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ABSTRACT:

Chest X-ray imaging is widely used for examining abnormalities associated with the lungs and respiratory system. The increasing availability of medical image
datasets has created opportunities for applying deep learning techniques to assist in the preliminary analysis of chest radiographs. However, classification of
different chest conditions within a single system and interpretation of the resulting predictions remain important challenges.

This paper presents an Al-Powered Multi-Disease Chest X-Ray Analysis System for classifying chest X-ray images into four categories: COVID-19, Normal,
Pneumonia, and Tuberculosis. The implemented system uses a DenseNetl121-based transfer learning model for multi-class image classification. The dataset
consists of approximately 7,135 chest X-ray images organized into training, validation, and testing sets. The input images are resized to 224 x 224 pixels before

classification. The model produces class-wise probability values, and the class with the highest probability is presented as the predicted category.

To improve the interpretability of the model output, Gradient-weighted Class Activation Mapping (Grad-CAM) is integrated into the system. Grad-CAM uses
gradient information associated with a target class to generate a visual heatmap highlighting image regions that contributed to the model's prediction. A basic

image-validation mechanism is also included to reject obviously unsuitable inputs before the prediction process.

The trained DenseNet121 model achieved approximately 90.93% training accuracy and 84.21% validation accuracy after 10 epochs. The trained model was
integrated into a Flask-based web application, allowing users to upload chest X-ray images and view the predicted class, model confidence, class-wise
probabilities, original X-ray image, and corresponding Grad-CAM visualization. The implemented prototype demonstrates the feasibility of combining multi-

class chest X-ray classification with explainable artificial intelligence within a single web-based system.

Keywords: Chest X-Ray Analysis, Multi-Disease Classification, Deep Learning, DenseNet121, Transfer Learning, Explainable Al, Grad-CAM,
COVID-19, Pneumonia, Tuberculosis, Flask

Introduction

Chest X-ray (CXR) imaging is one of the commonly used imaging techniques for examining abnormalities involving the lungs and other structures
within the chest. Because X-ray examinations are relatively accessible and can provide useful visual information about pulmonary conditions, they are
frequently considered in the assessment of respiratory diseases. The growing availability of medical image datasets has also created opportunities for
applying artificial intelligence and deep learning techniques to computer-assisted chest X-ray analysis.

Convolutional Neural Networks (CNNs) have been widely applied to medical image classification because they can learn visual representations directly
from image data. However, training a deep neural network from the beginning generally requires substantial labelled data and computational resources.
Transfer learning provides an alternative approach in which knowledge obtained from a previously trained model is adapted to a new classification task.
Research on chest X-ray classification has demonstrated the use of transfer learning with architectures such as ResNet50 and DenseNet121, showing its
potential for extracting useful image representations in medical imaging tasks.

Several studies have investigated automated detection of individual or multiple respiratory diseases from chest X-ray images. In particular, research has
explored the classification of conditions such as COVID-19, pneumonia, and tuberculosis using deep learning techniques. One study investigated a
multi-category chest X-ray classification approach involving COVID-19, pneumonia, and tuberculosis and additionally applied explainable artificial
intelligence techniques including Grad-CAM, LIME, and SHAP. These studies demonstrate the potential of combining image classification with
explanatory techniques, while also indicating the importance of developing systems that can handle multiple disease categories within a common
workflow.

An important challenge associated with deep learning-based medical image classification is the interpretability of model predictions. A classification
model can produce a predicted class and an associated probability value, but these outputs alone do not indicate which regions of an input image
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contributed to the prediction. This can make it difficult for users to understand the visual basis of an individual model output. Gradient-weighted Class
Activation Mapping (Grad-CAM) addresses this problem by using gradients associated with a target class to generate a localization map over the input
image. The original Grad-CAM work demonstrated that these visualizations can highlight image regions that are important for a CNN's prediction
without requiring architectural changes or retraining of the model.

The present work develops an Al-Powered Multi-Disease Chest X-Ray Analysis System that combines multi-class image classification and explainable
visualization in a single web-based application. The implemented system classifies chest X-ray images into four categories: COVID-19, Normal,
Pneumonia, and Tuberculosis. A DenseNet121-based transfer learning model is used for classification, with input images processed at a resolution of
224 x 224 pixels. The system produces class-wise probability values and identifies the class having the highest probability as the predicted category.

