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Abstract 

 

Chest diseases pose serious health threats if not detected early for properly and timely diagnosis. 

These diseases could include pulmonary disease, pneumonia, asthma, tuberculosis, lung diseases 

and other cardiovascular complications. When patients exhibit symptoms like chest pain, 
shortness of breath, or persistent cough; physicians often prescribe chest X-rays to assess the 

underlying cause of their discomfort. Chest X-ray is a commonly used diagnostic imaging test 

that requires significant expertise and careful observation to classify the particular or multiple 

chest diseases due to the complex nature of the pathology and fine texture of lung lesions. Chest 

X-Ray classification is a challenging and time consuming task in medical image classification 

due to the complexity of the human chest structure and the subtle variations in X-Ray images 

caused by different medical conditions. This paper presents a novel classification technique for 

the classification of 14 chest diseases that could impair patient’s health. The classification 

technique presented in this paper is a deep convolutional neural network (CNN) algorithms 

based on DenseNet model structure for adaptive classification of chest diseases. This paper 

addresses and bridges three main research gaps in chest diseases classification, namely: 1). 

enhancing the classification accuracy and specificity in diagnosing up to 14 different classes of 
chest diseases based on label distributions; 2). develops an AI-based deep learning CNN using 

DenseNet model structure to accurately classify and predict the risk probability levels of heart 

failures based on chest X-ray images; and 3). the research leverages the issues of interpretability 

and explainability as the results is self-explanatory to clinicians. The results demonstrate the 

efficiency, proficiency and robustness of the deep CNN algorithm based on proposed DenseNet 

when compare to Inception and ResNet model structures. Additional justification of the 

DenseNet suitability has been validated with several standard performance metrics including 

saliency feature maps and DenseNet based Grad-CAM with LIME visualizations. The superior 

performance of the deep CNN based on the DenseNet model structure is further justified with 

standard performance metrics. The paper concludes with a comprehensive discussion on the 

DenseNet model’s performance, shedding lights on its strengths and potential areas for 
improvement. The technique presented in this paper can easily be adapted for real-time chest 

diseases classification by clinicians.  
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1. Introduction 
 

Chest X-ray diagnosis is a routine and crucial medical 

imaging procedure employed to generate images of the 
heart, lungs, blood vessels, airways, chest, and spine 

which plays a pivotal role in the detection and diagnosis 

of various lung and heart conditions [1,2]. When patients 

exhibit symptoms like chest pain, shortness of breath, or 

persistent cough, physicians often prescribe chest X-rays 

to assess the underlying cause of their discomfort. The 

significance of chest X-ray diagnosis lies in its capacity 

to provide valuable information about the patient's 

respiratory and cardiovascular health, aiding in the 

diagnosis of conditions such as pneumonia, emphysema, 

lung cancer, and lung collapse (pneumothorax) [1,2]. 

Additionally, chest X-rays can reveal heart-related lung 
problems, diagnose heart conditions like heart failure 

and fluid accumulation around the heart, visualize large 

blood vessels for the detection of aortic aneurysms or 

congenital heart diseases, identify bone issues, and 

fractures, and monitor postoperative changes after chest 

surgeries for recovery assessment, including heart, lung, 

or esophagus surgeries, checking for air leaks and fluid 

or air buildup [1–4]. 

   Traditional diagnostic methods in healthcare have 

inherent limitations, leading to the need for more 

efficient and accurate approaches. Thus there is need to 
enhance the accuracy and efficiency of disease 

identification and classification in chest radiographs 

through the development of an artificial intelligence-

based (AI-based) convolutional neural network (CNN) 

algorithms tailored for the adaptive classification of 

chest diseases based on X-ray images. AI-based CNN is 

a deep neural network scheme that is dedicated to image 

and video processing with an expected outcome of 

image classification, image recognition, pattern 

recognition, image segmentation, image identification, 

image localization [5–7]. AI-based CNN have proven 
successful in many applications [6–8] including medical 

image diagnosis [1–4,9,10]. Similar to shallow neural 

networks, deep neural networks requires a model 

structure; and there are over 22 pre-trained model 

structures for use with deep neural networks including 

AI-based CNN [11,12]. Among these pre-trained 

network models, VGG (visual geometry group) [13], 

ResNet (Residual network) [14], DenseNet (densely 

connected convolutional network) [15], Inception 

(Google network, GoogLeNet) [16], EfficientNet 

(efficient network) [17] and Ensemble Learning [13, 18, 

19] have been used for chest disease classification [20, 
21]. The just mentioned approaches for chest disease 

classification yielded successful results for only up to 5 

chest parameters which may not be sufficient to capture 

the clinical conditions of the chest for proper diagnosis. 

This paper proposes the classification of 14 different 

chest parameters from a single chest X-ray image. The 

DenseNet pre-trained model structure is adopted in this 

research. Employing DenseNet, known for its dense 

connectivity and efficient parameter usage, the 

algorithm navigates through the intricacies of chest X-

ray data, capturing intricate patterns and relationships 

within the images. 

   Chest X-ray diagnosis, while a common and valuable 

medical imaging procedure, presents certain limitations. 

Inter- and intraobserver variability introduces 
subjectivity in interpretation, impacting diagnostic 

consistency [22]. These X-rays may exhibit low 

sensitivity and specificity, contributing to false-negative 

or false-positive results and the potential for 

misdiagnosis. The detection of subclinical diseases, 

especially in high-income countries, poses a challenge, 

affecting early intervention strategies [23]. Additionally, 

the static nature of chest X-rays limits their ability to 

capture dynamic processes, hindering their efficacy in 

certain conditions. Furthermore, the requirement for 

specialized facilities may limit accessibility in various 
healthcare settings. 

   The interpretability and explainability of detections 

and classifications made by deep learning models pose 

challenges, impeding their widespread adoption in 

certain clinical settings. Some studies encounter 

limitations due to insufficiently annotated datasets, 

especially when investigating new and emerging 

diseases [24]. In the realm of chest X-ray image 

interpretation using deep learning, the consideration of 

additional clinical information is not consistently 

incorporated, potentially impacting diagnostic accuracy. 
While the potential of deep learning in chest disease 

diagnosis using chest X-ray images is evident from 

previous studies [25,26], there remains a need for further 

validation and testing to guarantee the reliability and 

generalization of these models. Addressing challenges 

associated with interpretability, dataset size, and model 

validation is crucial to ensure the successful integration 

of deep learning into clinical practice. This research 

attempt to address the above issues by evaluating the 14 

available classes of chest diseases with sufficiently large 

different data set. A total of 112,120 frontal-view X-ray 

images of 30,805 unique patients, obtained from NIHCC 
[27], were used as training data set (80%) and validation 

data set (20%) while 108,948 frontal view X-ray images 

of 32,717 unique patients [28] were used for testing the 

AI-based CNN using the DenseNet pre-trained model 

structure. 

   The cardiovascular and respiratory systems are 

intricately linked, sharing a vital role in maintaining 

human health. The relationship between respiratory and 

cardiovascular diseases, and the impact of 

cardiovascular diseases on mortality in patients with 

respiratory disease is unclear [29]. Cardiovascular 
diseases encompass a range of conditions affecting the 

heart and blood vessels. Common examples include 

heart disease, cerebrovascular disease, and heart failure 

[30,31]. Respiratory disease conditions affecting the 

lungs and respiratory system, such as chronic obstructive 

pulmonary disease (COPD), pneumonia, and asthma, are 
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categorized as respiratory diseases [2,32,33]. Both 

categories of diseases often coexist, with studies 

showing a significant degree of co-morbidity, ranging 

from 17% to 35% in various groups [34]. Diagnosing 

and managing these diseases often requires an integrated 

approach due to shared symptoms and risk factors. 

   Early disease detection is vital in healthcare, offering 
benefits to individuals and the healthcare system. Timely 

identification enables targeted treatment, increasing the 

likelihood of success and potentially halting disease 

progression. This approach positively impacts patient 

survival rates, particularly in diseases like cancer, where 

early diagnosis improves treatment efficacy [2,32,33]. 

Additionally, early detection is cost-effective, reducing 

healthcare expenses by enabling less invasive 

interventions. It also enhances the quality of life for 

patients by preventing complications and improving 

overall well-being. Furthermore, early disease detection 

contributes to population health by allowing the timely 
implementation of preventive measures and 

interventions to control disease spread, benefiting the 

community as a whole. 

   For cardiovascular diseases, specific tests such as 

electrocardiograms (ECGs or EKGs), echocardiograms, 

or cardiac catheterization are commonly used for 

confirmation [29,35]. These tests offer more detailed 

information about the heart's function, structure, and 

blood flow [29,35]. Similarly, for respiratory diseases, 

additional tests such as pulmonary function tests, CT 

scans, or MRIs may be needed to confirm a diagnosis 
[24]. Chest X-rays can identify certain respiratory 

conditions, but might not provide sufficient detail for a 

conclusive diagnosis. Issues such as limited sensitivity 

and specificity, resulting in false-negative or false-

positive results, can lead to misdiagnosis and impact 

patient outcomes. The reliance on subjective 

interpretation by healthcare professionals introduces 

variability and inconsistency in diagnoses, influenced by 

differences in expertise and experience [24,36,37]. 

Moreover, some traditional methods requiring 

specialized facilities may pose challenges in resource-

limited or remote healthcare settings, hindering timely 
and accurate diagnoses.  

   To address these challenges, there is a growing interest 

in advanced technologies such as incorporating artificial 

intelligence (AI) and deep learning CNN. These AI-

based CNN technologies, when coupled with large 

datasets and imaging techniques, offer improved 

objectivity, accuracy, reduced variability, and faster 

results for medical image interpretation [38]. Integrating 

AI-based deep learning CNN advancements into clinical 

practice can lead to more precise and data-driven 

diagnostic tools, ultimately enhancing patient outcomes 
and optimizing healthcare resources.  Chest X-rays are 

pivotal in diagnosing heart disease by offering a 

comprehensive view of chest structures, particularly the 

heart. They enable the identification of cardiovascular 

abnormalities, such as cardiomegaly, providing crucial 

insights into heart size and shape. In cases of congestive 

heart failure, chest X-rays are instrumental in detecting 

signs like pulmonary edema, facilitating timely 

diagnosis and management [39]. Chest X-rays also 

contribute to evaluating blood vessels, aiding in the 

assessment of conditions like aortic aneurysms [2,20]. 

Furthermore, chest X-ray images have the abilities to 

reveal lung conditions impacting the heart, such as 

pneumonia or pleural effusion, underscores their 

significance in the comprehensive evaluation of cardiac 

health [1–3]. Beyond diagnosis, chest X-rays play a vital 
role in monitoring treatment responses and guiding 

further investigations based on identified abnormalities 

[20,40]. On the overall, chest X-ray images serve as a 

foundational and non-invasive diagnostic tool for 

assessing heart health, supporting the identification, 

diagnosis, and monitoring of diverse cardiovascular 

conditions [36,41]. However, thoughtful consideration 

of ethical aspects, data privacy, and the continued 

importance of human expertise is crucial in 

implementing AI-based deep learning CNN 

technologies in healthcare diagnostics. Chest diseases 

that may arise from the careful examination of the chest 
can be classified as: 1). Cardiomegaly [42], 2). 

emphysema [43], 3). Effusion [44], 4). hernia [45], 

2023), 5). Infiltration [46], 6). Mass [47], 7). Nodule 

[48], 8). Atelectasis [49], 9). Pneumothorax [50], 10). 

