen.com/ijaiml

International Journal of Artificial Intelligence and Machine Learning

Gong et al. | INbreast Deformable Biomedical Pneumonia AUC: | Not focused on
[5] dataset and | Gabor Feature | Image 0.77 multiclass chest X-
ChestX-ray14 | Networks Classification Pleural ray classification.
dataset. (DGFN) Thickening AUC:
0.81
Ho and | ChestX-ray14 | Knowledge Chest  X-ray | Pneumonia AUC: | Focused on
Gwak [6] Distillation- Abnormality 0.76 knowledge transfer
Based Deep | Classification Pleural rather than feature
Learning Thickening AUC: | enhancement.
0.78
Baltruschat | ChestX-ray14 | Comparative Multi-label Pneumonia AUC: | Performance
etal.[7] Deep Learning | Chest X-ray | 0.69 limitations for
Models Classification Pleural certain thoracic
Thickening AUC: | diseases.
0.73
Gundel et | ChestX-rayl4 | Location-Aware | Thoracic Pneumonia AUC: | No optimizer
al. [8] Dense Networks | Abnormality 0.76 analysis.
Detection Pleural
Thickening AUC:
0.94
Shamrat et | ChestX-ray14 | Customized Multiclass Achieved Relied mainly on
al. [9] MobileNetV2 Lung Disease | 96.97% transfer learning.
Classification classification
Accuracy , AUC
not defined
Sharma ChestX-rayl4 | VGG16 + Fully | Pneumonia Achieved 95.4% | Binary classification
and Guleria Connected Detection accuracy, 95.4% | only.
[10] Neural Network precision, recall,
and F1-score;
AUC not defined
Pranaya et | Kaggle Convolutional Pneumonia Achieved No multiclass
al. [11] Dataset Neural Network | Detection 94.00% evaluation.
(CNN) Accuracy, AUC
not defined
Racic et al. | Heath  Care | CNN-Based Automated Achieved Limited to
[12] Center Architecture Pneumonia 93.73% pneumonia
Diagnosis Accuracy, AUC | classification.
not defined
Ali et al. | ChestX-rayl4 | EfficientNetV2ZL | Pneumonia Achieved No multiclass
[13] Detection 94.02% disease
Accuracy, AUC | categorization.
not defined
Goyal and | ChestX-rayl4 | Machine Respiratory Achieved Disease-specific
Singh [14] Learning and | Disease 96.20% classification.
Deep Learning | Classification | Accuracy, AUC
Models not defined
Hole et al. | Chest X-ray | Deep Learning | Pneumonia Achieved Limited to
[15] dataset, RSNA | Framework Detection 83.32% training | pneumonia
Pneumonia Accuracy  and | diagnosis.
Detection 74.20% testing
Dataset. accuracy; AUC
not defined
Usman et | RSNA Machine Pneumonia Achieved 79% | Did not address
al. [16] Pneumonia Learning Classification Accuracy, 76% | multiclass thoracic
Detection Algorithms Precision, 73% | disease
Challenge recall, and 74% | classification.
Dataset. Fl-score; AUC
not defined
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Agrawal & | ChestX-ray14 | DenseNet121, Pneumonia AUC for | Binary classification
Gandhi ResNet50, CNN | Detection Pneumonia: only; no multi-class
[17] with  Optimizer 0.9868 thoracic disease
Analysis classification.
Shetty etal. | ChestX-ray14 | Deep Learning | Pulmonary AUC for Edema: | Focused only
[19] Models with | Edema 0.9999 binary classification
Optimizer-wise (pulmonary edema
Evaluation vs. normal) and did
(Adam, SGD, not investigate
RMSProp, multiclass thoracic
Adagrad, disease
Adadelta, classification.
Adamax, and
Nadam)

Table 1: Comparison of Existing Studies on Chest X-ray Classification [3-17, 19]

