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ABSTRACT: Lung diseases remain a significant global health concern, necessitating the development of rapid and accurate
diagnostic methods. While previous research has shown the promise of deep learning models, particularly transfer learning with
architectures such as ResNet and VGG, limitations persist in evaluation scope, class imbalance handling, and model interpretability.
This study proposes an enhanced deep learning framework for multi-label classification of thoracic diseases using chest X-ray
images, addressing these gaps through comprehensive evaluation metrics, advanced data augmentation, and explainable Al (XAl)
techniques. The NIH ChestX-rayl4 dataset is utilized, with class imbalance mitigated via synthetic minority oversampling and
weighted focal loss. Multiple state-of-the-art CNN architectures, including EfficientNet and ResNet variants, are benchmarked using
precision, recall, F1 Score, AUC, and accuracy. Moreover, Gradient-weighted Class Activation Mapping (Grad-CAM) is integrated
to visualize pathological regions, improving clinical interpretability. The offered framework can perform better in all assessment
criteria, achieving an AUC of 0.91 with EfficientNet-B0, and provides interpretable outputs critical for deployment in real-world
diagnostic settings. This work advances automated radiological diagnosis by addressing key methodological shortcomings and offers
a reliable, explainable solution for lung disease detection.

KEYWORDS: Chest X-ray (CXR), Deep Learning, EfficientNet, Lung Disease Classification, Transfer Learning, ResNet, Grad-
CAM, NIH ChestX-rayl4

INTRODUCTION

Lung diseases, including pneumonia, emphysema, fibrosis, and pneumothorax, represent a significant portion of global morbidity
and mortality, particularly in low- and middle-income countries where access to advanced medical diagnostics is limited [1]. Early
and accurate detection of thoracic pathologies is crucial for enhancing patient outcomes and alleviating the burden on healthcare
systems [2]. Chest X-ray (CXR) imaging remains the most widely used and accessible tool for initial pulmonary assessment due to
its cost-effectiveness and non-invasive nature [3]. However, accurate interpretation of CXR images requires substantial expertise,
and even skilled radiologists may encounter difficulties when differentiating between overlapping disease patterns or subtle
anomalies, especially in high-volume clinical environments [4].

Current artificial intelligence (Al) (particularly deep learning (DL) and convolutional neural networks (CNNSs)) have a huge
potential to automate the process of detecting lung abnormalities on a chest X-ray image [5], [6]. Transfer learning has facilitated
the high-performance diagnostic model that researchers created with comparatively small medical datasets by exploiting pre-trained
models on very large-scale datasets like ImageNet [7]. Architectures such as ResNet [8], VGG [9], and EfficientNet [10] have been
widely applied to tasks involving the classification of thoracic diseases. For instance, the study by Kavitha et al. [11] evaluated
multiple DL models using the NIH ChestX-ray14 dataset, demonstrating that ResNet50 achieved the highest accuracy of 83.57% in
classifying 14 thoracic diseases.

Despite these advances, several limitations persist. Most existing studies primarily rely on overall accuracy as the sole
performance metric, which can be misleading in the presence of highly imbalanced datasets, a common characteristic of medical
imaging corpora. Precision, recall, F1-score, and other metrics give a well-balanced insight into the performance of the model,
especially in clinically sensitive applications where false negatives can have severe consequences [12]. Furthermore, limited
attention has been paid to explaining the model's decision-making process, an essential requirement for clinical deployment, where
understanding the model's decision-making process is critical for physician trust and patient safety [13].

This paper addresses these gaps by proposing a comprehensive model for classifying lung diseases using X-ray images. The
proposed approach enhances data preprocessing with advanced techniques for mitigating class imbalance, including weighted focal
loss and synthetic oversampling. Multiple CNN architectures are benchmarked using a diverse set of evaluation metrics, and
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explainability is incorporated via Grad-CAM to visualize disease-localized regions. The primary objectives of this research are
threefold:

1. To provide a more robust and holistic evaluation of classification models using multiple performance metrics.

2. Toimprove the handling of class imbalance through advanced loss functions and augmentation strategies.

3. Toenhance model transparency and clinical trust via explainable Al techniques.

Through these contributions, the study aims to advance the field of Al-assisted medical diagnosis by providing a more reliable,
interpretable, and clinically useful framework for classifying lung diseases from CXR images.

RELATED WORK

Among the most obvious uses of DL in medical imaging has been with regard to the classification of chest CXR images related to
disease of the lung. Several studies have used CNNs and transfer learning to make thoracic pathology detection/ classification
automatically. Even though these strategies have proven effective, some methodological gaps are still highlighted, such as the rigor
of the evaluation, the imbalance of the dataset, and the explainability of the model.