Pleural thickening [44], 11). Pneumonia [51], 12). 

Fibrosis [52], 13). Edema [39], and 14). Consolidation 

[53]. The development of a AI-based deep learning CNN 

model for accurate detection and classification of the 14 

different classes of chest diseases from chest X-rays will 

offer significant benefits in clinical practice and patient 

care. Such benefits will include high-precision disease 
detection, improving diagnostic efficiency by providing 

automated analysis, enhancing resource allocation for 

prioritized treatment, and serving as a decision-support 

system (DSS) for clinicians [10]. The model’s ability to 

identify diseases early, such as early-stage lung cancers 

and pneumonia will contribute to effective treatment and 

improved patient outcomes. In summary, the AI-based 

deep learning CNN based the DenseNet model have the 

transformative potential, providing accurate disease 

detection, classification aiding clinical decision-making, 

enabling early intervention, and optimizing healthcare 

resource allocation. 
 

2. Related works 
 

Deep learning architectures have shown remarkable 

advancements in medical image analysis, particularly in 

the context of chest X-ray diagnosis [11,13,16,18]. 

These deep learning architectures leverage 

convolutional neural networks (CNNs) and other deep 

learning techniques to achieve state-of-the-art 
performance in various tasks related to chest 

radiography. They have the potential to assist medical 

professionals in early diagnosis, enabling timely and 

effective treatment. With the availability of large chest 

X-ray datasets and the continuous advancement of deep 

learning techniques, the future of chest X-ray diagnosis 

looks promising, with the potential for further 

improvement in performance and clinical applications. 

    In 2023, Nasser and Akhloufi discussed multiple 

publicly available chest X-ray datasets for different 

diseases and presents an overview of recent deep 
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learning models used for chest disease detection [21]. 

The study highlights various deep learning architectures, 

including VGG, ResNet, DenseNet, Inception, 

EfficientNet, RetinaNet, and ensemble learning 

methods. Techniques for chest X-ray (CXR) image 

preprocessing, such as enhancement, segmentation, 

bone suppression, and data augmentation, are also 

explored. The key emphasizes is on the importance of 
interpretability and explainability to better understand 

the deep learning model detections [21]. 

   Another survey reviewed and technically evaluated 

different computer-aided chest pathologies detection 

systems based on deep learning. The study covered 

single and multi-pathologies detection systems 

published in the last five years. The paper discussed the 

taxonomy of image acquisition, dataset preprocessing, 

feature extraction, and deep learning models used. The 

article compared various articles based on their 

contributions, datasets, methods, and results achieved 
[54]. 

   The evolution of chest radiography and fluoroscopy 

since Wilhelm Rontgen’s discovery of X-rays has been 

examined [55]. Emphasis on the use of CXR as a first-

line imaging tool for chest assessment worldwide was 

discussed. Recent evidences for using modern machine 

learning to improve the efficiency and accuracy of CXR 

interpretation was highlighted. While acknowledging 

the potential of machine learning algorithms, the study 

also mentions the current limitations of these algorithms 

in providing comprehensive assessment and considering 

relevant clinical information [55]. 
   Iqbal and co-workers attempted to address the 

challenge of handling imbalanced datasets, particularly 

in the context of viral epidemics, where limited 

annotated data is available for lung disease signs from 

chest X-ray and CT images [36]. The proposed 

technique, called 3-Phase Dynamic Learning (3PDL), 

utilizes deep learning and Support Vector Machine 

(SVM) for image classification. The approach achieves 

high F1 scores and precision, indicating its potential as a 

pathologist’s assistive tool [24,36]. 

   While deep learning techniques have exhibited 
promise in classifying chest X-ray images for COVID-

19 and other lung diseases, several gaps persist in the 

existing literature. [1,4,13,19,56,57]. Many studies 

report high accuracy in classifying COVID-19 patients 

from normal or other pneumonia cases, but these results 

often arise from cross-validation studies without an 

independent test set, potentially introducing biases and 

overfitting issues [1,4,13,19,56–58]. The challenge of 

imbalanced datasets, where one class significantly 

outweighs the other, can impact model performance 

negatively, especially in chest X-ray diagnosis, where 

there might be an unequal distribution of COVID-19 
positive cases compared to normal or other lung diseases 

[1,4,24,36,56,59]. Addressing class imbalance is crucial 

to prevent biased model predictions and ensure accurate 

detection across all classes. Transfer learning, a strategy 

involving pre-trained models on larger datasets, is 

employed to mitigate the challenge of obtaining labeled 

medical images for training, but optimal model selection  

 

and fine-tuning for chest X-ray diagnosis remain active 

areas of research [4,40,56,60]. Moreover, the “black 

box” nature of deep learning models in medical settings 

necessitates efforts to enhance explainability for gaining 

the trust of healthcare practitioners, prompting ongoing 

research in methods to interpret and explain the 

decisions made by these models in chest X-ray diagnosis 

[24]. 
   The literature review on chest X-ray diagnosis using 

deep learning reveals significant findings [4,9,21]. AI-

based deep learning models exhibit effectiveness in 

classifying chest X-ray images for various diseases, 

including COVID-19, pneumonia, and other lung 

diseases [1,2,4,19]. The success of these models is 

contingent on a sufficiently large training dataset, and 

techniques such as data augmentation [61] and 

generative adversarial networks (GANs) [62] have been 

employed to address challenges posed by small datasets 

with little model improved performance [57]. Transfer 
learning has further been leveraged to improve feature 

extraction for chest X-ray image classification [60]. In 

addition, hyperparameter tuning has proven valuable by 

achieving accuracies consistently higher than 97%. 

[4,40,60]. The current project aims to address three 

research gaps, namely: 1). enhancing the classification 

accuracy and specificity in diagnosing up to 14 different 

classes of chest diseases; 2). develope an AI-based deep 

learning CNN using DenseNet model to classify and 

predict the risk level of heart failure based on chest X-

ray images; and 3). the research will leverages the issues 

of interpretability and explainability as the results will 
be self-explanatory to the clinicians. 

 

3. Background knowledge 
 

3.1. Convolutional Neural Networks (CNN)  

 

Convolutional neural networks (CNN) are specialized 

deep neural network algorithms designed for processing 

grid-like data such as images. CNN are designed for task 
that require object recognition including image 

classification, detection, segmentation and localization 

[5–8]. In a typical CNN model, the input image in the 

form of data is passed through a series of layers that are 

designed to extract features and consequently perform 

the classification of the extracted features to produce a 

label for the input image. The architecture of a 

convolutional neural network model is shown in Figure 

1. 

   The basic building blocks of a CNN are convolutional 

layers which use convolutional filters to extract features 
from the input data, and the padding and pooling layers 

which down sample the output of the convolutional 

layers to reduce the dimensionality of the data. After 

passing through several convolutional, padding and 

pooling layers, the output is flattened and fed into a 

series of fully connected layers which performs 

classification or regression on the extracted features to 

produce a label for the input image. Generally, the CNN 

model has two main parts, namely: i). Feature extraction 

and ii). Classification. 
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1) Feature Extraction 

 

Feature extraction involves the techniques that are used 

to automatically and efficiently extract the spatial 

features from input images and make the machine to 

learn those features automatically. In CNN, the feature 

extraction is influenced by five major components, 
namely: convolution layer, stride, padding, activation 

function and pooling layer which are briefly described in 

the following. 

a) Convolution Layer 

 

The convolution layer is specifically used for feature 
extraction. The convolution layer is the first building 

block of a CNN. As the name suggests, the main 

mathematical task performed is called convolution, 

which is the application of a sliding window function to 

a matrix of pixels representing an image. The sliding 

functions applied to the matrix are small grids called 

kernels or convolution filters. 

   In the convolution layer, several convolution filters of 

equal size are applied, and each convolution filter is used 

to recognize a specific pattern from the image, such as 

the curving of the digits, the edges, the whole shape of 

the digits, and more. In fact, in the convolution layer, the 
small grids (kernels or convolution filters) move over the 

image and checks for specific patterns in the image and 

highlights such pattern. By using several different 

convolution filters, the CNN can get a good idea of all 

the different patterns inherent in the image. Put simply, 

in the convolution layer, we use small grids (called 

filters or kernels) that move over the image. Each small 

grid is like a mini magnifying glass that looks for 

specific patterns in the photo, like lines, curves, or 

shapes. As it moves across the photo, it creates a new 

grid that highlights where it found these patterns. 
Detailed and complete treatment of CNN with associated 

pre-trained models can be found in [5–8, 11,12, 63, 64]. 

 

3.2. Classified chest diseases 

 

Different from all the literature reviewed, this research 

has been able to identify 14 different classed of chest 

diseases that have potential life-threatening effects on a 

patient. It should be noted Figure 2 depicts the X-ray 

image of a normal healthy chest where the risk level will 

be approximately zero. The description of these 14 

different classes of chest diseases considered in this 
research (shown in Figure 3 to Figure 16) are briefly 

discussed below: 

   (i) Cardiomegaly: Cardiomegaly, also known as an 

enlarged heart, is a medical condition characterized by 

an increase in the size of the heart. It is a symptom or a 

manifestation of an underlying medical condition. The 

Chest x-ray for Cardiomegaly is shown in Figure 3. 

Cardiomegaly can occur in response to various factors, 

and its presence often indicates an issue with the heart's 

structure or function. It refers to the enlargement of the 

heart, typically due to chronic conditions such as 

hypertension, heart valve disease, or cardiomyopathy 

[42]. 

   (ii) Emphysema: Emphysema is a chronic obstructive 

pulmonary disease (COPD) characterized by the gradual 

destruction of lung tissue, primarily caused by smoking 

or long-term exposure to pollutants. It is a chronic and 

progressive lung disease that primarily affects the 
alveoli, which are tiny air sacs in the lungs responsible 

for gas exchange. It falls under the broader category of 

chronic obstructive pulmonary disease (COPD), along 

with chronic bronchitis. The Chest x-ray for Emphysema 

is shown in Figure 4. Emphysema is characterized by 

the gradual destruction of the alveolar walls, leading to 

decreased lung function and difficulty in breathing [43]. 

   (iii) Effusion: Effusion refers to the abnormal 

accumulation of fluid in body cavities particularly within 

the chest (thoracic cavity) or around the lungs. This 

condition can lead to various symptoms and may 

indicate an underlying medical issue [44].The Chest x-
ray for Effusion is shown in Figure 5. 

   (iv) Hernia: Hernia is the protrusion of an organ or 

tissue through an abnormal opening in the body. It is a 

medical condition that occurs when an organ or tissue 

pushes through a weak spot or opening in the 

surrounding muscle or connective tissue that holds it in 

place. This can result in a noticeable bulge or lump that 

can often be seen or felt. Hernias can develop in various 

parts of the body, but they are most commonly found in 

the abdomen [45]. The Chest x-ray for Hernia is shown 

in Figure 6. 
   (v) Infiltration: Infiltration is a broad medical term that 

refers to the process by which foreign substances or 

abnormal cells enter and accumulate within a tissue, 

organ, or body space. In the context of chest diseases, 

infiltration can have various underlying causes and 

implications. The Chest x-ray for Infiltration is shown 

in Figure 7. It is important to note that “infiltration” itself 

is not a specific disease but rather a descriptive term that 

can be associated with different conditions [46]. 