In addition to classification, the system incorporates a basic image-validation mechanism before prediction. The validation checks characteristics such
as image dimensions, aspect ratio, and colour-channel variation to reject obviously unsuitable inputs. This validation is intended as a preliminary input-
screening mechanism and is not a medical-grade chest X-ray detector. After a valid image is processed, the system generates the predicted class, model
confidence, probability distribution across the four classes, and a Grad-CAM visualization.

The trained model was integrated into a Flask-based web application to provide an accessible interface for uploading images and viewing the analysis
results. The implemented prototype achieved approximately 90.93% training accuracy and 84.21% validation accuracy after 10 training epochs. The
application therefore demonstrates an end-to-end workflow in which a chest X-ray image is uploaded, validated, processed by the trained DenseNet121
model, classified into one of four categories, and accompanied by an explanatory Grad-CAM visualization.

The primary contribution of this work is the integration of four-class chest X-ray classification, probability-based prediction, basic input validation, and
Grad-CAM-based explainability within a single web application. The system is intended as a research prototype for preliminary computational analysis

and is not presented as a replacement for professional medical examination or clinical diagnosis.

Literature Survey

1.1. Multi-Disease Chest X-Ray Classification

Deep learning has increasingly been investigated for automated analysis of chest X-ray images because convolutional models can learn
discriminative visual patterns directly from radiographic images. Early research in this area often concentrated on individual diseases or a small number
of categories. With the availability of combined chest X-ray datasets, researchers have also explored multi-class classification approaches capable of
distinguishing between different pulmonary conditions.

A relevant study by Rahman et al. investigated a deep transfer learning approach for distinguishing COVID-19, pneumonia, tuberculosis,
and healthy cases from chest X-ray images. The proposed DenResCov-19 framework combined DenseNet-121 and ResNet-50 through an additional
convolutional component. The study evaluated two-class, three-class, and four-class classification settings, including the combination of COVID-19,
pneumonia, tuberculosis, and healthy categories. This work demonstrates the feasibility of using transfer learning for multiple respiratory disease
categories within a common classification framework.

Another important study by Bhandari et al. (2022) developed a deep learning framework for classifying chest X-ray images associated with
COVID-19, pneumonia, and tuberculosis. The researchers used a publicly available dataset containing 7,132 chest X-ray images and incorporated
multiple explainable AI techniques, including Grad-CAM, LIME, and SHAP. Their study reported classification results together with visual
explanations intended to make the model outputs easier to interpret.

These studies indicate that multi-disease classification can provide a unified computational workflow instead of developing a separate model
for every disease. However, differences in datasets, preprocessing methods, model architectures, class distributions, and evaluation procedures mean
that the results of one study cannot be directly treated as the expected performance of another system.

1.2. Deep Learning and Transfer Learning for Chest X-Ray Analysis

Training a deep neural network entirely from the beginning can require substantial labelled data and computational resources. Transfer
learning provides an alternative by adapting representations learned from a previously trained network to a new image classification task.

DenseNet121 has been investigated for chest radiograph classification because of its ability to reuse features through dense connections. In a
study focused on COVID-19 classification from chest radiographs, researchers trained DenseNet121 under different training strategies and examined
whether additional training using related chest radiography datasets could improve classification performance. The study used 1,060 radiographs from
475 patients, including laboratory-confirmed COVID-19 cases.

Further research has also applied DenseNetl21 as a transfer-learning backbone for COVID-19, pneumonia, and normal chest X-ray
classification. For example, a more recent study developed a DenseNetl21-based architecture with multi-scale feature extraction and attention
mechanisms for three-category chest X-ray classification.

The existing literature therefore supports the use of transfer learning as a practical approach for medical image classification. In the present
work, DenseNet121 is used as the main feature-extraction and classification architecture and is adapted to the four categories COVID-19, Normal,
Pneumonia, and Tuberculosis.
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1.3. Explainable AI and Grad-CAM

Although deep learning models can produce useful classification outputs, understanding the visual basis of a prediction is an important consideration
when applying such models to medical images. A model may provide a predicted category and probability without directly indicating which regions of
the image influenced the prediction.

Grad-CAM, introduced by Selvaraju et al., provides a method for producing class-specific visual explanations from convolutional neural
networks. It uses gradients associated with a target class to generate a localization heatmap over the input image.