Aziz et al. [14] reviewed ML techniques for diagnosing spondylolisthesis from medical images, highlighting the effectiveness
of CNNs and other Al methods for accurate detection and classification. Their findings focus on typical issues within medical
imaging, like data quality and interpretability, that fit the focus and interest of this research project in the role of improving the
performance and explainability of disease detection models.

Wang et al. [15] proposed NIH ChestX-ray14, a large-scale benchmark dataset using more than 112,000 CXR images with labels
(conditions) of 14 thoracic conditions. This database has since then formed a baseline for creating DL models in radiology. They
developed ChestNet as a CNN that applies ResNet-152 as the model with a sigmoid activation layer of output to facilitate multi-
label classification. Yet, they mainly used classification accuracy and AUC to define their goals, and the topic of imbalance and
interpretability did not arise in their research.

This was further work by Baltruschat et al. [16] who included patient metadata in their model, including age and gender, using
a ResNet-50 classifier. They compared models that were trained completely new and some that were trained using transfer learning
and found those with pre-trained weights to be more accurate. The paper was primarily based on guessing and AUC, offering little
idea of how the model behaves when pointing out minority classes.

Kavitha et al. [11] evaluated multiple transfer learning models, including ResNet-18, ResNet-50, VGG-19, and a custom CNN,
on the NIH dataset. Their results indicated that ResNet50 achieved the highest accuracy at 83.57%. Although the study
comprehensively addressed model training and data preprocessing, it lacked the use of additional evaluation metrics, such as F1score
and precision-recall curves. More critically, the absence of model interpretability tools makes clinical deployment challenging,
particularly when physicians require visual explanations of Al decisions.

Other studies have attempted to improve performance in class-imbalanced scenarios. Kabiraj et al. [17] proposed CX-Ultranet,
an EfficientNet-based architecture with a multi-class cross-entropy loss, which achieved a mean prediction accuracy of 88%. Souid
et al. [18] employed MobileNetV2 with metadata fusion, achieving high classification performance using a rebalanced dataset. Yet,
both studies omitted the use of explainability methods, and neither evaluated model robustness under imbalanced conditions using
appropriate statistical metrics.

Recent advances in explainable Al (XAI) have introduced methods such as Grad-CAM [13], which provides visual heatmaps
indicating the spatial focus of a model's prediction. While widely used in other domains, few studies have incorporated Grad-CAM
or similar techniques in lung disease classification tasks. This omission limits the clinical reliability of Al models and their
acceptability among medical professionals [19].

Ghazal [20] used transfer learning of Inception-V4 and KNN as the method of detecting Parkinson's in handwriting images and
achieved an accuracy of 93 percent and 0.89 AUC.

The existing literature demonstrates significant progress in automated lung disease classification using CNNs and transfer
learning. However, a comprehensive approach that integrates robust evaluation metrics, advanced methods for handling imbalances,
and explainable outputs remains underexplored. The present study addresses these gaps by proposing a framework that combines
multiple performance metrics, weighted focal loss, synthetic oversampling, and Grad-CAM visualization for model explainability.
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METHODOLOGY

This study proposes a robust and interpretable DL model for multi-label classification of lung diseases from chest X-ray images.
The methodology encompasses data preprocessing, class imbalance mitigation, model selection, evaluation strategy, and integration
of explainability.

Dataset Description

The NIH ChestX-ray14 dataset [21] is employed for this research. It contains 112,120 frontal-view X-ray images of 30,805 patients,
annotated with 14 disease classes and a “No Finding” category. The labels were extracted using Natural Language Processing (NLP)
from corresponding radiology reports. Table 1 summarizes the class distribution, highlighting a significant imbalance across disease
categories (e.g., only 13 images for Hernia vs. 3,044 for “No Finding”).

Table 1. NIH ChestX-ray14 dataset

Class Number of Images
Atelectasis 508
Cardiomegaly 141
Effusion 644
Infiltration 967
Mass 284
Nodule 313
Pneumonia 62
Pneumothorax 271
Consolidation 226
Edema 118
Emphysema 127
Fibrosis 84
Pleural Thickening 176
Hernia 13
No Finding 3044

Data Pre-processing

The preprocessing pipeline of our study has such steps as: resizing images, normalizing data, converting to a tensor and stratified
data splitting. Every step is intended to prepare the NIH ChestX-ray14 dataset for data training, validation, and testing.