    (vi) Mass: A mass in the context of chest disease refers 

to an abnormal growth or lump in the lung or 

surrounding tissues, which can be benign or malignant. 
"Chest mass" is a general term that refers to the presence 

of an abnormal lump or growth in the chest area. The 

Chest x-ray for Mass is shown in Figure 8. Chest masses 

can arise from a variety of underlying causes, some of 

which may be benign (non-cancerous) and others that 

could be malignant (cancerous) [47].  

   (vii) Nodule: A lung nodule is a small, rounded lesion 

or spot in the lung, often detected incidentally in imaging 

studies. Nodule is a term used in medicine to describe a 

small, solid, rounded growth or lump that can form in 

various tissues or organs within the body. Nodules can 
develop for a variety of reasons, and their significance 

can vary greatly depending on their location, size, and 

underlying cause [48]. The Chest x-ray for Nodule is 

shown in Figure 9. 

(viii) Atelectasis: Atelectasis is the partial or complete 

collapse of a lung or part of a lung due to blocked air 

passages. Atelectasis is a medical term that refers to a  
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Figure 1. Convolution neural network model architecture 

 

 

 

Figure 2. Normal Chest X-ray 

 

Figure 3. Cardiomegaly Chest X-ray 

 

Figure 4. Emphysema Chest X-ray 

 

Figure 5. Effusion Chest X-ray 

 

Figure 6. Hernia Chest X-ray 

 

Figure 7. Infiltration Chest X-ray 

 

Figure 8. Mass Chest X-ray 

 

Figure 9. Nodule Chest X-ray 

 

Figure 10. Atelectasis Chest X-ray 
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Figure 11. Pneumothorax Chest X-ray 

 
Figure 12. Pleural thickening Chest X-ray 

 
Figure 13. Pneumonia Chest X-ray 

 
Figure 14. Fibrosis Chest X-ray 

 
Figure 15. Edema Chest X-ray 

 
Figure 16. Consolidation Chest X-ray 

partial or complete collapse of a lung or a portion of a 

lung. This condition occurs when the tiny air sacs in the 

lung, called alveoli, deflate and cause the lung tissue to 

collapse. The Chest x-ray for Atelectasis is shown in 

Figure 10. Atelectasis can affect people of all ages and 

can vary in severity, from a small area of lung collapse to 
an entire lung lobe [49]. 

   (ix) Pneumothorax: Pneumothorax is the presence of 

air in the pleural space between the lung and the chest 

wall, leading to lung collapse. Pneumothorax is a medical 

condition that affects the lungs and chest cavity. It occurs 

when air accumulates in the pleural space, which is the 

space between the lung and the chest wall. This buildup 

of air can lead to lung collapse, causing a variety of 

symptoms and potential complications [50]. The Chest x-

ray for Pneumothorax is shown in Figure 11. 

   (x) Pleural Thickening: Pleural thickening is the 
scarring and thickening of the pleura, the membranes 

surrounding the lungs. Pleural thickening is a medical 

condition that affects the pleura, which is the thin, 

double-layered membrane that surrounds the lungs and 

lines the inside of the chest cavity. The Chest x-ray for 

Pleural thickening is shown in Figure 12. Pleural 

thickening occurs when the pleura becomes abnormally 

thickened and scarred, often as a result of prolonged 

inflammation or irritation. This condition can lead to a 

range of symptoms and potential complications [44]. 

   (xi) Pneumonia: Pneumonia is an infection that causes 
inflammation in the air sacs of the lungs, affecting lung 

function. Pneumonia is a common and potentially serious 

chest disease that affects the lungs. It is characterized by 

inflammation and infection of the air sacs in one or both 

lungs, which can cause a range of symptoms and 

complications. Pneumonia can affect people of all ages, 

but it is more dangerous for young children, the elderly, 

and individuals with weakened immune systems [51]. 

The Chest x-ray for Pneumothorax is shown in Figure 13. 
   (xii) Fibrosis: Fibrosis is a condition in which lung 

tissue becomes scarred and thickened over time. Fibrosis 

is a medical condition characterized by the excessive 

accumulation of fibrous connective tissue in an organ or 

tissue, leading to scarring and functional impairment. It 

is a common response to injury or inflammation and can 

occur in various organs throughout the body. The Chest 

x-ray for Fibrosis is shown in Figure 14. Fibrosis can 

have serious consequences, as it can disrupt the normal 

structure and function of affected tissues and organs [52]. 

   (xiii) Edema: Edema is the accumulation of fluid in the 
lung tissue and air sacs, impairing oxygen exchange. 

Edema is a medical term used to describe the abnormal 

accumulation of fluid in the interstitial spaces within 

body tissues, leading to swelling. It can occur in various 

parts of the body and is often a sign of an underlying 

medical condition. Edema can affect any age group and 

may be acute (short-term) or chronic (long-term). It’s 

important to note that edema itself is not a disease but a 

symptom of an underlying problem [39]. The Chest x-ray 

for Edema is shown in Figure 15. 

   (xiv) Consolidation: Consolidation is the replacement 
of normal air-filled lung tissue with fluid or other 

substances. Consolidation is a medical term used to 

describe a specific type of chest disease that involves the 
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filling of the air sacs (alveoli) in the lungs with fluid, pus, 

blood cells, and other substances, causing them to 

become solid and less able to function properly. The 

Chest X-ray for Consolidation is shown in Figure 16. 

This condition is often associated with various 

respiratory illnesses, most notably pneumonia. It results 

in decreased gas exchange within the affected lung tissue, 

leading to impaired oxygenation of the blood [53]. 

 

4. Development of the cnn algorithm based on 

densenet model 
 

4.1. Materials and technologies 

 

The materials employed in this research are: (i) Google 

Colaboratory cloud-based code editor; (ii) T4 Graphical 

Processing Unit (GPU); (iii) Python software and 

associated libraries; (iv) Tensorflow, Keras, Numpy, 
Pandas, Seaborn and Matplotlib Libraries; (v) a high 

speed Internet connection; and  (vi)108 frontal view X-

ray images of 32,717 unique patients. A total of 112,120 

frontal-view X-ray images of 30,805 unique patients, 

obtained from NIHCC [27], were used as training data set 

(80%) and validation data set (20%) while 108,948 

frontal view X-ray images of 32,717 unique patients [28] 

were used for testing the AI-based CNN using the 

DenseNet pre-trained model structure. After the data set 

pre-processing, a total of 141,537 class label distributions 

on the data set were obtained as listed in Table 1 for each 

class of the chest disease to facilitate the chest X-ray 
disease classification. There is no patient overlap 

between the data sets. 

 

4.2. Dense Convolutional Neural Network 

(DenseNet) 

 

4.2.1 Dense Convolutional Neural Network (DenseNet) 

 

DenseNet's densely connected architecture ensures that 

each layer receives direct input from all preceding layers 

and passes its own feature maps to all subsequent layers. 

This promotes extensive feature reuse, allowing for a 

more efficient flow of information through the network. 

Huang and co-workers stated in their original DenseNet 

paper that this connectivity pattern encourages feature 

propagation and leads to improved parameter efficiency 

[66].  
   The use of dense connections enables the gradient to 

flow directly through the network, mitigating the 

vanishing gradient problem. This makes it feasible to 

train very deep networks, which is a significant 

advantage in tasks     In tasks that require complex feature 

hierarchies. It also reduces the number of parameters 

compared to traditional architectures like popular 

AlexNet by eliminating the need for separate learned 

features at each layer. This leads to a more parameter-

efficient model, which is crucial for applications with 

limited computational resources. 
   The paper by Huang and co-workers demonstrated 

through experiments that DenseNet achieves competitive 

or better performance with fewer parameters compared 

to other pre-trained model structures [66]. DenseNet's 

densely connected blocks are highly effective for tasks 

like image segmentation, where precise labeling of pixels 

is essential. The architecture's ability to capture fine-

grained features across multiple scales makes it 

particularly well-suited for such tasks. 

   The choice of DenseNet for the project is grounded in 

its ability to facilitate efficient information flow, mitigate 

gradient vanishing, utilize parameters effectively, and 

excel in tasks like image segmentation. 
   DenseNet introduces densely connected layers where 

each layer receives input from all preceding layers 

[15,66]. A DenseNet is a type of convolutional neural 

network that utilizes dense connections between layers, 

through Dense Blocks, where we connect all layers (with 

matching feature-map sizes) directly with each other. To 

preserve the feed-forward nature, each layer obtains 

additional inputs from all preceding layers and passes on 

its own feature-maps to all subsequent layers. This 

fosters feature reuse and reduces the risk of vanishing 

gradients. The DenseNet architecture is shown in Figure 

17 and was developed specifically to improve the 
declined accuracy caused by the vanishing gradient in 

high-level neural networks. In simpler terms, due to the 

longer path between the input layer and the output layer, 

the information vanishes before reaching its destination. 

The key characteristics of the DenseNet are: (i) Dense 

Blocks: Each layer receives feature maps from all 

preceding layers and passes its own feature maps to all 

subsequent layers; (ii) Transition Layers: These layers 

control the growth of feature maps and reduce spatial 

dimensions; and (iii) Applications include Image 

Segmentation: DenseNet is highly effective in tasks like 
image segmentation, where it can precisely label pixels 

in an image. 

 

4.2.2 The DenseNet CNN-Based algorithm 

 

According to the discussion of Section III(A) based on 

Figure 1, the deep CNN is trained firstly with a forward 

 

Figure 17. DenseNet Architecture 
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propagation algorithm for weights and bias adjustments 

followed by a backward propagation for weights and bias 

corrections for accurate classification of the output image 

based on the extracted features of the input images. In the 

following, the forward and backward propagation 

algorithms are presented. 

 

4.2.2.1 Forward propagation 

 

1. Dense connectivity: 

 
The DenseNet-121 comprises 4 dense blocks, which 

themselves comprise 6 to 24 dense layers. A dense block 

comprises n dense layers. These dense layers are 

connected such that each dense layer receives feature 

maps from all preceding layers and passes its feature 

maps to all subsequent layers. The dimensions of the 

feature maps (width, height) stay the same in a dense 

block. 

   Given input Xi to a layer in a dense block, the output is 

computed by concatenating the feature maps from all 

preceding layers: 
0 1 1[ , , , ]i iX X X X −= . The input layer 

to the DenseNet is an image tensor X with dimension 

320*320*1 , representing a 320*320  image with one 

color channels (grayscale).  

 

11 12 1

21 22 2

1 2

m

m

m m mm

X X X

X X X
X

X X X

 
 
 =
 
 
 

                   (1) 

The weight associated with each feature are represented 

by W.    

  1 2, , , nW w w w=                     (2) 

The output Hi is passed through a series of convolutional 

and batch normalization operations. 

 

2. Dense layer:  

 

Each dense-layer consists of 2 convolutional operations, 

namely: 

(i) 1 1  CONV (conventional convolution operation for 

extracting features) 

 

(ii) 3 3  CONV (bringing down the feature 

depth/channel count) 

 

   The CONV layer corresponds to the sequence 

BatchNorm →  ReLU →  Conv. A layer has each 

sequence repeated twice, the first with 1 1  Convolution 

bottleneck producing: growth rate x 4 feature maps, the 

second with 3x3 convolution. The growth rate ( 32k =  

for DenseNet-121) defines the number of output feature 

maps of a layer [15,66]. Basically the layers output 32 

feature maps which are added to a number of 32 feature 

maps from previous layers. While the depth increases 

continuously, each layer bring back the depth to 32. 

   The convolutional layer applies filters ( )cW  to the 

input image, producing feature maps and the bias ( )cb  

are added to the result of the convolution (see Section 

III(A) for detailed background knowledge on CNN). 