3. Proposed Deep Learning Framework For Multiclass Classification

The entire proposed multiclass classification process of lung diseases through chest X-ray imaging is shown
in Figure 2. The proposed deep learning architecture for multiclass lung disease classification is structured
into three main modules as depicted in the figure. They are 1) binary classification, 2) multiclass
classification, and 3) XRAYASSIST development of an intelligent chest X-ray analysis system. In the first
module, binary classification tests are performed using a combination of different deep learning and hybrid
architectures combined with a seven layer convolutional feature extraction block and with seven
optimizers named Adam, Adagrad, SGD, RMSProp, Adadelta, Nadam, and Adamax. The binary classification
was done between edema vs. normal, pneumonia vs. normal, and pleural thickening vs. normal individually.
The experimental results of these binary classification modules are shown for individual studies conducted
for the detection of pneumonia [17], [19], pulmonary edema [18], and pleural thickening [20], where the
impact of different deep learning architectures and optimization algorithms on classification performance
was extensively evaluated using chest X-ray images.

The second module focuses on multiclass classification, wherein appropriate deep learning architectures
are shown to simultaneously categorize chest X-ray pictures into three classifications: pneumonia, pleural
thickening, and normal. A variety of optimizers are assessed to identify the most efficient setup for
multiclass disease classification. The incorporation of the CNN7 layered feature extraction block seeks to
augment disease specific feature learning, refine feature representation, and minimize inter class confusion
among visually analogous thoracic abnormalities.

1. HINARY CLASSIWCATION 7. WINARY CLASNIVCATION 1 MLTICLASS CLASSIMICATION A MILTICLASS CLASMICATION B ANAYASSIT) AN INTELLIOENY
EXPERMENTATION > RESIATS - CXPCRIMENTATION > NESLATS > CHEST X-RAY ANALYSIS SYSTEM
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Figure 2: Proposed Deep Learning Framework for Multiclass Classification of Lung Diseases Using Chest X-ray
Images
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This last module targets the development of XRAYASSIST, a computerized system to interpret chest x-rays
that will transform research findings into a working clinical decision support system. XRAYASSIST is
designed as an integrated system that combines the most successful binary classifiers with one of the best
multiclass classifiers. The complete design of this system includes components for preprocessing of images,
predicting diseases automatically, generating confidence scores, and producing reports. The binary
classifiers for detecting pneumonic conditions, pleural thickening, and normality will all be integrated with
multiclass classification capabilities to produce a complete and reliable automated chest x-ray
interpretation system that provides a robust platform for diagnosing lung diseases. In the next section the
dataset used for the multiclass classification experimentation is discussed.

4. DATASET USED

The images of chest X-ray shown in Figure 3 were taken from three classes utilized in this classification
study: the three classes were (a) Normal, (b) Pneumonia, and (c) Pleural Thickening to visually illustrate
and identify categorical variations among the classes being classified as multiclass classification. Table 2
explains the research data using chest X-ray images containing a total number of 7,446 X-ray images
collected from publicly accessible datasets. These chest X-ray images are divided into three different
categories: pneumonia, pleural thickening, and normal. Each of these categories contains 2,484 images for
use in research and will therefore create a balanced sample size within each category. In addition to
splitting the images into three balanced samples, each sample has also been divided into test and training
datasets.

(a) (b) (©)

Figure 3: Representative chest X-ray samples of (a) normal, (b) pneumonia, and (c) pleural thickening

Class Training Images Testing Images Total Images
Normal 2182 302 2484
Pneumonia 2182 302 2484
Pleural Thickening 2182 302 2484
Total 6546 906 7446

Table 2: Multiclass Classification Dataset [21-28]

The training images are further divided into training and validation in a ratio of 80:20, 80% for training
and 20% for validation. The number of images designated for training in each category was 2,182, while
the number of images set aside for testing in each category was 302. Therefore, the training data contained
a total number of 6,546 images, and the test data contained 906 images. In order to perform the multi class
classification and measure the ability of the model to differentiate between chest X-ray images of normal,
pneumonia, and pleural thickening, the entire dataset was used. In the next section, the experimentation
methodology for carrying out multiclass classification experiments is discussed.