A. Image resizing

All the chest X-ray images were scaled to a constant resolution of 224 224 images with the aid of bilinear interpolation. This is
compatible with the input image size of popular CNN architectures like ResNet and EfficientNet.

B. Normalization

To standardize the dynamic range of pixel intensities, images were normalized to have values within [0,1]. This normalization
ensures numerical stability during backpropagation by avoiding large activation values and helps accelerate model convergence.
C. Tensor conversion

The conversion of the normalized image into a type of tensor that can be used in PyTorch was implemented. These tensors facilitate
efficient matrix math on GPUs, which makes parallel training feasible with batched data.
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D. Data splitting
The data was stratified and divided into training (70%), validation (15%), and testing (15%) groups. With stratified sampling, every
subgroup conserves the class label distribution of the whole.

Data Augmentation and Class Imbalance Mitigation

Class imbalance is a critical challenge in medical imaging datasets such as NIH ChestX-ray14, where specific disease categories
(e.g., Hernia, Fibrosis) are significantly underrepresented compared to others (e.g., Infiltration, No Finding). To address this issue,
we implemented a hybrid strategy that combines advanced data augmentation, synthetic oversampling, and a custom loss function.
A. Augmentation

Data augmentation techniques were applied stochastically to the training images to increase the adequate size of the training dataset
and improve generalization. The goal is to simulate realistic variations in X-ray acquisition without altering the underlying
pathology. Random rotation (£10°), horizontal flipping, zooming, and contrast adjustments were applied to increase minority class
samples artificially.

B. SMOTE for Images

The standard SMOTE algorithm [22] generates new samples in feature space by interpolating between a minority sample and its
nearest neighbors. In this study, we adapted SMOTE for image data by extracting feature vectors using a pre-trained CNN encoder
(e.g., ResNet18 up to the penultimate layer), then generating synthetic samples in the embedded feature space.

Let xi RY be a feature vector from the minority class, and xww its nearest neighbor. A synthetic sample xnew is generated as:

xnew = Xi t A (xNN — #:).4 ~ U(0,1] 1)

C. Weighted Focal Loss

To mitigate the bias toward majority classes during model optimization, we employed weighted focal loss [23], which dynamically
down-weights well-classified examples and emphasizes hard, misclassified instances.

For binary classification, the focal loss for a given sample is defined as:

Lyocar= —a(1 = pe)ylog (pe) )
where p; is the probability for the true class, y is the focusing parameter, and a: balances class weights.
For multi-label settings, this loss is applied independently for each class and aggregated:
Ltotal= XCc-1 Lfocal(c) (3)

This formulation ensures that rare classes contribute more significantly to the overall loss, thereby guiding the network to pay
attention to infrequent but clinically critical categories.

Model Architectures

Four CNNs, namely ResNet18, ResNet50, EfficientNet-BO, and a home-designed CNN, were compared to assess the
effectiveness of various DL architectures in predicting thoracic diseases using chest X-ray pictures. These models were chosen for
their varying depth, complexity, and parameter efficiency, enabling a balanced comparison between lightweight and deeper
architectures. Each model was initialized with ImageNet pre-trained weights to leverage transfer learning, which is especially
effective in medical imaging tasks with limited labeled data. Figure 1 illustrates the overview of the proposed framework.

Maodel Training
—~ResNetis
Data Input % Preprocessing —» Augmentation -~ RasNet50 G:)a:t'CAtM
- EfficientNet-BO et
— Custom CNN
Figure 1: Overview of the Proposed Framework
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A. ResNet18 and ResNet50

Introduced by He et al. [24], ResNet architecture revolutionized DL by addressing the vanishing gradient problem through identity
shortcut connections. The multi-label classification in both models is based on the global average pooling and a subsequent fully
connected neural network with sigmoid activation.

B. EfficientNet-BO

EfficientNet, proposed by Tan and Le [25], is a family of CNNs that scales depth, width, and resolution in a principled and efficient
manner. This design significantly reduces the number of parameters while maintaining high accuracy. It is particularly suited for
medical imaging tasks where computational efficiency and generalization are critical.

C. Custom CNN architecture

A custom CNN model was designed to offer a lightweight and interpretable alternative to transfer learning approaches. The input is
a 224x224x1 grayscale chest X-ray image. The network consists of two convolutional layers with 32 and 64 filters (kernel size
3x3), followed by max-pooling. A third convolutional layer with 128 filters is then applied. The output is flattened and passed
through a dense layer with 128 ReL U-activated neurons, followed by a dropout layer (rate 0.5) to reduce overfitting. The final output
layer uses 15 sigmoid-activated neurons for multi-label classification. This architecture, illustrated in Figure 2, balances simplicity,
efficiency, and effective feature learning for chest disease detection.