 

3. Convolution operation: 

   

( ) ( ) ( 1) ( )

( ) ( ) ( )

1 1:

*

l l l l

l l l

for l to l

Z W A b

A g Z

end

−

= − 


= + 


= 



         (3) 

where 
( )lW Represents the weight matrix of the 

thl  

layer, 
( 1)lA −

 is the output (activation) of the ( ( 1)thl −  layer, 

( )lb is the bias vector of the 
thl  layer, and thg is the 

activation function applied element-wise to 
( )lZ . Also, 

the W is the convolutional filter (weights), b denote the 

bias and * denotes the convolution operation. 

 
4. Transition layer: 

 
After each dense block, a transition layer is used to 

reduce dimensions. If 
iX  is the input, then 

( ) ( )

( ) ( )

1 Conv2D X   BatchNorm X

  ReLU X   AveragePooling X

i i i

i i

H + = + 


+ + 

 

 

 

 (4) 

 
5. Global average pooling: 

 
After the last dense block, global average pooling is 

applied: 

 ( )GAP lastH =GlobalAveragePooling H      (5) 

6. Final classification layer: 

 

The output of GAP is connected to the final dense layer 

with sigmoid activation for classification. The last layer 
of the model is a Dense layer with a sigmoid activation 

function, which is commonly used for binary 

classification problems. The sigmoid function squashes 

the output values between 0 and 1, making it suitable for 

binary predictions. Let 
[ ]LZ  be the input to the last layer, 

where L is the index of the last layer. The output 
[ ]LA  is 

computed as follows:  

  

 
( ) ( ) ( 1) ( )l l l iz W A b−= +     (6) 

 ( ) ( )ˆ *l ly g z=    (7) 
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where ŷ  is the predicted output of the neural network. 

Introducing additional elements and regularization terms, 

we have 

( )

Cross Entropy Loss :

ˆ ˆ ˆ( , ) *log( ) (1 ) log(1 )L y y y y y y

− 


= − + − − 

 

 (8) 

where y  is the ground truth labels; Dropout: 
( )lD  is 

applied to 
( )lA ; and Batch Normalization: 

( )lBN  is applied 

to 
( )lZ . 

   The variable 
( )lz  is often referred to as the weighted 

input to the activation function in the 
thl  layer. Its 

purpose is to capture the linear combination of the inputs 
from the previous layer, weighted by the synaptic 

weights, and includes the bias term. Where 
( )lW  

represents the weight matrix of the 
thl  layer, 

( 1)lA −
 is the 

output (activation) of the ( 1)thl −  layer, 
( )lb  is the bias 

vector of the 
thl  layer, and 

( )lZ  is the total weighted 

input. 

   The weighted input 
( )lz  is then passed through an 

activation function ( )lg  to introduce non-linearity into the 

model: 

 ( ) ( ) ( )*l l lA g Z=   (9) 

4.2.2.2. Backward propagation (gradient descent) 

Back-propagation through dense blocks and transition 

layers 

Gradients are computed with respect to the loss and 

propagated backward through each layer. The general 

formula for computing the gradient, often referred to as 

back-propagation, involves applying the chain rule of 

calculus. The gradient of the loss with respect to the 

parameters can be expressed as follows: 

 
1. Output layer (Layer L): 

   

𝛿(𝑙) =
𝜕𝑙

𝜕𝑍(𝑙)

𝜕𝑙

𝜕𝑊(𝑙)
= 𝛿(𝑙) ∙ (𝐴(𝑙−1))𝑇

𝜕𝑙

𝜕𝑏(𝑙)
=∑𝛿(𝑙)

}
 
 

 
 

                                       (10) 

   

2. Hidden layers  to ( -1 1)l L to= : 

 

 
𝑓𝑜𝑟 𝑙 = 𝐿 − 1 𝑡𝑜 1:                                           

𝛿(𝑙) = (((𝑊𝑙+1) ∙ 𝛿(𝑙+1))⨀ ġ 
∗ (𝑙)(𝑧(𝑙))

𝜕𝑙

𝜕𝑊(𝑙)
= 𝛿(𝑙) ∙ (𝐴(𝑙−1))

𝑇

𝜕𝑙

𝜕𝑏(𝑙)
= ∑𝛿(𝑙) }

 
 

 
 

 
    (11) 

     

where * denote element-wise multiplication, ( )lg  is the 

derivative of the activation function ( )lg  with respect to 

its input. 

 

3. Regularization Terms: The regularization terms are 

given as 

   
( ) ( )( ) ( 1)

( ) ( 1)

l l

l l

R W R A
and

W A

−

−

 

 
     (12) 

4. Binary Accuracy: Binary accuracy is the ratio of 

correct predictions to the total number of predictions  

 

Binary Accuracy

Number of correct predictions

Total Number of predictions

TP TN

TP TN FP FN






= 

+

= 
+ + + 

   (13) 

5. Precision Equation: Precision is the ratio of true 

positive predictions to the total predicted positives  

 Precision
TP

TP FP
=

+
 

(14) 

6. Recall (sensitivity or True Positive Rate): 

Recall is the ratio of true positive predictions to the total 

actual positives.   

 Recall
TP

TP FN
=

+
    (15) 

 

Table 1. Details of DenseNet architectural parameters 

Layer(type) Output Shape Parameters 

Input Layer (None, None, 

None, 3) 

 

Convolutional Blocks (None, None, 

None, 3) 

36864 

Pooling Layers (None, None, 

None, 5) 

524288 

Concatenation Layers (None, None, 

None, 1) 

4096 

Batch Normalization (None, None, 

None, 1) 

4096 

ReLu(activation) (None, None, 

None, 1) 

0 

Global Average Pooling (None, 1024) 0 

Fully connected 

layers(Dense) 

(None, 14) 14350 

Total Parameters                            : 7,051,854 

Trainable Parameters                     : 6,968,206 

Non-trainable Parameters              : 83,648 
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where TP (True Positives), TN (True Negatives), FP 

(False Positives), FN (False Negatives) for precision and 

recall. These metrics is computed using the predicted 

outputs ( ŷ ) and the actual labels ( y ) after model training. 

7. F1-Score: The F1-score is the harmonic mean of 

precision and recall. The F1-score will be used to provide 
a balanced measure of model performance. This metric is 

useful to handle the imbalance in class distribution and is 

especially relevant for cases where certain classes may 

dominate the dataset. The F1-score is calculated as: 

 1 2
Precision Recall

F Score
Precision Recall


= 

+
    (16) 

This metric is particularly important in situations where 

both precision and recall are important, as it balances the 

trade-off between them. 

8. AUC-ROC: The area under receiver operating 

characteristic curve (AUC-ROC) is mathematically 

described as the integral of the True Positive Rate (TPR) 

with respect to the False Positive Rate (FPR) across all 
possible classification thresholds, and can be interpreted 

as the probability that a randomly chosen positive 

instance will be ranked higher than a randomly chosen 

negative instance. It quantifies the performance of a 

binary classifier across its entire range of operating 

points, with values closer to 1 indicating better 

performance. AUC-ROC can be expressed 

mathematically as: 

( )

( )( )

1

0

1

1

0

AUC ROC TPR FPR dFPR

TPR FPR x dx−


− = 





=







  (17) 

9. Confusion Matrix: A confusion matrix does not have a 

single formula but is a table used to summarize the 
performance of a classification model by showing the    

actual versus predicted classes. For a two-class problem, 

it includes four components: True Positives (TP), True 

Negatives (TN), False Positives (FP), and False 

Negatives (FN). These components are then used in 

formulas to calculate performance metrics such as the 

Accuracy (as defined in (13)), Precision (Positive 

Predictive Value, PPV given in (14), Recall (Sensitivity, 

True Positive Rate defined in (15)), Specificity (True 

Negative Rate), and the F1 score (given by (16)). 

 
4.2.3. The complete developed densenet CNN 

architecture 
 

DenseNet121 is a CNN architecture tailored for detection 

of 14 different pathologies from chest X-ray images. It is 

based on DenseNet CNN architecture. DenseNet stands 

for Densely Connected Convolutional Network and it has 

121 layers deep CNN architecture pre-trained on 

ImageNet dataset. In DenseNet, each layer is densely 

connected to every other layer in a feed-forward fashion. 

This means that the output of each layer is fed directly as 

input to all subsequent layers. This dense connectivity 

pattern encourages feature reuse and allows for efficient 

learning and propagation of information through the 

network. Specifically, in DenseNet architecture, the input 

of a layer is the concatenation of the feature maps from 

all preceding layers. This dense connectivity enables 

efficient learning and parameter reduction compared to 

traditional architectures. It also helps mitigate the 

vanishing gradient problem and facilitates feature 

propagation. 

   DenseNet operates on the principle of densely 
connected layers throughout the network, promoting 

efficient feature reuse and propagation. DenseNet has 

7,051,854 parameters in total out of which 6,968,206 are 

trainable and 83,648 are non-trainable parameters. 

Architecture details, layer-wise parameters and output 

shape of DenseNet121 mode are shown in Table 1. To 

initialize the model parameters, Transfer Learning 

techniques described in [4,36,60] combine with the 

techniques discussed in Section III(A)(3) were used to 

overcome the problem of over-fitting. All the layers 

discussed above are stacked up to make a full CNN 

architecture. In addition to these main layers mentioned 
above, CNN also include optional layers like batch 

normalization layer to improve the training time and 

dropout layer to address the over-fitting issue (see 

Section III(A)(3)). The CNN Algorithmic model based 

on DenseNet model structure is shown in Figure 18. 

 

4.3. Quantitative benchmarking criterion for the 

proposed CNN with densenet model structure 

 

4.3.1. InceptionV3 and ResNet Model Structures 

 
In other to evaluate the performance of the proposed deep 

CNN based on DenseNet model structure, it is imperative 

to compare its performance with two widely used model 

structures for CXR classification, namely: InceptionV3 

[11, 16, 67–70] and ResNet [11,14,68–72]. The complete 

description of these model structures can be found in [5–

7,11]. 

 

4.3.1.1. The InceptionV3 
  

The InceptionV3 model architecture for chest X-ray 

classification uses its core design of parallel 

convolutional layers within Inception modules to 

efficiently capture multi-scale features from the X-rays 
[5,8,16]. This deep convolutional neural network (CNN), 

pre-trained on large datasets like ImageNet, is adapted 

for medical imaging through a process called transfer 

learning to classify diseases such as pneumonia or 

COVID-19 from chest X-ray images [68–70]. The 

standard InceptionV3 model serves as a feature extractor, 

often followed by dense layers and a softmax classifier to 

output the final diagnosis [11,68–70]. 

 

4.3.1.2. ResNet-50  

 

The ResNet-50 architecture, a 50 layer CNN, is widely 
used for chest disease classification from X-ray images 
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by leveraging transfer learning and fine-tuning pre-

trained models [11, 14, 68–72]. Its key feature is residual 

connections, which help prevent the vanishing gradient 

problem and enable the network to effectively extract 

deep features from complex medical images for accurate 

disease detection, such as pneumonia or COVID-19 [68–

73]. 

 

4.3.2. Interpretability via visualizations criterions 

 

4.3.2.1. Salience, ICA and feature maps 
 

A saliency map shows which parts of an input (like an 

image) are most important for a model’s decision, while 

a feature map shows the output of a specific filter in a 

neural network, highlighting features like lines or curves 

[70,72]. An Independent Component Analysis (ICA) 

saliency map is a specific type of saliency map that uses 

ICA to identify and emphasize salient features or regions 

in the data. A saliency feature map is a broad term for any 

saliency map that is derived by analyzing the features 

within an image, often using methods like semantic 

segmentation or by analyzing features such as color and 
contrast. In this research, after preliminary evaluation, 

the saliency feature map is adopted because of its 

superior performance compared to pure saliency and ICA 

saliency maps. 