5. Experimentation Methodology

5.1 Experimental Setup

In this section the setup of an experiment to develop a multiclass classification system used to assess the
performance of the proposed system is described. All tests were performed on an AMD Ryzen™ Al 5 340
computer (64 bit) using an AMD Radeon™ 840M (2 GHz), running under the Microsoft 64 bit Windows
operating system. The software used for data preprocessing, model building, training, and testing included
TensorFlow and Keras, while scientific computing and visualization libraries such as Pandas, NumPy,
Matplotlib, and Seaborn were used for analysis of data, evaluation of the model, and visualization of results.
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5.2 Data Preprocessing

The X-ray images of the chest are taken from multiple datasets that are publicly available and have different
image sizes, resolutions, and pixel intensity distributions before model training; therefore, various
preprocessing activities were created to ensure that all chest X-ray images meet specific guidelines to allow
for consistent model performance, which will subsequently lead to improved chest X-ray image
classification performance. Figure 4 shows different data preprocessing steps carried on chest X-rays. The
first of the preprocessing steps applied to all X-ray images was normalization. A normalization factor of
1/255 was adopted for each of the chest X-ray images to convert each pixel in an X-ray image from a value
scale of 0-255 to a value scale of 0-1. All images of chest X-rays were then resized into an image dimension
of 150 x 150 pixels in size in order to facilitate using the same image input sizes to improve the algorithm
performance. The use of normalization of images is a technique that will improve numerical stability by
supporting the rapid combination of the model during the training phase of the learning algorithm. After
all of the preprocessing steps of normalization and resizing was completed; the dataset was then divided
into separate testing and training sets. The use of image generators was also used to assist in efficiently
loading batches of images during the training of the model.

= Load Chest X-ray
— Dataset

Resize lmages to (150 x 150)
Rescale = 1/255

Apply to ‘Train' S50, Apply to ‘Test'
Directory | . Directory
Split 80% for training No shutfling
using subset = ‘training Class mode = Multiclass
| |

Normnllzed and
resized images are

ready for model input

Figure 4: Chest X-ray preprocessing flowchart diagram [17-18]

5.3 Hyperparameters Used

Hyperparameter Value
Rescale 1/255 (Normalizes pixel values from 0-255 to 0-1)
Target Size 150 * 150 pixels
Batch Size 32
Class Mode Multiclass (Normal, Pneumonia, Pleural Thickening)
Optimizers Used SGD, Adam, Adagrad, RMSProp, Adadelta, Nadam, Adamax
Output Layer Function Softmax
Number of Convolutional Layers 7
Epochs 5

Table 3: Hyperparameters Configuration [17-18]
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While fitting the model, some of the following hyperparameters have been chosen to determine the
capability of the proposed multiclass classification framework. Table 3 explains all the hyperparameters
used for the multiclass experiments. A rescaling factor of 1/255 was used to rescale all of the chest X-ray
images to 0-1, which is the one responsible for translating pixel intensity numbers from the range of 0-255
to just 0-1. All of the images were then resized in height and width to 150 pixels so that all the inputs had
the same dimensions and reduced the complexity of the algorithm. The batch size of 32 is a result of
effective memory usage and reliable gradient updates. Normal, pneumonia, and pleural thickening are the
three categories for which the proposed framework was constructed to classify chest X-ray images. To
study the effects of various optimization methods on classification performance, seven different algorithms
were used. These are Adadelta, SGD, Adam, Nadam, Adagrad, RMSProp, and Adamax. For the purpose of
feature extraction, a total of seven convolutional layers are included in the network. For building
probability distributions to all three of the target classes, the output layer used is softmax, the activation
function. The model was trained using 5 epochs, which were then evaluated using a variety of classification
measures.

5.4 Proposed Methodology

The first step requires loading the chest X-ray images and preprocessing them by normalizing and scaling
them to the same dimensions of 150 x 150 px. The CNN7 Block will consist of seven layers of convolution
to create a unique method for extracting identifying behaviours of each disease from the non-identical
images present. The unique optical aspects contain disease identifying behaviors that assist with modeling
better predictions. Optimizers will be used for the duration of the training of the model to determine the
best performing optimization method (Adam, SGD, RMSProp, Adagrad, Adadelta, Adamax, and Nadam).
These optimizers will be used individually during the evaluation of specialist classifiers to measure their
classification success. Global average pooling of feature maps and then the use of common dense and
dropout layers will also reduce the chance of overfitting and also improve the model's generalized
performance. The model will train on categorical cross entropy losses with the use of model checkpointing
and early stopping methods to form the best performing of all the classifiers in measure of their
measurement. The model will be employed to determine class type after the training process is completed,
with the use of assessment being the ground truth. The predicted probabilities will then be converted to
the actual class types, and to understand and compare each optimizer to the complete, use a confusion
matrix and utilize the performance metrics of their performance on their confusion score metric (TP, TN,
FP, and FN). Finally, the results from the performance of all optimizers will be recorded in a CSV or
spreadsheet file, and the optimizers will be compared to determine which optimizer's performance is the
best for the purpose of creating a multi class lung disease classifier from image data of chest X-rays. In the
next section the results of the experiments carried out for multiclass classification are discussed.