Bhandari et al. applied Grad-CAM together with LIME and SHAP to chest X-ray classification involving COVID-19, pneumonia, and
tuberculosis. Their work demonstrated how visual explanation techniques can be incorporated alongside disease classification to provide additional
information about model decisions.

More recent research has continued to investigate explainable Al for chest X-ray analysis. For example, a 2025 study combined a Vision
Transformer with Grad-CAM for tuberculosis detection, using the visualization to highlight regions associated with model predictions.

In the proposed system, Grad-CAM is used specifically to generate a visual representation of the regions contributing to the DenseNet121
prediction. The visualization is presented alongside the original X-ray image so that the model output is not limited to a numerical class and probability.

1.4. Research Gap

The reviewed studies demonstrate the potential of deep learning, transfer learning, and explainable Al for chest X-ray analysis. However,
several areas remain relevant when developing an integrated research prototype.

First, existing studies differ considerably in their disease categories and datasets. Some focus on individual diseases, while others combine a
limited number of respiratory conditions. Although multi-disease classification has been investigated, there remains scope for implementing a unified
four-class workflow containing COVID-19, Normal, Pneumonia, and Tuberculosis using a single DenseNet121-based model.

Second, many research studies primarily concentrate on model development and classification performance. The complete workflow from
image upload and basic input validation to prediction, probability display, and visual explanation is not always provided as a simple web-based
prototype.

Third, explainability is addressed by several studies using techniques such as Grad-CAM, LIME, or SHAP, but the choice and integration of
these methods vary between systems. A lightweight implementation using Grad-CAM can provide a practical visual explanation without requiring
multiple explanation frameworks.

Based on these observations, the present work focuses on integrating multi-class chest X-ray classification, basic input validation,
probability-based prediction, DenseNet121 transfer learning, Grad-CAM visualization, and Flask-based web deployment within a single prototype.

1.5. Problem Statement

Chest X-ray images are widely used for examining abnormalities associated with the lungs and respiratory system. However, identifying
different respiratory conditions from X-ray images can be challenging because several diseases may produce visually similar patterns. Conventional
interpretation depends on trained medical professionals and can become time-consuming when a large number of images need to be examined. Deep
learning-based image classification has therefore been investigated as a computational approach for assisting with preliminary analysis of chest
radiographs.

Existing research has demonstrated the use of deep learning and transfer learning for detecting individual diseases or a limited number of
disease categories from chest X-ray images. Several approaches have focused on conditions such as COVID-19, pneumonia, or tuberculosis, while
some studies have investigated multi-class classification. However, the available approaches differ in their datasets, model architectures, preprocessing
procedures, disease categories, and deployment methods. In addition, a classification model may provide only a predicted category and probability
without presenting a visual indication of the regions that influenced the prediction.

Another important issue is the handling of unsuitable input images. A system designed specifically for chest X-ray analysis should provide
at least a preliminary mechanism for identifying obviously unsuitable inputs before applying the trained classification model. Without such validation,
unrelated or inappropriate images may be processed by the model and produce meaningless predictions.

Therefore, there is a need for an integrated chest X-ray analysis system that can classify multiple disease categories within a common
workflow, provide class-wise probability information, perform preliminary input validation, and offer an interpretable visualization of the model
prediction. The proposed system addresses these requirements through a DenseNetl21-based transfer learning model, basic image validation,
probability-based multi-class classification, Grad-CAM explainability, and a Flask-based web interface. The system focuses on four categories:
COVID-19, Normal, Pneumonia, and Tuberculosis.

The developed system is intended as a research prototype for preliminary computational analysis and not as a replacement for professional
medical examination or clinical diagnosis.
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1.6. Objectives

The major objectives of the implemented system are:

®  To develop a multi-class chest X-ray classification system capable of categorizing chest X-ray images into four classes: COVID-19, Normal,
Pneumonia, and Tuberculosis.

®  To implement a DenseNet121-based transfer learning model for extracting relevant image features and performing multi-class classification
of chest X-ray images.

®  To prepare and preprocess chest X-ray images by organizing the dataset into appropriate training, validation, and testing sets and resizing
input images to 224 x 224 pixels for model processing.