Input Layer
(224 x 224 x 1)

\d

Convolutional Layers
— 32 filters, 3x3
— 64 filters, 3x3

A 4

MaxPooling Layer
- Pool size: 2x2

Y

Convolutional Layer
— 128 filters, 3x3

. /

Dense Layer
~ 128 neurons (ReLU)

h 4

Dropout Layer
— Dropout rate: 0.5

h 4

Output Layer
— 15 neurons (Sigmoid)

Figure 2. Custom CNN architecture

This architecture was optimized to serve as a fast, interpretable baseline with reduced training time. The key characteristics of the
evaluated models, including their architectural depth, parameter counts, and core design features, are listed in Table 2.
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Table 2. Summary of evaluated CNN architectures for lung disease classification

Model Depth Parameters Key Feature

ResNet18 18 ~11M Residual connections for shallow depth
ResNet50 50 ~25M Bottleneck residual blocks
EfficientNet-BO ~30 ~5.3M Compound scaling, MBConv blocks
Custom CNN ~10 ~1M Lightweight, domain-specific design

Model Training
The training phase involves fine-tuning the pre-trained CNNs on the NIH ChestX-ray14 dataset to optimize multi-label thoracic
disease classification performance. The training procedure was carefully designed to include optimal hyperparameter selection,
regularization, early stopping, and learning rate adjustment strategies. Below are the key components of the training configuration.
A. Transfer learning and fine-tuning
All models were initialized with weights pre-trained on the ImageNet dataset, which provides generalized low-level feature
representations suitable for transfer to medical imaging tasks. Table 3 summarizes the training configurations.

»  Each model's final fully connected classification layer was replaced with a sigmoid-activated output layer of size 15 to

handle multi-label classification (14 diseases + No Finding).
*  The remaining layers were fine-tuned using backpropagation during training.

Table 3. Training configurations

Hyperparameter Value

Optimizer Adam

Initial LR 1x10*

Batch Size 32

Epochs 50

Loss Function Weighted Focal Loss

Output Activation Sigmoid (multi-label)

Early Stopping Patience = 5 epochs (val loss)
Scheduler ReduceLROnPlateau

B. Loss function
Given the imbalanced multi-label nature of the dataset, the weighted focal loss (introduced in Section 3.3) was used to optimize the
model
C. Optimization strategy
Adam optimizer was used to tune the models with a parameter-specific learning rate that adjusts with the help of the first and second
gradient moments.
D. Early stopping
To avoid overfitting and improve convergence:
»  Early stopping has also been applied to stop training whenever the validation loss fails to reduce after five subsequent
epochs.
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* The learning rate was reduced by 0.1 factor every time validation loss plateaued, finding a learning rate scheduler
(ReduceLLROnPIlateau), to help the optimizer out of local minima.

Evaluation Metrics
To capture the nuanced performance in an imbalanced multi-label setting, the following metrics were computed:
* Accuracy: For completeness, but not relied upon solely.
»  Precision, Recall, F1-score: Per-class and macro-averaged to ensure fair evaluation of minority classes.
* AreaUnder Curve (AUC): AUC-ROC determines the ability of the model to divide the classes based on the consideration
of its produced probabilities.

Explainability with Grad-CAM

In clinical applications, model interpretability is as critical as predictive accuracy. Physicians and radiologists require highconfidence
predictions and explanations that justify those predictions. To address this need, this study employs Gradient-weighted Class
Activation Mapping (Grad-CAM) [13], a widely used technique for generating visual explanations from CNN-based models.
Grad-CAM allows attention-gaining areas in the input image to be located to provide maximal contribution to the

predicted score of a specific class. It points at the part of the input image that most contributes to the decision made by the model
by calculating the gradient of the output category about the final convolutional layer:

LGrad-CAM = ReLU(Yk ackAk) 4)

where axc is the importance of weight for the feature map A%, and c is the target class. The heatmaps deterministically formed were
superimposed on original X-ray images to determine the region of pathologies, in turn, aiding clinical decision-making.

RESULTS AND DISCUSSION

This part gives the statistics of the four CNN models based on ResNet18, ResNet50, EfficientNetBO0, and a custom CNN trained and
tested using the NIH ChestX-ray14. Accuracy, precision, recall, F1-score, and AUC are tested as multi-label classification measures
of performance. Moreover, per-class evaluation and explainability analysis through Grad-CAM are offered to achieve clinical
interpretability.