Proposed Algorithm for Multiclass Classification

STEP 1: Begin

STEP 2: Load training and testing datasets from the specified directories.

STEP 3: Normalize pixel values using rescaling (1/255) and then resize all input images to 150 = 150 pixels.
STEP 4: Initialize image data generators for training and testing datasets.

STEP 5: Extract class labels and determine the total number of classes.

STEP 6: Define the set of optimizers including Adam. SGD. RMSProp, Adagrad, Adadelta, Adamax, and
Nadam.

STEP 7: For each optimizer, initialize the deep learning model architecture and configure the feature extraction
layers.

STEP 8: Add the proposed CINN7 feature extraction block consisting of convolutional layers, batch
normalization, ReL U activation, and max pooling operations with progressively decreasing filter sizes.
STEP 9: Apply Global Average Pooling followed by a dense layer and dropout for regularization.

STEP 10: Add a final Softmax layer to perform multiclass classification.

STEP 11: Compile the model using categorical cross-entropy loss and the selected optimizer.

STEP 12: Train the model using the training dataset while validating on the testing dataset.

STEP 13: Apply model checkpointing to save the best-performing model and use early stopping to prevent
overfitting.

STEP 14: Perform predictions on the testing dataset and obtain predicted probabilities.

STEP 15: Convert predicted probabilities into final class labels.

STEP 16: Generate a confusion matrix for each optimizer and save it as an image.

STEP 17: Compute ROC curves for each class and calculate the corresponding AUC values, then save the ROC
plots.

STEP 18: For each class, compute evaluation metrics including Accuracy, Precision, Recall, F1-Score, AUC,
True Negative (TIN), True Positive (TP), False Negative (FIN), and False Positive (FP) values.

STEP 19: Store all computed results in a structured format.

STEP 20: Save the results into a CSV file.

STEP 21: Repeat the process for all optimizers.

STEP 22: Return the trained models, confusion matrices, ROC curves, and evaluation metrics.

STEP 23: End.
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6 Results, Findings, And Discussion

The experiments were carried out using 7 convolutional layers and without them also, so the results of both
processes are discussed here. A total number of 21 deep learning models were evaluated, including
DenseNet121, DenseNet121+AlexNet, DenseNet121+NASNet, DenseNet121+ResNet101,
DenseNet121+VGG16, DenseNet121+VGG19, MobileNet, AlexNet, ResNet101, NASNet, VGG16, VGG19,
ANN, DenseNet121+ANN, DenseNetl121+EfficientNet, DenseNet169, DenseNet201, EfficientNet,
GoogleNet, InceptionNet, and DenseNet121+InceptionNet. Various optimizers were also used in both the
processes. They are Adam, SGD, RMSProp, Adagrad, Adadelta, Adamax, and Nadam. The following criteria
were employed to assess each model: accuracy, precision, recall, F1-score, area under receiver operating
characteristic curve (AUC), TN, TP, FN, and FP.

6.1 Evaluation Parameters

A complete evaluation of the multiclass classification can be obtained by integrating the confusion matrix
with accuracy, precision, recall, F1-score, and area under the curve (AUC). Accuracy is an overall measure
of how correct the classifications are, while precision and recall are indicators of how well the model is able
to reduce the number of erroneous predictions and identify positive disease cases. The F1-score is utilized
for an average of precision and recall. The confusion matrix is used to classify each of the diseases
separately based on the performance of the classifier. In addition to this, the AUC score measures the ability
of the model to distinguish between the classes separately. Together these evaluation metrics provide a
comprehensive and accurate overall assessment of the multi class classification experiments.