®  To generate class-wise probability values and prediction confidence so that the system presents the model's estimated probability for each of
the four categories along with the predicted class.
To implement basic input validation for identifying obviously unsuitable images before they are passed to the classification model.
To integrate Grad-CAM-based explainability to generate a visual heatmap showing image regions that contributed to the selected model
prediction.

®  To develop a Flask-based web interface through which users can upload a chest X-ray image and view the corresponding classification and
explainability results.

®  To integrate the complete analysis workflow including image upload, validation, preprocessing, DenseNet121 prediction, probability
calculation, confidence display, and Grad-CAM visualization within a single application.

®  To evaluate the implemented system through functional testing and model performance measurements, including training and validation
accuracy and verification of the complete prediction workflow.

Proposed Methodology

The proposed methodology follows an integrated, modular approach for multi-disease chest X-ray classification and explainable image
analysis. The system combines dataset preparation, image preprocessing, DenseNetl21-based transfer learning, multi-class prediction, probability
analysis, preliminary image validation, Grad-CAM-based explainability, and Flask-based web integration within a unified workflow.

1.7. Startup Readiness Assessment Framework

The system uses a publicly available chest X-ray dataset containing images belonging to four categories: COVID-19, Normal, Pneumonia,
and Tuberculosis.

The dataset contains approximately 7,135 chest X-ray images, organized into training, validation, and testing subsets.

Table 1 — Dataset Distribution

Dataset Category  Number of Images

Training 6,326
Validation 38
Testing 771

Total 7,135

The four disease categories used by the implemented classification model are:

Class Description

COVID-19 Chest X-ray images associated with COVID-19

Normal Chest X-ray images without the target disease categories
Pneumonia Chest X-ray images associated with pneumonia

Tuberculosis  Chest X-ray images associated with tuberculosis

The dataset is used to train and evaluate the DenseNet121-based classification model. The same class ordering is maintained during model
training and deployment to ensure consistency between the trained model and the Flask application.

1.8. Image Preprocessing

Before classification, the input chest X-ray image is loaded and resized to 224 x 224 pixels, corresponding to the input resolution used by
the trained DenseNet121 model.

The preprocessing workflow includes image loading, resizing, conversion into a numerical image array, and preparation of the input tensor
for model prediction.
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During web-based prediction, the uploaded image is processed using the same input preparation procedure used for the trained model.
Maintaining a consistent preprocessing pipeline helps ensure that images submitted through the Flask application are handled in the same manner as the
images used during model development.

1.9. DenseNet121-Based Classification

The core classification component uses DenseNet121 with transfer learning. DenseNet121 is a convolutional neural network architecture in
which feature representations are propagated through densely connected layers.

In the implemented system, the trained DenseNet121 model performs four-class classification of chest X-ray images. The model produces
an output probability for each of the four categories.

The predicted class is selected using the class having the highest output probability:
Predicted Class = argmax(P1, P2, Ps, P4)
where the four probability values correspond to COVID-19, Normal, Pneumonia, and Tuberculosis.

The model was trained for 10 epochs. The final training accuracy obtained during training was approximately 90.93%, while the validation
accuracy was approximately 84.21%.

1.10. Prediction and Confidence Analysis

After the model processes an input image, the system obtains probability values for all four classes. These values provide the model's
estimated distribution across the available categories.

The system identifies the category with the highest probability as the predicted class. The probability associated with this selected class is
displayed as the model confidence.

For example, for a verified sample prediction, the system produced the following probability distribution:

Class Probability
COVID-19 75.23%
Normal 4.11%
Pneumonia 13.25%

Tuberculosis  7.40%

In this example, COVID-19 has the highest model probability and is therefore displayed as the predicted category.

These probability values represent the model output and should not be interpreted as clinical certainty or a medical diagnosis.

1.11. Preliminary Image Validation

A preliminary validation mechanism is incorporated before performing disease classification. The purpose of this step is to identify
obviously unsuitable inputs before they are passed to the trained model.

The implemented validation checks basic image characteristics including:

®  Minimum image dimensions
®  Image aspect ratio
®  Variation between colour channels

Images that do not satisfy the basic validation conditions are rejected and are not passed through the prediction and Grad-CAM workflow.

This mechanism is intended only as a basic input-screening method. It is not a medical-grade X-ray detector and cannot guarantee that every
accepted image is a valid chest X-ray.