 

4.3.2.2. Grad-CAM visualization 

 

Grad-CAM: In the AI context, a saliency map is a general 

term for a visualization highlighting important image 

regions, while Grad-CAM (Gradient-weighted Class 

Activation Mapping) is a specific, gradient-based 
technique for generating these maps in convolutional 

neural networks (CNNs) [74–76]. Grad-CAM combines 

feature map activations with gradient information to 

produce a heatmap showing which parts of an image led 

to a CNN’s decision for a specific class, offering a more 

detailed and interpretable view than generic saliency 

maps. 

   Both Grad-CAM and occlusion sensitivity provide 

valuable but different perspectives on model decision-

making. Grad-CAM offers efficiency and a view into the 

model’s internal representations, while occlusion 

sensitivity provides a more direct and sometimes more 
precise measure of feature importance. Furthermore, 

Grad-CAM uses class-discriminative feature maps 

derived from the model’s gradients to highlight important 

regions in an image; whereas local interpretable model-

agnostic explanation (LIME) explains predictions by 

creating a local, interpretable, model-agnostic model by 

perturbing the input image [74–76]. Grad-CAM is a 

heatmap-based  method specific to CNNs, while LIME is 

a model-agnostic technique that can be applied to any 

black-box model and is not limited to image analysis 

[74,76].  
   In this research, after preliminary evaluation of the 

visualization based on the three methods, the DenseNet-

based Grad-CAM with the LIME algorithm has been 

adopted because of its unique visualization performance 

compared to pure Grad-CAM and occlusion sensitivity. 

 

4.4. Implementation of the complete CNN 

algorithmic model based on DenseNet model 

structure for adaptive classification of chest diseases 

 

4.4.1. Implementation strategy 

 

The implementation of the CNN algorithm based on the 
DenseNet model structure is illustrated diagrammatically 

in Figure 19. After data pre-processing, the class label 

distributions on the data set are listed in Table 2. The size 

of the input images for different CNNs were different and 

therefore the datasets were pre-processed to resize the X-

Ray images. In the classification problem for DenseNet, 

the images were resized to 320 × 320 pixels. All images 

were normalized using Z-score normalization based on 

the image database mean and standard deviation. The 

implementation of the CNN algorithm based on the 

DenseNet model structure is summarized as follows: 

   1. Input image is passed through a series of 
convolutional layers that extract features using 

convolutional filters with appropriate stride and padding 

techniques. 

   2. The output of each layer is passed through a rectified 

linear unit (ReLU) activation function to introduce non-

linearity. 

   3. Pooling layers are used to reduce dimensionality of 

output and make the model more efficient. 

   4. The convolutional and pooling layers computations 

are repeated 5 times at each epoch due to the complexity 

of the chest X-ray classification problem. 
   5. The output of the final convolutional layer is 

flattened and fed into the fully connected layer (FC 

Layer) that performs classification on the extracted 

features from the chest X-ray images. 
   6. The output of the FC layer is passed through a 

softmax activation function with the associated cost 

functions to produce a class label for the input image. 

   7. The implementation of the CNN algorithm based on 

the DenseNet model structure for each chest disease 

classification converged after 80 epochs (iterations) 

which demonstrate the robustness of the algorithm (see 

Figure 20(a)). 
   8. As discussed in Section IV(C), the saliency feature 

maps and the corresponding DenseNet-based Grad-CAM 

with LIME algorithm for the 14 classes of chest diseases 

inherent in the CXR images discussed and shown in 

Figure 2 to Figure 16 are presented in Figure 21(a) and 

(b). The saliency feature maps shows the segments of the 

chest that are infected with the yellowish heatmap while 

the DenseNet-based Grad-CAM shows the specific 

patched segments that are infected for direct 

interpretation and diagnosis. It is evident from the 

DenseNet Grad-CAM with LIME results of Figure 21(a) 
and (b) that chest disease can be transmitted to and from 

other parts of the whole body. 
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Figure 18. The CNN Algorithmic model based on DenseNet model structure 

 
Figure 19. Implementation of the complete CNN Algorithmic model for adaptive classification of chest x-ray diseases based on DenseNet model 

 

                       (b) 

  

 

 

 
4.4.2. Additional Implementation Considerations 

 

The methodology for developing and implementing the 

CNN based on DenseNet model algorithm for the 

accurate detection and classification of the 14 different 

chest diseases involves additional consideration listed as 

follows: 

 

 
   1. Data Preprocessing: Cleaned and preprocessed the 

dataset to ensure consistency and quality. This includes 

resizing the images, normalizing pixel intensities, and 

handling missing data although there was no missing 

data. 

   2.  Data Split: For the chest pathology detection and 

classification task, the dataset were split into training and 

Figure 20. Training and validation results for 80 iterations obtained by deep CNN based on DenseNet model 

structure: (a) Accuracy curves and (b) AUC-ROC curves and values for the 14 CXR disease of Figure 4 to 

Figure 17. 

(a) 
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validation while the test data set were acquired 

separately. The training data set was used to train the 

model, the validation set was used for hyperparameter 

tuning and model selection, and the testing set was used 

for unbiased evaluation of the final performance of the 

CNN based on DenseNet model structure. 

   3. Model Structure Selection: Choosing an appropriate 

deep learning model structure suitable for image 

classification tasks. DenseNet was used because it 

balances model complexity, computational efficiency, 

and performance. 
   4. Model Training: The training starts by loading the 

DenseNet121 model. DenseNet121 is a pre-trained deep 

learning structure known for its effectiveness in various 

computer vision tasks. The model by adding additional 

layers specifically a global average pooling layer, which 

reduces the spatial dimensions of the output and prepares 

the DenseNet model for classification and a softmax 

layer with a sigmoid activation function. The model is 

then compiled using the Adam optimizer and a custom 

loss function. The custom loss function, 

get_weighted_loss, incorporates class weights to address 

class imbalance in the dataset. These weights are learned 
from a large dataset and serve as a starting point for the 

fine-tuning 

   process. During training, the CNN based on DenseNet 

model learns to recognize patterns and features indicative 

of the presence or absence of each disease. The training 

parameters option is presented in Table 3 [11]. 

   5. Hyperparameter Tuning: Fine-tuned the model’s 

hyperparameters to improve its performance. This 

involved adjusting learning rates, regularization 

techniques, batch sizes, and the number of layers and 

filters in the DenseNet architecture. The detailed 
hyperparameters used for tuning the deep CNN models 

are listed in Table 3 [40, 77]. Hyperparameter tuning was 

typically performed using the validation set [11]. 

   6. Model Evaluation: Assessed the trained model 

performance using the testing set, which was not seen by 

the model during training or hyperparameter tuning. 

Evaluated various performance metrics such as accuracy, 

precision, and area under the receiver operating 

characteristic curve (AUC-ROC) to measure the model's 

effectiveness in accurately detecting the 14 target 

diseases. The model assigns a probability score to each 

class (e.g., probability of being normal and probability of 
being abnormal). 

   7. Iterative Refinement: Iterated and refined the model 

based on the evaluation results and feedback. This 

involved revisiting the model architecture, adjusting 

hyperparameters, or incorporating additional data or 

techniques to address specific challenges or limitations 

identified during the evaluation. 

   8. Interpretability and Explainability: Developed 

techniques to interpret and explain the model's 

predictions. This include generating heatmaps to 

highlight regions of interest in the chest X-ray images 
and applying attention mechanisms to understand the 

model’s decision-making process. Interpretable models 

are crucial for gaining insights and building trust in the 

medical domain [24]. 

   9. Validation and Deployment: Validated the model’s 

performance on external datasets to assess its 

generalizability.  

 

5. CNN simulation results and discussions of 

results based on the densenet model 
 
The model is designed for chest X-ray diagnosis, aiming 

to identify 14 different diseases using deep learning 

techniques. The architecture used is DenseNet121. 

DenseNet121 is a type of Convolutional Neural Network 

(CNN) pre-trained model structure that has demonstrated 

success in various computer vision tasks, including 

medical image analysis. Each layer receives input not just 

from the previous layer but from all preceding layers. 

This encourages feature reuse and enhances the flow of 

information through the network. This model has been 

trained on a large dataset of labeled chest X-rays, where 
each image is linked to the presence or absence of 

specific chest diseases. 

   The loss function used during training guides the model 

to minimize the difference between predicted and actual 

label distributions. The training process involves 

adjusting the model's parameters to minimize the 

difference between predicted and actual labels. For each 

chest X-ray image, the model generates predictions for 

the presence or absence of 14 diseases, assigning a 

probability to each class. The probabilities represent the 

model’s confidence in its predictions. The final layer of 

the DenseNet121 model consists of 14 neurons, each 
corresponding to one of the diseases. A suitable 

activation function, softmax, was applied to convert the 

model's raw output into probabilities. The extracted 

features are fed into a trained classification model.  Based 

on the extracted features and the internal logic of the 

model, probabilities are assigned to each 

disease, indicating the likelihood of its presence in the X-

ray. 

  The results are presented as a list of diseases along with 

associated probabilities. Each probability represents the 

model's estimate of the likelihood of a specific disease 
being present. A threshold, often set by medical 

professionals, can be applied to convert probabilities into 

binary predictions (presence or absence of a disease). For 

example, if the threshold is 0.5, probabilities above 0.5 

are considered positive predictions. The training and 

validation results for the accuracy and rate of 

convergence (ROC) curves are shown in Figure 20(a) and 

(b) respectively. For space economy, only simulation 

results for four case studies with absolute chest disease 

classification from CXR images based on probabilities 

have been presented with performance comparison 
metrics tables. 

 

5.1. Case study 1: high risk of cardiac and 

respiratory heart attack 
 

The performance metrics for the deep CNN based on 

DenseNet, InceptionV3 and ResNet model structures for 

CASE STUDY 1 is shown in Table 4 where three CNN 

model structures have been tested in terms of 
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performance comparison for the chest disease 

classification based on CXR images. 

   The results are analyzed to assess the performance of 

three model structures using multiple metrics discussed 

in Section IV(B)(b) which include (i) Binary Accuracy, 

(ii) Precision, (iii) Recall, (iv) F1-score, (v) area under 

receiver operating characteristic curve (AUC-ROC), and 

(vi) Confusion Matrix. 

   Accuracy is an important metric in deep learning that 

shows the proportion of correctly predicted samples over 

the total number of samples according to (13). As it can 
be seen in the second row of Table 4, the DenseNet has 

the best accuracy of 99.29% when compared to 

InceptionV3 and ResNet models with accuracy of 

71.43% and 68.72% respectively. 

   Precision is another important metric which shows the 

proportion of correct identifications. In terms of 

precision, the DenseNet outperforms the InceptionV3 

and ResNet model structures as evident in the third row 

of Table 4. The DenseNet has a 99.15% precision when 

compared to the averagely 71.35% and 68.64% recorded 

by the Inception and ResNet models. 

   The recall score measures how well the model correctly 
captures positive cases. It is the ratio of the true positives 

to the sum of the true positives and false negatives. In 

this study, the proposed CNN based on the DenseNet 

model structure achieved an outstanding recall rate of 

99.64% when compared to the 71.70% and 68.98 

obtained using the InceptionV3 and ResNet models 

respectively. This extremely high recall rates emphasize 

the effectiveness of the DenseNet model in identifying 

positive cases correctly, hence reducing false negatives. 