6.2 Performance Analysis without CNN7 Convolutional Layers

Initially, experiments were conducted using baseline deep learning architectures without the integration
of the CNN7 feature extraction block. Table 4 presents the performance comparison of the top seven
optimizers evaluated using deep learning models without the proposed CNN7 feature extraction block. The
results indicate that the Adam optimizer achieved the best overall performance among all optimization
techniques considered in this study.

. . . F1 ..
Sr. Algorith Class Accura | Precisi | Recal Scor | AUC T | T FN | FP Optimize
No. m Used cy on 1 e N P r
0.80 0.65 | 090 | 84 | 24 19
DenseNet Normal 0.8097 | 0.5523 46 5 42 6 3 59 b
Pneumo 0.99 0.99 95 | 38
1 131 nia 0.9978 | 0.9974 49 61 1 4 3 2 1 Adam
Pleural
NASNet . 0.57 0.62 | 0.89 | 89 | 20 | 14
'il‘nl;cken 0.8171 | 0.6733 71 15 07 7 2 3 98
Normal 0.8112 0.567 0.672 1 0.615 ) 0.88 | 88 | 20 99 | 155
DenseNet 2 2 71 8 3
Pneumo 0.992 | 0992 | 099 | 95 | 38
2 131 nia 0.9955 | 0.9923 3 3 99 2 7 3 3 SGD
Pleural
NASNet . . 0.648 | 0.621 | 0.86 | 84 | 22 | 12
'Ill‘;lckenl 0.7948 | 0.5974 6 9 78 2 - 3 153
Normal 08312 | 07095 0.420 | 0.528 | 0.89 | 99 | 12 | 17 52
DenseNet > L 86 L 7 >
Pneumo 0.992 | 0993 | 0.99 | 95 | 38
3 131 nia 0.9963 | 0.9949 3 6 99 3 7 3 2 RMSProp
Pleural
NASNet Thickeni | 0.7784 | 0.5461 0.88 | 0.674 0;328 793 380 42 | 256
ng
Normal 0.7502 | 0.4684 0'5134 0.6 0;376 775 225 50 | 286
DenseNet
Pneumo 0987 | 0975 | 099 | 94 | 38
4 131 nia 0.9859 | 0.9649 2 9 97 1 5 5 14 Adagrad
Pleural
NASNet . . 0487 | 085 |91 | 14 | 21
’rl;glckenl 0.7814 0.625 0.4 8 07 1 0 0 84
5 | DenseNet | \omal | 0.6364 | 03775 | 0923 | 0540 1 0.80 | 56 1 28 1)\ o0 | A dadelta
+ 6 8 16 8 8
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Pneumo 0971 | 0.881 | 098 | 86 | 37
Inception | nia 0.9242 | 0.8064 8 4 95 4 9 B o1
Net Pleural
. . 0.091 | 0.156 | 0.77 | 96 31
'rl;;mkem 0.7442 | 0.5517 4 9 49 9 32 8 26
Normal 0.8245 | 0.5948 0.685 | 0.636 | 0.90 | 90 | 20 95 | 141
DenseNet 4 Es 03 2 7
Pneumo 0.992 | 0.994 95 | 38
6 131 nia 0.997 0.9974 3 9 1 4 7 3 1 Adamax
Pleural
NASNet . . 0.645 | 0.635 | 0.88 | 86 | 22 | 12
'rl;glckenl 0.8074 0.626 7 7 92 0 6 4 135
Normal 0.7881 | 0.5183 | 0.798 0'328 0'39 891 214 61 | 224
De‘iszelNet Pneumo | o oo . 0992 (0996 | | [95[38 5 | ,
7 . nia ) 3 1 5 7 Nadam
Pleural
NASNet . . 0.534 | 0.585 | 0.88 | 89 | 18 | 16
'rl;glckem 0.803 0.6471 3 3 34 3 7 3 102
Table 4: Top 7 Optimizer Wise Results of Deep Learning Models without CNN7 Convolutional
layers

Furthermore, the DenseNet121 + NASNet architecture optimized using Adam demonstrated superior
multiclass classification performance compared to the other optimizer configurations, highlighting the
importance of optimizer selection in achieving effective chest X-ray disease classification. The multiclass
dataset classifies with performance revealing high accuracy, precision, recall, F1-score, and AUC for the
model architecture DenseNet121+NASNet with the Adam optimizer. The results show that the baseline
architecture can successfully perform multiclass classification and learn the chest X-ray features. However,
the class prediction performance was steeply influenced by the type of optimization technique chosen for
training, as shown in the performance fluctuations of the various optimizers. Adadelta performed the worst
of all optimizers tested, while Adam, SGD, RMSprop, Adamax, and Nadam performed significantly better.