1.12. Grad-CAM-Based Explainability

To improve the interpretability of the classification output, the system incorporates Gradient-weighted Class Activation Mapping (Grad-
CAM).
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Grad-CAM uses gradient information associated with the selected target class to generate a heatmap representing image regions that
contributed to the model's prediction. The heatmap is overlaid on the original chest X-ray to produce a visual explanation of the model output.

In the implemented DenseNet121 model, the Grad-CAM process uses the convolutional feature representation associated with the final
DenseNet feature layer. The generated visualization is saved and displayed on the result page together with the original X-ray image.

The Grad-CAM output does not independently determine the disease category. Instead, it provides an interpretability visualization
associated with the classification produced by the trained model.

1.13. Flask Based Application

The trained model is integrated into a Flask-based web application to provide a user-accessible interface for performing the analysis.
The web application follows the workflow:

User opens the X-ray upload page.

User uploads an image.

The system performs preliminary image validation.

A valid image is resized and prepared for prediction.

DenseNet121 generates the four-class probability distribution.

The class with the highest probability is selected.

Model confidence and class-wise probabilities are calculated.

Grad-CAM visualization is generated.

The result page displays the original X-ray, predicted category, confidence, probability distribution, and Grad-CAM visualization.

This provides an end-to-end workflow from image upload to classification and visual explanation.

1.14. Overall System Workflow

The overall methodology can therefore be represented as:

Chest X-Ray Dataset — Image Preprocessing — DenseNet121 Transfer Learning — Four-Class Prediction — Probability & Confidence
Analysis — Grad-CAM Explainability — Flask Web Interface — Result Display

The methodology integrates the individual components into a single analysis pipeline. Dataset preparation and model training provide the
classification model, while the Flask application provides the deployment interface. Preliminary validation is performed before classification, and Grad-
CAM is applied after prediction to provide a visual explanation.
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Fig. 1 — Proposed Methodology Workflow



International Journal of Research Publication and Reviews, Vol (7), Issue (9), September (2026), Page —3167-3179 3173

System Architecture and Implementation
1.15. System Architecture

The proposed system follows a sequential architecture in which the uploaded chest X-ray image passes through a series of processing
modules before the final result is presented to the user. The architecture integrates image upload, preliminary image validation, image preprocessing,
DenseNet121-based classification, probability analysis, Grad-CAM visualization, and result presentation through a Flask web application.

The system begins when the user uploads a chest X-ray image through the web interface. The uploaded image is first passed to the
validation module, which performs basic checks on the image before allowing it to enter the prediction pipeline. If the image satisfies the validation
conditions, it is resized to 224 x 224 pixels and converted into the required numerical representation.

The processed image is then passed to the trained DenseNet121 transfer learning model. The model produces probability values for the four
target categories: COVID-19, Normal, Pneumonia, and Tuberculosis. The category with the highest probability is selected as the predicted class, and its
probability is presented as the model confidence.

After prediction, the Grad-CAM module generates a heatmap based on the selected class. The heatmap is combined with the original X-ray
image to provide a visual representation of the regions associated with the model prediction.

Finally, the Flask application renders the results through the web interface. The result page displays the original X-ray, predicted category,
confidence percentage, class-wise probabilities, and Grad-CAM visualization. The implementation report describes this integration as the connection of
the upload, validation, Al prediction, probability analysis, Grad-CAM, and result presentation modules through Flask.
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Fig. 2 — System Architecture of the Platform

1.16. Software and Development Environment

The system was developed using Python-based artificial intelligence and web development technologies. Model development and training
were performed using Google Colab, while the trained model was integrated and tested locally through a Flask application.
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The major software components used in the implementation are shown below.

Table 2 — Software and Development Environment

Software / Technology Purpose

Python Main programming language
TensorFlow Deep learning framework

Keras Neural network and model handling
DenseNet121 Image classification architecture
Flask Web application development
NumPy Numerical and array operations
Pillow Image processing

Google Colab Model training and experimentation
Kaggle Dataset source

PyCharm / VS Code Source-code development

Web Browser Application testing

A separate Python virtual environment was used to isolate the project dependencies. The implementation report specifies that the
environment contains the packages required for TensorFlow, Keras, Flask, NumPy, Pillow, and other supporting libraries.