   F1-score represents the harmonic mean of precision 

and recall. In terms of the F1-score, the deep CNN based 
on the DenseNet model structure shows superior 

performance than the InceptionV3 and the ResNet model 

structures with an F1-score of 99.52% signifying a 

balanced performance in precision and recall. 

   The Area Under the Receiver Operating Characteristic 

Curve (AUC-ROC) evaluates the performance of a 

model across all possible classification threshold, 

balancing sensitivity and specificity. In this study, the 

CNN based on DenseNet model structure achieved the 

highest AUC-ROC score across all slices, boasting a 

near-perfect score of 99.37%. 

   The confusion matrices for the deep CNN based on the 
proposed DenseNet, InconceptionV3 and ResNet model 

structures are shown respectively in Figure 22(a), (b) and 

(c) for Case study 1. It is obvious in Figure 22(a) the 

accuracy of 99.29% obtained by the DenseNet model 

justifies the robust performance the DenseNet model 

when compared to the InceptionV3 and ResNet models. 

The accuracy obtained from the confusion matrix 

construction is unarguably exactly the same as that 

shown in Table 4 for the three models. Thus, the 

confusion matrix shows that the DenseNet model 

performs well in accurately detecting both TP, TN, FP 
and FN for the predicted classified and class target 

outputs as shown in Figure 22. 

   Other results obtained for Case Study 1 based on  

 

probability scores for different chest X-ray diagnoses 

predicted by the deep learning model shown in Figure 23 

are listed in Table 5 for high risk of cardiac and 

respiratory heart attack. Each label corresponds to a 

specific disease, and the associated score represents the 

confidence or probability of the model predicting that 

particular disease. 

   1. Cardiomegaly (0.82): The model predicts 

Cardiomegaly with a high confidence score, indicating 

an increased size of the heart. This condition may be 

associated with various cardiac issues. 
   2. Emphysema (0.70): The model predicts Emphysema 

with a substantial confidence score, suggesting potential 

damage to the air sacs in the lungs. This could be 

indicative of a chronic obstructive pulmonary disease 

(COPD). 

 
Table 2. Class label distribution on data set 

S/N Labels Distributions 

1 No finding 60,361 

2 Cardiomegaly 2776 

3 Infiltration 19894 

4 Emphysema 2516 

5 Effusion 13317 

6 Atelectasis 11559 

7 Nodule 6331 

8 Mass 5782 

9 Consolidation 4667 

10 Pneumothorax 5302 

11 Pleural thickening 3385 

12 Edema 2303 

13 Fibrosis 1686 

14 Pneumonia 1431 

15 Hemia 227 

Total label distribution 141,537 

 

Table 3. Hyperparameter Training and Tuning options 

S/N Parameter and Layer Type Specification 

1 imageInputLayer [32  32  1] 

2 Convolution2dLayer (5, 20) 

3 reluLayer empty 

4 maxPooling2dLayer 2 

5 Stride 2 

6 Dropout Rates 0.5 

7 L2Regularization [1e-8  1e-2] 

8 Momentum [0.5  0.99] 
9 Sequence padding Direction Left 

10 Padding 2 

11 fullyConnectedLayer 14 

12 Hyperparameter Optimizer Adam 

13 Loss Function Cross entropy 

12 MaxEpochs 100 

13 Initial Learning Rate [1e-3  1] 

14 Gradient Algorithm Threshold 1 

15 Shuffle Every epoch 

16 Metrics accuracy 
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Figure 21. (a). Visualization comparison of the saliency map and the DenseNet-based Grad-CAM with LIME for CXR 
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Table 4. Performance comparison metrics for the deep CNN based on DenseNet,  

InceptionV3 and ResNet model structures for Case Study 1 

S/N Performance Metrics CNN Pre-trained Model Structures 

DenseNet InceptionV3 ResNet-50 

1 Accuracy 99.29 71.43 68.72 

2 Precision 99.15 71.35 68.64 

3 Recall 99.64 71.70 68.98 

4 F1-Score 99.52 71.62 68.90 

5 AUC-ROC 99.37 71.51 68.80 
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   3. Effusion (0.29): The model predicts Effusion with a 

lower confidence score, implying the possible presence 

of excess fluid around the lungs. Further investigation 

may be needed. 

   4. Hernia (0.83): The model predicts Hernia with high 

confidence, indicating a protrusion of an organ through 

the abdominal wall. This requires clinical attention. 
   5. Infiltration (0.34): The model predicts Infiltration 

with moderate confidence, suggesting the presence of 

substances such as fluid or inflammation in the lung 

tissues. 

   6. Mass (0.26): The model predicts Mass with a 

relatively low confidence score. While it may indicate a 

mass or tumor, further evaluation is needed. 

   7. Nodule (0.36): The model predicts Nodule with 

moderate confidence, pointing to the possibility of small, 

rounded abnormalities in the lung. 

   8. Atelectasis (0.18): The model predicts Atelectasis 

with a low confidence score, suggesting partial lung 
collapse. Clinical assessment is essential. 

   9. Pneumothorax (0.19): The model predicts 

Pneumothorax with low confidence, indicating potential 

air leakage into the pleural space. Further investigation 

is required. 

   10. Pleural Thickening (0.71): The model predicts 

Pleural Thickening with high confidence, suggesting 

thickening of the membrane around the lungs. This may 

be associated with various conditions. 

   11. Pneumonia (0.19): The model predicts Pneumonia 

with low confidence, implying a lower probability of 
infection in the lungs. 

   12.  Fibrosis (0.80): The model predicts Fibrosis with 

high confidence, indicating scarring of lung tissue. This 

may be associated with various lung diseases. 

   13. Edema (0.08): The model predicts Edema with a 

low confidence score, suggesting a potential 

accumulation of fluid. Clinical assessment is crucial. 

   14. Consolidation (0.11): Interpretation: The model 

predicts Consolidation with a low confidence score, 

indicating a region of the lung filled with liquid. Further 

investigation is necessary. 

 
5.1.1. risk of heart disease for cardiac and respiratory 

heart attack predictions for case 1 

 

Based on the predictions, there are indications that the 

patient may be at risk of certain cardiac and respiratory 

conditions. Specifically, the high predictions for 

Cardiomegaly, Hernia, and Pleural Thickening warrant 

attention and further evaluation by healthcare 

professionals. It is important to note that the model’s 

predictions are probabilities, and a comprehensive 

diagnosis should involve a medical expert’s assessment, 

possibly including additional tests and patient history. 

5.1.2. Overall Interpretation for CASE 1 

 

The model highlights potential concerns for 

cardiomegaly, emphysema, hernia, pleural thickening, 

and fibrosis, with high confidence in the first three as 

shown in Table 6. 

Table 5. Probabilities for high risk of cardiac 

 and respiratory heart attack for Case Study 1 

S/N Classes Probability 

1 Cardiomegaly 0.82 

2 Emphysema 0.70 

3 Effusion 0.29 

4 Hernia 0.83 

5 Infiltration 0.34 

6 Mass 0.26 

7 Nodule 0.36 

8 Atelectasis 0.18 

9 Pneumothorax 0.19 

10 Pleural Thickening 0.71 

11 Pneumonia 0.19 

12 Fibrosis 0.80 

13 Edema 0.08 

14 Consolidation 0.11 

 

.  
Figure 21. (b) Visualization comparison of the saliency map and the 

DenseNet-based Grad-CAM with LIME for CXR 
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Table 6. Confidence predictions for cardiac and respiratory heart 

attack probabilities for Case Study 1 

High 

Confidence 

Predictions 

 

Cardiomegaly (0.82), Emphysema 

(0.70) , Hernia (0.83), Pleural 

Thickening (0.71), Fibrosis (0.80) 

Low 
Confidence 

Predictions 

 

Effusion (0.29), Infiltration (0.34), 
Mass (0.26), Nodule (0.36), 

Atelectasis (0.18), Pneumothorax 

(0.19), Pneumonia (0.19), Edema 

(0.08), Consolidation (0.11) 
 
 

Table 7. Performance comparison metrics for the deep CNN based 

on DenseNet, InceptionV3 and ResNet model structures for Case 

Study 2 

S/N 
Performance 

Metrics 

CNN Pre-trained Model Structures 

DenseNet InceptionV3 ResNet-50 

1 Accuracy 99.89 74.21 72.27 

2 Precision 99.72 74.08 72.15 

3 Recall 99.88 74.20 72.26 

4 F1-Score 99.69 74.06 72.12 

5 AUC-ROC 99.86 74.19 72.25 

 
 

Table 8. Predicted probabilities for low likelihood of heart 

enlargement for Case Study 2 

S/N Classes Probability 

1 Cardiomegaly 0.06 

2 Emphysema 0.47 

3 Effusion 0.88 

4 Hernia 0.56 
5 Infiltration 0.55 

6 Mass 0.75 

7 Nodule 0.51 

8 Atelectasis 0.32 

9 Pneumothorax 0.85 

10 Pleural Thickening 0.96 

11 Pneumonia 0.46 

12 Fibrosis 0.82 

13 Edema 0.21 

14 Consolidation 0.61 
 
 

Table 9. Confidence predictions for low likelihood heart  

enlargement for Case Study 2 

High Confidence 
Predictions 

 

Pleural Thickening (0.96), 
Pneumothorax (0.85), 

Fibrosis (0.82), Mass (0.75), 

Effusion (0.88). 

Low Confidence 

Predictions 

 

Cardiomegaly (0.06), 

Atelectasis (0.32), Nodule 

(0.51), Edema (0.21), 

Pneumonia (0.46). 

 
It suggests further investigation for effusion and 

infiltration, but their likelihoods are relatively low. Other 
diseases like mass, nodule, atelectasis, pneumothorax, 

pneumonia, edema, and consolidation are unlikely based 

on the model's predictions. 

5.2. Case study 2: low likelihood of heart 

enlargement 

 

The performance comparison metrics of the deep CNN 

based on DenseNet, InceptionV3 and ResNet model 

structures are summarized in Table 7. Due to space 

economy, the confusion matrix is not shown. As 

discussed in Case Study 1, the simulation results for 
Case Study 2 are analyzed to assess the performance of 

three model structures using the following metrics: (i) 

Binary Accuracy, (ii) Precision, (iii) Recall, (iv) F1 

score, (v) area under receiver operating characteristic 

curve (AUC-ROC), and (vi) Confusion Matrix. It is 

evident that the CNN based on the DenseNet model 

structure outperforms the InceptionV3 and ResNet 

models. 

   Furthermore, the simulation results obtained for Case 

Study 2 based on probability scores for different chest 

X-ray diagnoses predicted by the deep learning model 
shown in Figure 24 are listed in Table 8 for low 

likelihood of heart enlargement. Each label corresponds 

to a specific disease, and the associated score represents 

the confidence or probability of the model predicting 

that particular disease. 

   1. Cardiomegaly (0.06): The model predicts a low 

probability of Cardiomegaly. While this result suggests 

a lower likelihood of an enlarged heart, it's crucial to 

consider clinical symptoms and other diagnostic 

information. 

   2. Emphysema (0.47): The model predicts a moderate 

probability of Emphysema, indicating potential damage 
to air sacs. This may be associated with chronic lung 

conditions. 

   3. Effusion (0.88): The high probability of Effusion 

suggests a high likelihood of fluid accumulation around 

the lungs. This may require immediate medical attention. 