6.3 Performance Analysis with CNN7 Convolutional Layers

The top 7 optimizer wise performance for multiclass classification of chest X-ray images into Normal,
Pneumonia, and Pleural Thickening categories is presented in Table 5. The Adam optimizer showed the
best balanced and stable performance with high values of accuracy, precision, recall, F1-score, and AUC for
all classes among the seven optimizers tested. In particular, the Adam optimizer obtained AUC values of
0.9473, 0.9996, and 0.9474 for the Normal, Pneumonia, and Pleural Thickening categories, respectively,
suggesting a superb discriminative capacity. Likewise, SGD, RMSProp, Adagrad, Adamax, and Nadam also
achieved good classification performance, especially for the pneumonia class, where consistently high AUC
values were reached. Among these optimizers, Adagrad earned the best AUC value of 0.9571 for pleural
thickening classification, while Adamax attained the perfect classification performance for the pneumonia
class with the AUC of 1.0000.

. . F1 ..
Sr. | Algorith Class Accura | Precisi | Reca scor | Auc | TN | TP FN FP Optimiz
No. | m Used cy on 11 e ers
0.79 | 0.77 | 0.94 | 96 | 24
Normal | 0.8937 | 0.7461 3 12 73 1 1 61 82
. Pneumo 099 | 099 | 099 | 95 | 38
1 M°';16N nia 0.9993 1 74 | 87 | 96 | 5 | 9 | ! O | Adam
Pleural
. 083 | 0.78 | 0.94 | 89 | 29
'.I‘hlcken 0.8818 | 0.7418 71 66 74 3 3 57 102
ing
0.75 | 0.71 | 092 | 93
Normal 0.8669 | 0.6836 83 9 38 7 229 73 106
. Pneumo 0.99 95
2 Mol:tleN nia 0.9978 | 0.9924 1 62 1 5 390 0 3 SGD
Pleural
Thickeni | 0.8833 | 0.7443 | 0.84 0.78 | 0.94 | 89 294 | 56 101
ng 93 63 4
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0.75 0.69 092 | 91
Normal 0.8528 | 0.6469 83 82 59 8 229 73 125
. Pneumo 0.99 0.99 95
MozltleN nia 0.9993 1 74 87 1 5 389 1 0 RMSProp
Pleural
. . 0.68 | 0.70 092 | 90
'rll‘glckem 0.8491 | 0.7221 29 19 45 3 239 | 111 92
0.59 | 0.70 094 | 10
Normal 0.8848 | 0.8419 93 02 12 09 181 | 121 34
. Pneumo 0.99 0.99 95
Mol;1tleN nia 0.9993 1 74 87 1 5 389 1 0 Adagrad
Pleural
. . 096 | 0.78 0.95 81
'rll‘glckem 0.8595 | 0.6557 86 ) 71 7 339 11 178
0.84 | 0.55 0.83 67
Normal 0.6892 | 0.4076 77 05 48 1 256 46 372
. Pneumo 0.99 0.96 0.99 93
Mo?{leN hia 0.9807 | 0.9396 74 77 95 0 389 1 25 Adadelta
Pleural
. . 0.27 | 0.35 0.81 89
'Ill‘glckenl 0.739 0.4974 14 12 78 9 95 255 96
0.64 | 0.68 092 | 96
Normal 0.8647 | 0.7206 9 29 08 7 196 | 106 76
MobileN | Preumo 1 1 1 1 1 | % 300 o | o
nia 5 Adamax
et Pleural
. . 0.80 | 0.74 0.92 86
'rl;glckenl 0.8565 | 0.6919 86 57 83 9 283 67 126
0.54 | 0.63 0.92 | 99
Normal 0.861 0.765 97 97 57 ) 166 | 136 51
, Pneumo 0.99 0.99 95
M021tleN nia 0.9993 1 ” 87 1 5 389 1 0 Nadam
Pleural
. . 0.88 | 0.71 0.92 78
'rl;glckem 0.8164 0.6 29 45 19 9 309 41 206

Table 5: Top 7 Optimizer Wise Results of Deep Learning Models with CNN7 Convolutional
Layers

The Adadelta, on the other hand, performed somewhat worse in all assessment criteria, implying that it is
less effective for the proposed multiclass classification problem. The overall findings show that the
integration of the CNN7 feature extraction block greatly improved the feature learning and classification
performance. The Adam optimizer yielded the best consistent and balanced results in comparison to all

optimization techniques.