1.17. Dataset and Model Implementation

The implemented system uses a chest X-ray dataset containing approximately 7,135 images belonging to four categories:

COVID-19
Normal

Pneumonia

Tuberculosis

The images were organized into training, validation, and testing directories before model development. The trained classification model uses
DenseNet121 with transfer learning and is configured for four-class classification.

The model was trained for /0 epochs and achieved approximately 90.93% training accuracy and 84.21% validation accuracy. The resulting
model was saved in Keras format as:
CNN_MultiDisease XRay 4Class.keras
The trained model was subsequently transferred to the local Flask application for inference rather than retraining the model whenever a new image was
uploaded.

1.18. DenseNet121 Classification

DenseNet121 is used as the core deep learning architecture for the classification task. The implementation uses transfer learning so that the
model can utilize learned visual feature representations instead of developing a complete convolutional network from the beginning.

For every valid input image, the model produces four output probabilities corresponding to the four classes. The prediction module identifies
the class with the highest probability.

The model therefore performs the following classification:

Input: Chest X-ray image
Output: Four class probabilities

P:[PCOVID ,PNormal ,PPneumonia ,PTB ]

The predicted class is determined by:
Class predicted = argmax(P)

The probability corresponding to the selected class is displayed as the model confidence.

1.19. Image Validation and Preprocessing

Before prediction, the uploaded image passes through a preliminary validation stage. The implementation checks characteristics including
image dimensions, aspect ratio, and basic RGB-channel variation. The purpose is to reject obviously unsuitable images before they reach the trained
classification model.

For a valid image, the preprocessing pipeline performs the following operations:

. Load the uploaded image.
e Check the image dimensions and basic characteristics.
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Resize the image to 224 x 224 pixels.
Convert the image into a numerical array.
Prepare the input tensor for the trained model.
Pass the processed image to DenseNet121.

The validation mechanism is intentionally described as basic or preliminary validation. Tt does not constitute a medical-grade system for
determining whether an image is a chest X-ray.

1.20. Grad-CAM Implementation

Grad-CAM is integrated into the system to provide an interpretable visualization of the model prediction. After the DenseNet121 model
generates the prediction, the selected class is used as the target for the Grad-CAM calculation.

The implementation uses the DenseNet121 convolutional layer convS_block16 concat for generating the activation information required for
the visualization. The generated activation map is converted into a heatmap and overlaid on the original chest X-ray.

The resulting visualization highlights regions associated with the model's prediction. The Grad-CAM output is therefore used as an
explanation of the model prediction, rather than as an independent disease-detection mechanism.

Results and Evaluation

The implemented system was evaluated based on its ability to classify chest X-ray images into four categories, generate class-wise
prediction probabilities, calculate model confidence, produce Grad-CAM visualizations, and complete the integrated prediction workflow through the
Flask web application. Functional testing was also performed to verify the individual modules and their integration.

1.21. Model Training and Validation Results

The DenseNet121-based transfer learning model was trained using the prepared chest X-ray dataset containing approximately 7,135 images
across four classes: COVID-19, Normal, Pneumonia, and Tuberculosis.

The model was trained for /0 epochs. The final observed training accuracy was approximately 90.93%, while the validation accuracy
reached approximately 84.21%.

Table 3 — Model Training Results

Parameter Result

Model Architecture DenseNet121
Learning Approach Transfer Learning
Number of Classes 4

Dataset Size 7,135 images

Training Epochs 10

Training Accuracy 90.93%
Validation Accuracy  84.21%

Input Image Size 224 x 224 pixels

The difference between training and validation accuracy indicates that the model performed differently on the training and validation data.
Therefore, these values are reported separately rather than treating the training accuracy as the overall model accuracy.

1.22. Multi-Disease Prediction Results

The developed system successfully generates predictions for the four target categories:

COVID-19
Normal
Pneumonia

Tuberculosis

For every valid input image, the model generates a probability value for each class. The category having the highest probability is selected as the
predicted class.
For example, a verified COVID-19 sample produced the following output:
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Table 4 — Sample Prediction Result

Class Probability
COVID-19 75.23%
Normal 4.11%
Pneumonia 13.25%
Tuberculosis 7.40%

Predicted Class COVID-19
Model Confidence  75.23%

The result demonstrates that the system does not display only the selected class. It also provides the probability distribution across all four
categories, allowing the complete model output to be viewed.
The reported confidence represents the model's output probability for the selected class and should not be interpreted as clinical certainty.
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Fig. 3 — Multi-Disease Prediction Result

1.23. Image Validation Results

The system includes a preliminary image-validation stage before disease prediction. The validation mechanism checks basic characteristics
of the uploaded image, including image dimensions, aspect ratio, and basic RGB-channel variation.