   4. Hernia (0.56): The model predicts a moderate 

probability of Hernia. This could indicate a protrusion of 

an organ through the abdominal wall, requiring further 

clinical examination 

   5. Infiltration (0.55): The moderate probability of 

Infiltration implies potential substances, such as fluid or 
inflammation, in lung tissues. Clinical evaluation is 

recommended. 

   6. Mass (0.75): The model predicts a high probability 

of a Mass, suggesting the presence of a tumor or 

abnormal growth. Immediate medical attention is 

advised. 

   7. Nodule (0.51): The moderate probability of a 

Nodule indicates the possibility of small, rounded 

abnormalities in the lung. Further diagnostic tests may 

be needed. 

   8. Atelectasis (0.32): The model predicts a moderate 

probability of Atelectasis, suggesting partial lung 
collapse. Clinical assessment is important for a 

comprehensive diagnosis. 

   9) Pneumothorax (0.85): The high probability of 

Pneumothorax indicates a strong likelihood of air 

leakage into the pleural space. This is a serious condition 

that requires immediate medical attention. 
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(a) 

 

 

 
(b) 

 

 

 
(c) 

Figure 22. Confusion matrix with class accuracy for the deep CNN with different model structures 

 for Case Study 1: (a) DenseNet, (b) InceptionV3, and (c) ResNet-50 
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Figure 23. Chest X-ray classification results for high risk of cardiac and respiratory heart attack for Case Study 1 

 

 

 
Figure 24. Chest X-ray classification results for low likelihood heart enlargement for Case Study 2

 

   10. Pleural Thickening (0.96): The very high 

probability of Pleural Thickening suggests a significant 

thickening of the membrane around the lungs. This may 

be indicative of various respiratory conditions. 
   11. Pneumonia (0.46): The moderate probability of 

Pneumonia implies a likelihood of lung infection.  

Clinical evaluation and additional tests are needed for 

confirmation. 

   

 12. Fibrosis (0.82): The model predicts a high 

probability of Fibrosis, indicating scarring of lung tissue.  

This may be associated with chronic lung diseases. 

   13. Edema (0.21): The low probability of Edema 
suggests a lower likelihood of fluid accumulation. 

Clinical correlation is essential for a comprehensive 

diagnosis. 

14. Consolidation (0.61): The moderate probability of 
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Consolidation indicates a region of the lung filled with 

liquid. Further diagnostic tests and clinical evaluation 

are recommended. 

 

5.2.1. Risk of heart disease for low likelihood heart 

enlargement for case 2 

 
Considering the low probability assigned to 

Cardiomegaly (0.06) as shown in Table 9, the patient 

appears to have a lower likelihood of an enlarged heart 

based on the model's prediction. 

 

5.2.2. Overall interpretation for case 2 

 

The model highlights potential concerns for pleural 

thickening, pneumothorax, fibrosis, mass, and effusion, 

with very high confidence in the first two. It suggests 

further investigation for emphysema, hernia, infiltration, 

and consolidation. Other diseases like cardiomegaly, 
atelectasis, edema, and pneumonia are less likely based 

on the model's predictions. 

 

5.3. Case study 3: lower risk of cardiac-related 

disease 

 

The performance comparison metrics of the deep CNN 

based on DenseNet, InceptionV3 and ResNet model 

structures are shown in Table 10. Again, due to space 

economy, the confusion matrix for Case Study 3 is not 

shown. As can be seen in Table 10, the performance 
comparison metrics show that the deep CNN based on 

the DenseNet model structure has the best and highest 

predicted classification results with: (i) Binary Accuracy 

of 99.94%, (ii) Precision of 99.89%, (iii) Recall value of 

99.77%, (iv) F1-score of 99.81%, and (v) area under 

receiver operating characteristic curve (AUC-ROC) 

value of 99.90%. It is evident from Table 10 that the 

CNN based on the DenseNet model structure 

outperforms the InceptionV3 and ResNet models. 

   Other simulation results obtained for third case study 

based on the probability scores for different chest X-ray 

diagnoses predicted by the deep learning model for 
lower risk of cardiac-related diseases shown in Figure 25 

with the corresponding probabilities listed in Table 11. 

Each label corresponds to a specific disease, and the 

associated score represents the confidence or probability 

of the model predicting that particular disease. 

   1. Cardiomegaly (0.09): The model predicts a low 

probability of Cardiomegaly, indicating a relatively 

lower chance of an enlarged heart. Further clinical 

evaluation is needed for confirmation. 

   2. Emphysema (0.04): The model predicts a low 

probability of Emphysema, suggesting a lower 
likelihood of damage to air sacs. However, clinical 

correlation is crucial for accurate diagnosis. 

   3. Effusion (0.03): The low probability of Effusion 

implies a lower chance of fluid accumulation around the 

lungs. This may be a positive indicator, but clinical 

assessment is necessary. 

   4. Hernia (0.06): The model predicts a moderate 

probability of Hernia. This could indicate a protrusion of 

an organ through the abdominal wall, warranting further 

clinical examination. 

   5. Infiltration (0.28): The moderate probability of 

Infiltration suggests potential substances, such as fluid 

or inflammation, in lung tissues. Clinical evaluation and 

additional tests are recommended. 

   6. Mass (0.06): The model predicts a low probability 
of a Mass, indicating a lower likelihood of a tumor or 

abnormal growth. Clinical correlation is essential for a 

comprehensive diagnosis. 

   7. Nodule (0.09): The model predicts a low to 

moderate probability of a Nodule, suggesting the 

possibility of small, rounded abnormalities in the lung. 

Further diagnostic tests may be needed. 

   8. Atelectasis (0.06): Interpretation: The model 

predicts a low probability of Atelectasis, indicating a 

lower likelihood of partial lung collapse. Clinical 

assessment is important for a comprehensive diagnosis. 

   9. Pneumothorax (0.06): The low probability of 
Pneumothorax suggests a lower likelihood of air leakage 

into the pleural space. This is a positive indicator, but 

clinical assessment is necessary. 

   10. Pleural Thickening (0.05): The low probability of 

Pleural Thickening suggests a lower chance of 

significant thickening of the membrane around the 

lungs. Clinical correlation is essential for confirmation. 

   11. Pneumonia (0.09): The model predicts a low 

probability of Pneumonia, indicating a lower likelihood 

of lung infection. Clinical evaluation and additional tests 

are needed for confirmation. 
 

Table 10. Performance comparison metrics for the deep CNN 

based on DenseNet, InceptionV3 and ResNet model structures for 

Case Study 3 

S/N 
Performance 

Metrics 

CNN Pre-trained Model Structures 

DenseNet InceptionV3 ResNet-50 

1 Accuracy 99.94 75.67 73.43 

2 Precision 99.89 75.63 73.39 

3 Recall 99.77 75.54 73.31 

4 F1-Score 99.81 75.57 73.33 

5 AUC-ROC 99.90 75.64 73.40 

 
Table 11. Predicted probabilities for lower risk of 

 cardiac-related disease for CASE 3 

S/N Classes Probability 

1 Cardiomegaly 0.09 

2 Emphysema 0.04 

3 Effusion 0.03 

4 Hernia 0.06 

5 Infiltration 0.28 

6 Mass 0.06 

7 Nodule 0.09 

8 Atelectasis 0.06 

9 Pneumothorax 0.06 

10 Pleural Thickening 0.05 

11 Pneumonia 0.09 

12 Fibrosis 0.03 

13 Edema 0.06 

14 Consolidation 0.10 

https://doi.org/10.57647/ijbbe.2025.0502.09


22                                                                                                                                                     Akpan  et al., Int. J. Biophoton. Biomed. Eng., 5(2) 2025 

 

 

10.57647/ijbbe.2025.0502.09 

 

   12. Fibrosis (0.03): The low probability of Fibrosis 

suggests a lower chance of scarring of lung tissue. 

Clinical correlation is crucial for an accurate diagnosis. 

   13. Edema (0.06): The model predicts a low 

probability of Edema, suggesting a lower likelihood of 

fluid accumulation. Clinical correlation is essential for 

confirmation. 

   14. Consolidation (0.10): The model predicts a 
moderate probability of Consolidation, indicating a 

region of the lung filled with liquid. Further diagnostic 

tests and clinical evaluation are recommended. 

 

5.3.1. Risk of heart disease for case 3 

 

Considering the low probability assigned to 

Cardiomegaly and the relatively lower probabilities of 

other cardiac-related conditions, the patient appears to 

have a lower overall risk of heart disease based on the 

model's prediction. 
 

5.3.2. Overall interpretation for case 3 

 

The model highlights Infiltration with 28% probability. 

This suggests the presence of abnormal tissue replacing 

healthy lung tissue. Other potentially significant 

findings are Consolidation, Cardiomegaly Nodule, 

Pneumonia, Hernia, Mass, Atelectasis, Edema, Pleural 

thickening, Emphysema, Effusion and Fibrosis. 

 

5.4. Case study 4: potentially life-threatening cardiac 

conditions 

 

The performance of chest diseases classification by the 

three deep CNN model structures, namely: DenseNet, 

InceptionV3 and ResNet are summarized in Table 12 

where it is evident that the DenseNet model 

demonstrates high classification capabilities with the 

hightest scores in all the standard metrics considered. 

Again, due to space economy, the confusion matrix for 

Case Study 4 is not shown. As can be seen in Table 10, 

the DenseNet model structure has the best and highest 

predicted classification results with: (i) Binary Accuracy 
of 99.92%, (ii) Precision of 99.84%, (iii) Recall value of 

99.81%, (iv) F1-score of 99.87%, and (v) area under 

receiver operating characteristic curve (AUC-ROC) 

value of 99.94%. 

   Other simulation results obtained for chest X-ray 

classification of case study 4 are shown in Figure 26 with 

the predicted probability scores for different chest X-ray 

diagnoses predicted by the deep learning model shown 

in Table 13. Each label corresponds to a specific disease, 

and the associated score represents the confidence or 

probability of the model predicting that particular 

disease. 
   1. Cardiomegaly (0.11): The model predicts a low 

probability of Cardiomegaly, suggesting a lower 

likelihood of an enlarged heart. Clinical correlation is 

needed for confirmation, especially if the patient 

exhibits relevant symptoms. 

   2. Emphysema (0.93): A high probability of 

Emphysema indicates a significant likelihood of damage 

 

to the air sacs in the lungs. This result raises concerns 

about potential respiratory issues, and further clinical 

evaluation is crucial. 

   3. Effusion (0.29): The model predicts a moderate 

probability of Effusion, suggesting a notable chance of 

fluid accumulation around the lungs. Clinical correlation 

and additional diagnostic tests are recommended. 

   4. Hernia (0.16): A low probability of Hernia suggests 
a lower likelihood of a protrusion of an organ through 

the abdominal wall. Further clinical examination is 

needed to confirm the absence of a hernia. 

   5. Infiltration (0.42): The moderate probability of 

Infiltration suggests potential substances, such as fluid 

or inflammation, in lung tissues. Clinical evaluation and 

additional tests are recommended for confirmation. 

   6. Mass (0.80): A high probability of Mass indicates a 

significant likelihood of a tumor or abnormal growth.  

   7. Nodule (0.57): The moderate to high probability of 

a Nodule suggests the possibility of small, rounded 
abnormalities in the lung. Further diagnostic tests, such 

as CT scans, may be needed for confirmation. 