6.4 Proposed Methodology Results

The multi classification confusion matrix using MobileNet + Adam optimizer with 7 convolutional layers is
shown as the best model using the proposed methodology. Figure 5 shows the multi class classification
confusion matrix. The confusion matrix explains the success of the model in classifying the images of
normal, pneumonia, and pleural thickening properly. It also shows the cases of misclassification.
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Figure 5: Confusion Matrix for Best Model (MobileNet + Adam with 7 Convolutional layers)

The diagonal members of the matrix signify that a total of 241 normal images, 389 pneumonia images, and
293 pleural thickening images were correctly identified. Of all three different classifications, pneumonia
has the best ability to be accurately identified from other types of diseases. This can be seen since only 1
out of 255 images of pneumonia was incorrectly identified as pleural thickening, and no images of
pneumonia were classified as normal. Therefore, this finding supports the ability of the model to accurately
identify the radiographic characteristics associated with pneumonia.

For normal, there were 241 properly identified images; 8 misidentified images were labeled as pneumonia,
and 53 were labeled as pleural thickening and thus incorrectly identified. For pleural thickening, there were
293 images properly identified, 12 were classified incorrectly as pneumonia, and 45 images were classified
incorrectly as normal. The majority of the incorrect classifications occurred between the normal and
pleural thickening categories because of the overlap in the radiographic characteristics, which made it
difficult to differentiate between the two categories. When there are similar traits between classes, it can
lead to confusion and subsequently reduces the overall classification performance. Still, even with these
limitations, the MobileNet CNN7 layer performed extremely well and demonstrated strong discriminative
capabilities for all three classes. These results demonstrate that MobileNet+ Adam optimizer using 7
convolutional layers can be used effectively for multiclass chest disease classification using X-ray images.
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Figure 6: ROC Curve for Best Model (MobileNet + Adam with 7 Convolutional layers)

The ROC curve for the highest performance model (MobileNet + CNN7 with Adam optimizer) is shown in
Figure 6. The true positive rate (TPR) is plotted on the Y-axis against the false positive rate (FPR) on the X-
axis based on the accuracy of classification across each class, providing a strong visual indication of how
well discriminating the model was able to perform in distinguishing classes from one another based upon
the attributes of their respective classes. Furthermore, the pneumonia class attained an AUC of 0.9996,
demonstrating outstanding classification capability and strong separability among the classes. The ROC
curves for the normal and pleural thickening classes indicated AUC values of 0.9473 and 0.9474,
respectively, signifying both classes were also highly effective at separating their various features through
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classification, thus demonstrating that the model was effective in its ability to classify chest X-rays and
achieve accurate classifications across multiple classes by learning features that differentiate them. The
very high AUC values also provide additional support for the performance of the Adam optimizer as a
training mechanism for optimal performance of the proposed architecture and for its efficient use for
automatically detecting the presence or absence of pneumonia, normal, and pleural thickening in chest X-
rays.
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Figure 7: Performance comparison of the best models with and without CNN7

Figure 7 presents a comparative performance analysis of the best performing models obtained from
experiments conducted with and without the CNN7 layered feature extraction block. The DenseNet121 +
NASNet model optimized using the Adam optimizer achieved average accuracy, precision, recall, F1-score,
and AUC values of 0.875, 0.741, 0.792, 0.758, and 0.932, respectively. In contrast, the proposed MobileNet
model integrated with the CNN7 layer feature extraction block and optimized using the Adam optimizer
achieved superior performance, attaining accuracy, precision, recall, F1-score, and AUC values of 0.925,
0.829, 0.877, 0.852, and 0.965, respectively. The findings provide compelling evidence of how well the
CNN?7 architecture works for improving feature extraction as well as multiclass classification performance.
While all backbone architectures benefited from a performance increase provided by the CNN7 block, the
most substantial improvements were observed in the MobileNet, which produced a more compatible
feature set than those matched with deeper layered architectures. This allowed for improved learning of
disease specific radiographic patterns and minimized inter-class confusion between normal, pneumonia,
or pleural thickening chest X-ray images with the combination of MobileNet and CNN7 and using the Adam
optimizer was the best performing configuration overall.