During functional testing, valid supported image files were accepted for processing, while obviously unsuitable inputs were rejected before
the prediction stage.

This validation mechanism provides an additional input-screening step and prevents obviously inappropriate images from being directly
passed to the trained model. However, it is a basic heuristic validation mechanism and should not be considered a medical-grade method for
determining whether an image is a chest X-ray.

Al Healthcare System

Al-Powered Multi-Disease Analysis

[Ghoose P o e chosen

Upload & Analyze X Ray

Fig. 4 — Image Validation and Upload Interface
1.24. Grad-CAM Explainability Results

Grad-CAM was successfully integrated with the DenseNet121 classification model to provide a visual explanation associated with the
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predicted class.

After the model generates a prediction, Grad-CAM produces a heatmap representing image regions associated with the selected prediction.
The generated visualization is displayed together with the original chest X-ray on the result page.

The implementation uses the DenseNet121 convolutional layer conv5_block16 concat for generating the Grad-CAM visualization.

The Grad-CAM output provides additional information beyond the numerical prediction by allowing the user to visually inspect the regions
highlighted by the model.

Al-Powered Multi-Disease Analysis

Ry Ar

Original Chest X-Ray Grad-CAM Explanation

Fig. 5 — Original Chest X-Ray and Grad-CAM Visualization

Discussion

The implemented system demonstrates an integrated approach to multi-disease chest X-ray image classification by combining deep learning-based
prediction with explainable visualization. Unlike a workflow that produces only a disease label, the developed prototype provides the predicted
category, class-wise probability values, model confidence, and a Grad-CAM visualization within the same application.

The use of DenseNet121 with transfer learning provides a practical approach for extracting image features and performing classification across four
categories: COVID-19, Normal, Pneumonia, and Tuberculosis. Previous research has also investigated DenseNet121 and transfer-learning strategies for
chest X-ray classification, supporting the suitability of transfer learning as a practical approach for this type of image-analysis task.

The model achieved approximately 90.93% training accuracy and 84.21% validation accuracy after 10 epochs in the implemented experiment. These
values indicate the observed performance of the developed model on the training and validation data used during development. They should not be
interpreted as a clinical diagnostic accuracy or as directly comparable with results from studies using different datasets, data splits, preprocessing
methods, and evaluation protocols.

The inclusion of class-wise probability values provides additional information beyond the selected prediction. Instead of displaying only the highest-
probability category, the system presents the model's estimated probabilities for all four classes. This allows the output distribution to be examined for
each individual image.

Explainability is another important component of the developed system. Grad-CAM provides a heatmap associated with the selected prediction,
allowing the user to visually inspect regions that contributed to the model output. Previous chest X-ray research has similarly investigated Grad-CAM
and other XAI techniques for explaining predictions involving COVID-19, pneumonia, and tuberculosis.

The preliminary image-validation mechanism adds an input-screening step before classification. It checks basic image characteristics such as
dimensions, aspect ratio, and RGB-channel variation. However, this mechanism is heuristic rather than medical-grade and therefore cannot guarantee
that every accepted image is a valid diagnostic chest X-ray.

The Flask-based implementation demonstrates how the trained model can be integrated into an accessible web interface. The resulting workflow
connects image upload, validation, preprocessing, classification, probability calculation, Grad-CAM generation, and result presentation. This provides a
complete research prototype rather than an isolated machine-learning model.

Overall, the developed system demonstrates the feasibility of combining multi-class chest X-ray classification, probability-based prediction,
preliminary image validation, explainable visualization, and web-based deployment within one application. The system should nevertheless be
considered a research prototype, and its outputs should complement rather than replace professional medical assessment.