Classification Performance
The results of all the models' classification on the test dataset are provided in Table 4 and Figure 3. Several measures are listed,
including macro-averaged precision, recall, F1-score, AUC, and accuracy.

Table 4. The comparison of the performance between models

Algorithm Accuracy Precision Recall F1 AUC
ResNet18 0.73 0.61 0.54 0.57 0.79
ResNet50 0.83 0.72 0.68 0.70 0.86
EfficientNet-BO 0.85 0.78 0.73 0.75 0.91
Custom CNN 0.79 0.67 0.63 0.65 0.83
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Figure 3. Comparison of model performance across evaluation metrics

As shown, EfficientNet-BO outperforms all other models across all metrics, demonstrating superior generalization and
robustness. Its compound scaling strategy and lightweight MBConv blocks allow deeper feature extraction with fewer parameters
than ResNet variants. ResNet50 also performed well and slightly better than the custom CNN, validating the strength of deep residual
learning

Class-wise Performance Analysis

Figure 4 presents the per-class Fl-score for each model to evaluate model behavior across different disease categories.
EfficientNet-B0O consistently yields higher scores, especially for underrepresented diseases such as Emphysema, Fibrosis, and
Hernia.

Figure 2, Per-Class F1-score Comparison Across Models (Color Matched)
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Figure 4. Per-class F1-score comparison across models (ResNet18, ResNet50, EfficientNet-B0, and Custom CNN)

These improvements are attributed to weighted focal loss and targeted data augmentation, mitigating the effects of class
imbalance. The relatively lower F1-scores for Pneumonia and Infiltration across all models may reflect label uncertainty in the
dataset, as these conditions often exhibit overlapping radiological features.
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Grad-CAM Visualization and Explainability
Figure 5 presents Grad-CAM heatmaps for three common thoracic diseases: Cardiomegaly, Effusion, and Pneumonia. For each
case, the attention maps generated by EfficientNet-BO0 highlight clinically relevant regions such as:

*  Heart borders in Cardiomegaly,

»  Costophrenic angles in Effusion,

»  Focal opacities in Pneumonia.

These findings need to not only support the level of accuracy of that model but also assure us that the model can concentrate on

the anatomically relevant features, fostering clinical relevance. Such explainability is essential for trust and adoption in real-world
settings.

Effusion

Cardiomegal

Pneumonia

Figure 5. Grad-CAM visualizations highlighting pathological regions in chest X-ray images for Cardiomegaly, Effusion,
and Pneumonia.

Comparative Discussion with Previous Work
Compared to the anchor paper by Kavitha et al. [11], which reported accuracy values around 75% using ResNet18, the proposed
framework with EfficientNet-B0 achieves higher accuracy (85.43%) and F1-score (0.75). Moreover, this study advances prior work
by:

* Introducing a robust loss function (weighted focal loss),

* Incorporating per-class and macro-averaged metrics,

*  Applying Grad-CAM for visual interpretability.

These contributions address significant limitations of earlier studies, which often reported only accuracy and lacked

explainability analysis.

Clinical Implications

The improved performance of EfficientNet-BO suggests its potential utility as a clinical decision-support tool, particularly in
resource-limited settings where radiological expertise is scarce. Integrating interpretability tools like Grad-CAM further ensures that
model decisions align with human reasoning, promoting safe and ethical Al deployment in healthcare.
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CONCLUSION AND FUTURE WORK
This study proposed a deep learning model for automated multi-label classification of lung diseases from chest X-ray images,
addressing several key limitations in prior research. The proposed model demonstrated improved diagnostic performance and
clinical transparency by integrating transfer learning with EfficientNet-BO, employing weighted focal loss to mitigate class
imbalance, and incorporating Grad-CAM for interpretability. If considering all metrics of the evaluation, the EfficientNet-BO
architecture performed the best in four assessed frameworks, ResNet18, ResNet50, EfficientNet-B0, and custom CNN, which return
a macro-average F1-score of 0.75 and an AUC metric of 0.91. Per-class analysis further validated its consistent accuracy across
common and rare disease classes, while Grad-CAM confirmed the model's focus on clinically relevant regions. These findings mark
a significant advancement over baseline approaches, particularly those that fail to account for class imbalance, underreport per-class
performance, or neglect explainability. The integration of model interpretability makes this system accurate and trustworthy, an
essential criterion for deployment in medical settings.

Future work may focus on using GANSs for data augmentation, incorporating clinical metadata for improved diagnostic accuracy,
and extending the model to include disease localization. Real-world validation across diverse clinical settings and developing
interactive, interpretable Al tools could further enhance clinical integration and user trust.
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