   8. Atelectasis (0.49): The moderate probability of 

Atelectasis indicates a notable likelihood of partial lung 

collapse. Clinical correlation, imaging studies, and 

possibly bronchoscopy are crucial for accurate diagnosis 

and treatment. 

   9. Pneumothorax (0.91): The high probability of 

Pneumothorax suggests a significant likelihood of air 

leakage into the pleural space. Urgent clinical evaluation 

and imaging studies are necessary for prompt 

intervention. 
   10. Pleural Thickening (0.46): The moderate 

probability of Pleural Thickening suggests a notable 

chance of significant thickening of the membrane around 

the lungs. Clinical correlation and imaging studies are 

essential for confirmation. 

   11. Pneumonia (0.23): The model predicts a low to 

moderate probability of Pneumonia, indicating a 

likelihood of lung infection. Clinical evaluation and 

additional tests are needed for confirmation. 

   12. Fibrosis (0.08): A low probability of Fibrosis 

suggests a lower likelihood of scarring of lung tissue. 
Clinical correlation is crucial for an accurate diagnosis. 

   13. Edema (0.38): The moderate probability of Edema 

indicates a notable likelihood of fluid accumulation. 

Clinical correlation and additional tests are essential for 

confirmation. 

   14. Consolidation (0.49): The moderate probability of 

Consolidation indicates a notable chance of a region of 

the lung filled with liquid. Further diagnostic tests and 

clinical evaluation are recommended. 

Urgent clinical correlation, imaging studies, and 

possibly a biopsy are essential for accurate diagnosis and 

treatment planning. 
 

5.4.1. Risk of heart disease for case 4 

 

Considering the collective probabilities and the 

relatively high probability of Emphysema, Mass, and 

Pneumothorax as shown in Table 14, there might be an 

increased risk of heart-related issues. 
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Figure 25. Chest X-ray classification results for low likelihood heart enlargement for Case Study 3 

 

 
Figure 26. Chest X-ray classification results for potentially life-threatening cardiac conditions for Case Study 4 
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5.4.2. Overall interpretation for case 4 

 

The model highlights Emphysema with 93% probability. 

This is the most likely finding, suggesting significant 

destruction of air sacs in the lungs, leading to breathing 

difficulties. This is a serious condition and requires 

prompt medical attention. 

 
5.5. Deductions from the CNN simulation results 

based on the densenet model structure 

 

The model’s predictions are supportive but not 

definitive. The model requires correlation with clinical 

information, patient history, and potentially other 

diagnostic tests. The model serves as a valuable aid in 

the diagnostic process, providing a rapid screening tool 

to prioritize cases. The predicted probabilities of the 

chest X-ray classification results obtained in Section 

V(A) to Section V(D) are summarized in Table 15.  
   As it is evident in Table 15, the prediction probabilities 

assigned to each disease class, such as Cardiomegaly, 

Effusion, and Pneumothorax, provide a quantitative 

measure of the model's confidence in its predictions. The 

varying probabilities across classes suggest that the 

model exhibits an understanding of different diseases, 

capturing complex patterns in the chest X-ray images. 

For case 1, Cardiomegaly is predicted with high 

confidence, indicating an enlarged heart, possibly 

associated with cardiac issues. 

 
Table 12. Performance comparison metrics for the deep CNN based 

on DenseNet, InceptionV3 and ResNet model structures for Case 

Study 4 

S/N Performance 
Metrics 

CNN Pre-trained Model Structures 

DenseNet InceptionV3 ResNet-50 

1 Accuracy 99.92 75.32 72.68 

2 Precision 99.84 75.26 72.62 

3 Recall 99.81 75.24 72.60 

4 F1-Score 99.87 75.28 72.64 

5 AUC-ROC 99.94 75.34 72.70 

Table 13. Predicted probabilities for potentially life-threatening 

cardiac conditions for CASE 4 

S/N Classes Probability 

1 Cardiomegaly 0.11 

2 Emphysema 0.93 

3 Effusion 0.29 

4 Hernia 0.16 

5 Infiltration 0.42 

6 Mass 0.80 

7 Nodule 0.57 

8 Atelectasis 0.49 

9 Pneumothorax 0.91 

10 Pleural Thickening 0.46 

11 Pneumonia 0.23 

12 Fibrosis 0.08 

13 Edema 0.38 

14 Consolidation 0.49 

Table 14. Confidence predictions for potentially life-threatening 

cardiac conditions for Case Study 4 

High 

Confidence 

Predictions 

 

Emphysema (0.93), 

Pneumothorax (0.91), Mass 

(0.80). 

Other 

Potentially 

Significant 

Findings 

Infiltration (0.42), Nodule 

(0.57), Atelectasis (0.49), 

Pleural Thickening (0.46), 

Consolidation (0.49) 

Low Confidence 

Predictions 

Cardiomegaly (0.11), 

Effusion (0.29).  

 
 

Table 15. Predicted Probabilities for the 4 different case studies 

S/N Classes 
Probabilities 

CASE 1 CASE 2 CASE 3 CASE 4 

1 Cardiomegaly 0.82 0.06 0.09 0.11 

2 Emphysema 0.70 0.47 0.04 0.93 

3 Effusion 0.29 0.88 0.03 0.29 

4 Hernia 0.83 0.56 0.06 0.16 

5 Infiltration 0.34 0.55 0.28 0.42 

6 Mass 0.26 0.75 0.06 0.80 

7 Nodule 0.36 0.51 0.09 0.57 

8 Atelectasis 0.18 0.32 0.06 0.49 

9 Pneumothorax 0.19 0.85 0.06 0.91 

10 
Pleural 

Thickening 
0.71 0.96 0.05 0.46 

11 Pneumonia 0.19 0.46 0.09 0.23 

12 Fibrosis 0.80 0.82 0.03 0.08 

13 Edema 0.08 0.21 0.06 0.38 

14 Consolidation 0.11 0.61 0.10 0.49 

 

Emphysema is suggested with a substantial confidence 

score, hinting at lung air sac damage and potential 

chronic obstructive pulmonary disease. Hernia is 

confidently predicted, signaling organ protrusion 

through the abdominal wall, requiring clinical attention. 

Based on the predictions, there are indications that the 

patient may be at risk of certain cardiac and respiratory 
conditions. 

   For case 2, Cardiomegaly is predicted with a low 

probability, indicating a lower likelihood of an enlarged 

heart. Emphysema is suggested with a moderate 

probability, pointing to potential damage to air sacs and 

association with chronic lung conditions. Effusion 

shows a high probability, signifying a strong likelihood 

of fluid accumulation around the lungs, requiring 

immediate attention. Mass is predicted with a high 

probability, suggesting the presence of a tumor and 

necessitating immediate medical attention. 
Pneumothorax is predicted with a high probability, 

indicating a strong likelihood of air leakage into the 

pleural space, requiring urgent medical attention. Pleural 

Thickening is predicted with a very high probability, 

suggesting significant membrane thickening around the 

lungs and potential respiratory conditions. Fibrosis is 

predicted with a high probability, indicating scarring of 
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lung tissue and association with chronic lung diseases. 

Consolidation is moderately predicted, indicating a 

region of the lung filled with liquid, recommending 

further diagnostic tests and clinical evaluation.  

   For case 3, Infiltration is moderately predicted, 

suggesting substances in lung tissues, prompting clinical 

evaluation and additional tests. All other classes have a 
low probability prediction. Considering the low 

probability assigned to Cardiomegaly and the relatively 

lower probabilities of other cardiac-related conditions, 

the patient appears to have a lower overall risk of heart 

disease based on the model's prediction. 

   For case 4, Emphysema is predicted with a high 

probability, indicating a significant likelihood of lung air 

sac damage, prompting concerns about potential 

respiratory issues and necessitating further clinical 

evaluation. Mass is predicted with a high probability, 

indicating a significant likelihood of a tumor or 

abnormal growth, requiring urgent clinical correlation, 
imaging studies, and possibly a biopsy for accurate 

diagnosis and treatment planning. Nodule has a 

moderate to high probability, suggesting the possibility 

of small, rounded abnormalities in the lung, prompting 

the need for further diagnostic tests, such as CT scans. 

   Pneumothorax is predicted with a high probability, 

suggesting a significant likelihood of air leakage into the 

pleural space, necessitating urgent clinical evaluation 

and imaging studies for prompt intervention. 

Considering the collective probabilities and the 

relatively high probability of Emphysema, Mass, and 
Pneumothorax, there might be an increased risk of heart-

related issues. 

   However, caution is required in cases where the model 

assigns lower probabilities, emphasizing the need for 

further investigation or potential model improvement. 

Additionally, the consideration of patient risk for heart 

disease, inferred from the results, adds a valuable layer 

of clinical relevance to the model's output. 

6. Conclusion and Future Directions 

 

The classification of chest diseases from CXR images 

have been conducted and presented in this research. The 

superior performance of the proposed deep CNN based 

on the DenseNet over the InceptionV3 and ResNet 

model structures have been demonstrated with several 

standard performance metrics including saliency feature 

maps and DenseNet based Grad-CAM with LIME 
visualizations. The classification and evaluation of the 

chest diseases from chest X-ray diagnostic image models 

for 14 different diseases using deep CNN based on 

DenseNet model structure have provided valuable 

insights into the potential applications of artificial 

intelligence in medical imaging. The model, trained on a 

diverse dataset, demonstrated varying probabilities for 

each detected condition. The findings indicate that the 

model has the potential to assist healthcare professionals 

in the preliminary assessment of chest X-rays, 

highlighting areas of concern and guiding further 
diagnostic efforts. Notably, the model identified 

elevated probabilities for different conditions such as 

Emphysema, Mass, Pneumothorax, and Atelectasis, 

suggesting a need for careful consideration and follow-

up examinations. 

   It is crucial to emphasize that while the model 

predictions offer valuable information, they are not a 

substitute for direct professional medical diagnosis. The 

probabilities provided should be interpreted cautiously, 
and any conclusive medical decisions should be made by 

trained medical or healthcare practitioners. Moreover, 

the model’s predictions may benefit from continuous 

refinement through ongoing training on diverse and 

representative datasets. As with any medical diagnostic 

tool, the ethical considerations of AI in healthcare must 

be acknowledged. Patient privacy, transparency, and the 

responsible deployment of AI technologies should be 

prioritized to ensure the ethical use of such systems. 

    As a future direction, enhancements could include 

refining the model architecture, incorporating additional 

data sources, and collaborating with healthcare 
professionals for real-world validation. As the field of 

medical AI advances, this work serves as a stepping 

stone towards the integration of intelligent diagnostic 

tools to augment the capabilities of healthcare providers. 

Ultimately, the success of this work lies in its potential 

to contribute to more efficient and accurate medical 

diagnostics. The journey of building and evaluating this 

model underscores the interdisciplinary collaboration 

needed between data scientists, healthcare professionals, 

and ethicists to harness the full potential of artificial 

intelligence in healthcare. 
    Careful selection of evaluation metrics aligned with 

clinical goals is vital. Sensitivity, specificity, and 

confusion matrices provide a nuanced understanding of 

the model’s performance. Enhancing model 

interpretability through explainability techniques, like 

AD-CAM and Grad-CAM, enables visualization of 

regions of interest in X-rays [24]. 

    Collaboration with healthcare experts, especially 

radiologists, pulmonologists, and cardiologists, is 

essential for nuanced interpretation and validation of 

results. Sharing knowledge and the code base with the 

research community, along with continuous learning 
from advancements in medical imaging and deep 

learning, ensures the longevity of research in this field. 
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