Limitations and Future Work
Although the implemented system provides an integrated chest X-ray classification and explainability workflow, several limitations remain.
The first limitation is related to the dataset. The model was developed using a specific publicly available dataset containing approximately 7,735 images

distributed across four categories. Therefore, the observed model performance may depend on the characteristics, class distribution, image quality, and
labeling of this dataset. Performance on other datasets or real-world clinical images may differ.
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The second limitation concerns the evaluation results. The current implementation reports training and validation accuracy, while the verified sample
prediction is used to demonstrate the deployed workflow. A more comprehensive evaluation would require additional metrics such as precision, recall,
F1-score, specificity, sensitivity, confusion matrix analysis, and class-wise performance on an independently maintained test set.

The third limitation is the basic image-validation mechanism. The current validation checks image dimensions, aspect ratio, and basic colour-channel
characteristics. It does not use a dedicated medical-image classifier to determine whether an uploaded image is actually a chest X-ray. Therefore, it
should be regarded only as a preliminary screening mechanism.

Another limitation is related to model interpretability. Although Grad-CAM provides a useful visual representation of regions associated with a
prediction, the heatmap should not be interpreted as a definitive identification of a disease lesion. It represents information derived from the model's
internal feature representations.

The system is also currently deployed as a local Flask prototype. It has not been evaluated as a production hospital system or integrated with clinical
information systems. Consequently, issues such as large-scale deployment, security, patient-data privacy, authentication, and interoperability with
medical information systems are outside the scope of the current implementation.

Future development can focus on expanding the dataset with larger and more diverse chest X-ray collections from different sources and populations.
This could provide a broader basis for evaluating model generalization.

The classification model can also be evaluated using additional performance measures, including precision, recall, F1-score, sensitivity, specificity,
confusion matrices, and class-wise ROC-AUC where appropriate.

A dedicated X-ray-versus-non-X-ray validation model could replace the current heuristic validation mechanism. Such a classifier could provide a more
systematic approach to screening uploaded images before disease classification.

Further work can investigate alternative transfer-learning architectures and compare their performance under the same experimental conditions.
Ensemble models and carefully controlled fine-tuning strategies could also be explored.

The explainability component can be extended by comparing Grad-CAM with other XAl techniques such as LIME and SHAP. Previous research has
already explored combinations of these methods for chest X-ray analysis.

The current prototype can also be extended with the healthcare analytics dashboard, persistent database storage, automated report generation, and
additional analysis features originally planned for the broader project scope. These extensions should be implemented and separately evaluated before
being described as completed system functionality.

Finally, future versions could investigate secure deployment, user authentication, privacy protection, larger-scale testing, and controlled evaluation
using clinically curated datasets.

Conclusion

This paper presented an Al-Powered Multi-Disease Chest X-Ray Analysis System that combines deep learning-based classification with explainable
artificial intelligence in a web-based prototype. The implemented system classifies chest X-ray images into four categories: COVID-19, Normal,
Pneumonia, and Tuberculosis.

A DenseNet121-based transfer learning model was developed and trained using approximately 7,135 chest X-ray images. After 10 epochs, the model
achieved approximately 90.93% training accuracy and 84.21% validation accuracy. The trained model was subsequently integrated into a Flask
application for local inference.

The developed workflow includes preliminary image validation, image preprocessing, four-class prediction, class-wise probability calculation, model
confidence display, and Grad-CAM-based visualization. The integration of these components allows the user to view both the numerical prediction and
an associated visual explanation through a single interface.

The Grad-CAM component adds an interpretability layer to the classification workflow by producing a heatmap associated with the selected prediction.
This is particularly relevant to medical-image research because classification results can otherwise be difficult to interpret from numerical outputs alone.
Related research has also demonstrated the use of Grad-CAM and other XAI methods for multi-disease chest X-ray classification.

The functional evaluation further demonstrated that the implemented modules operate together as an end-to-end application. The system successfully
connects image upload, validation, preprocessing, DenseNet121 inference, probability analysis, Grad-CAM generation, and result presentation.

The main contribution of the work is therefore the integration of multi-disease chest X-ray classification and explainable Al within a lightweight Flask-
based research prototype. However, the system is not intended to replace professional medical interpretation or serve as an autonomous clinical
diagnostic system. Further evaluation using larger and more diverse datasets, additional performance metrics, stronger image validation, and controlled
clinical datasets would be required before considering broader real-world application.
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