6.5 Comparison between Multiclass Classification with Existing Models

Performance of our proposed method was evaluated against previously published multi class chest X-ray
classification methods outlined in the literature; Table 6 illustrates the differences between the AUC scores
achieved by other multi class classification studies and our proposed method for pneumonia and pleural
thickening classification purposes.

Other Appm;ches/Modds Pneumonia Pleural Thickening

M. Irtaza et al. | 3] 0.69 0.87
T.K.K. Ho and J. Gwak [4]) 0.74 0.75
X. Gong et al. [5] 0.77 0.81
TKK.Hoand).Gwak[6] | 076 0.78
Baltruschat et al, [7] 0.69 . 0.73

S. Gundel et al. [8] 4 0.76 . 0.78

Proposed Methodology*
(MobileNet + Adam optimizer) 0.99 0.94
using 7 convolutional layers

Table 6: Comparison between Multiclass Classification with Existing Models
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The literature indicates AUC values for pneumonia are between 0.69 and 0.77, and for pleural thickening,
AUC values are from 0.73 to 0.94. In contrast, the developed method produced an AUC score of 0.9996 for
pneumonia and 0.9474 for pleural thickening, demonstrating much better classification performance than
existing methods. Based on this evidence, it is clear that the MobileNet+Adam Optimizer utilizing 7
convolutional layers successfully captures the radiographic features that are specific to each disease and
provides superior discrimination ability compared to previously published multi-class classification
methods. Additionally, when evaluated on an optimizer-based approach, the Adam optimizer was found to
be the most effective optimizer, contributing to an overall increase in classification performance & model
robustness. Collectively, these results provide strong evidence that our proposed method with a
MobileNet+Adam optimizer utilizing 7 convolutional layers provides a reliable and accurate means of
automatically classifying thoracic abnormalities from chest X-ray images into multiple classes. The next
section discusses the conclusion and the future directions.

7 Conclusion And Future Outlook

This research developed a unique, deep learning model to classify lung diseases via chest X-ray images. The
proposed multiclassification deep learning framework has a seven-layer convolutional neural network
(CNN7) feature extraction block and performs a comprehensive optimizer wise evaluation for the
classification of normal, pneumonia, and pleural thickening cases from a balanced dataset containing 7446
X-ray images.

The results showed that MobileNet + CNN7 architecture, using the Adam optimization algorithm, resulted
in the most balanced and reliable performance (0.9473 normal, 0.9996 pneumonia, 0.9474 pleural
thickening). Compared to the baseline models (without CNN7) and multiple previously published
multiclass chest X-ray classification models, the proposed framework provided superior performance.
Results showed that not only does CNN7 block significantly improve pulmonary disease specific feature
learning, but it also decreases inter-class confusion between visually similar thoracic abnormalities. In
addition, analysis of the optimizers showed the Adam optimization algorithm provided the best overall
performance by increasing the rate of convergence and accuracy during classification. Ultimately, the
proposed framework has the potential to be used as a reliable and accurate tool for computer aided
diagnostic support to enhance the accuracy of lung disease screening and support clinical decision making,.
In the future, the proposed framework may be expanded to other thoracic diseases (pulmonary edema,
tuberculosis, COVID-19, lung nodules, and lung cancer) in order to develop a more comprehensive
multiclass classification system. Additional research may be conducted to examine cutting-edge attention-
based techniques (i.e., transformer architecture) as well as advanced explanation methods (XAI) and
ensemble learning to improve classification ability and interpretation. Additionally, validation utilizing
large, many center clinical data sets and deployment into the proposed XRAYASSIST platform will provide
support for radiologists to efficiently and accurately interpret chest X-ray images in the clinical setting.
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