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Abstract Pneumonia remains one of the leading causes of morbidity and mortality worldwide, particularly 
among children, older adults, and immunocompromised individuals. Although chest X-ray (CXR) imaging is 
widely used to diagnose pneumonia, manual interpretation can be time-consuming, subjective, and 
dependent on radiologist expertise. Deep learning has shown promising performance for automated 
pneumonia classification; however, class imbalance may introduce prediction bias and affect classification 
performance. This study systematically evaluates image augmentation and class weighting for handling class 
imbalance in pneumonia classification using a ResNet50-CBAM framework. Four experimental scenarios 
were evaluated: Baseline, Augmentation Only, Class Weighting Only, and Hybrid, using identical experimental 
settings. We conducted experiments on the publicly available Chest X-Ray Images (Pneumonia) dataset from 
Kaggle, comprising 1,583 Normal and 4,273 Pneumonia images. We divided the dataset into 80% training, 
10% validation, and 10% testing subsets. Pneumonia was defined as the positive class, and the optimal 
classification threshold for each scenario was determined using Youden's J-Statistic on the validation set 
before final evaluation on the test set. Model performance was assessed using Accuracy, ROC-AUC, 
Precision, Recall, Macro F1-score, and confusion matrix analysis. The Hybrid model achieved the best overall 
performance, with an Accuracy of 95.74%, ROC-AUC of 98.83%, Macro Precision of 96.01%, Macro Recall of 
93.13%, and Macro F1-score of 94.44%. It also reduced false negative predictions from 25 cases in the 
Baseline model to 5 cases. These findings indicate that combining image augmentation and class weighting 
provides complementary benefits for handling class imbalance within the evaluated ResNet50-CBAM 
framework. The findings are limited to internal validation on the evaluated dataset and require further 
validation using independent clinical datasets. 
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I. Introduction 

Pneumonia remains a major global public health 
challenge and continues to be one of the leading causes 
of respiratory morbidity and mortality worldwide, 
particularly among children under five years of age, older 
adults, and immunocompromised individuals [1] [2]. Chest 
X-ray (CXR) imaging is widely used to detect pneumonia 
because of its accessibility, affordability, and effectiveness 
in identifying pulmonary abnormalities. However, manual 
interpretation of chest radiographs remains time-
consuming and highly dependent on radiologist expertise 
[3]. Furthermore, inter-observer variability and the visual 
similarity between pneumonia and other thoracic 
abnormalities may lead to inconsistent diagnoses, 
potentially delaying clinical intervention and affecting 
patient outcomes [4]. Despite the rapid adoption of 
artificial intelligence in medical imaging, class imbalance 
remains a major challenge for automated pneumonia 
classification [5]. Publicly available chest X-ray datasets 
often contain substantially more Pneumonia images than 

Normal images, which may cause deep learning models 
to favor the majority class [6]. Consequently, minority-
class samples may be misclassified, potentially reducing 
the reliability of computer-aided diagnosis [7] [8]. 

Recent advances in Artificial Intelligence (AI), 
particularly Deep Learning (DL), have significantly 
improved automated medical image analysis [9] [10]. 
Transfer learning based on Convolutional Neural 
Networks (CNNs) has become widely adopted because it 
enables extraction of discriminative image features 
without manual feature engineering [11] [12] [13]. Among 
various CNN architectures, ResNet50 has demonstrated 
strong feature-extraction capability through residual 
learning and stable optimization of deep networks [14]. 
Previous studies have reported ResNet50-based models 
achieving accuracies of up to 98.14% and an AUC of 
99.71% for pneumonia detection using chest X-ray 
images [15] [16]. To improve feature representation, 
attention mechanisms have also been incorporated into 
CNN architectures. The Convolutional Block Attention 
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Module (CBAM), for example, sequentially applies 
channel and spatial attention to refine feature maps and 
emphasize diagnostically relevant information [12]. 
Previous studies integrating CBAM with residual networks 
reported accuracies of up to 98.41% and F1-scores of 
0.98 [9]. In addition to model architecture, selecting a 
classification threshold is important for imbalanced 
datasets because the conventional threshold of 0.5 may 
not provide an appropriate balance between sensitivity 
and specificity [6]. Youden's J-Statistic provides a 
systematic approach for selecting an optimal threshold 
based on sensitivity and specificity [17] [18]. 

Image augmentation and class weighting represent 
two different approaches to handling class imbalance. 
Image augmentation operates at the data level by 
introducing additional variations into training images, 
whereas class weighting operates at the optimization 
level by assigning greater importance to 
underrepresented classes. Previous studies have shown 
the effectiveness of these approaches; however, they 
often evaluate their individual and combined effects under 
different experimental settings. Differences in datasets, 
preprocessing procedures, architectures, training 
configurations, and evaluation protocols also make direct 
comparisons difficult. Therefore, this study presents a 
controlled comparative investigation of image 
augmentation and class weighting for pneumonia 
classification using chest X-ray images. A single 
ResNet50-CBAM architecture was used as the common 
backbone across four experimental scenarios: Baseline, 
Augmentation Only, Class Weighting Only, and Hybrid. 
Youden's J-Statistic was additionally used to determine 
the optimal classification threshold from validation data. 
Rather than proposing a new deep learning architecture, 
this study's primary contribution is a controlled 
quantitative comparison of data-level and algorithm-level 
imbalance-handling strategies under consistent 
experimental conditions. 

The study aims to determine the individual and 
combined effects of image augmentation and class 
weighting while maintaining the same dataset, 
preprocessing procedure, ResNet50-CBAM architecture, 
training configuration, and evaluation protocol across all 
scenarios. This design enables a more consistent 
examination of each imbalance-handling strategy's 
relative contribution within the evaluated experimental 
setting. Overall, this study makes four main contributions: 
(1) a systematic comparison of four imbalance-handling 
scenarios for chest X-ray pneumonia classification; (2) a 
quantitative evaluation of the individual and combined 
effects of image augmentation and class weighting within 
the ResNet50-CBAM framework; (3) an analysis of the 
performance trade-offs associated with different 
imbalance-handling strategies; and (4) the use of 
Youden’s J-Statistic to determine the optimal classification 
threshold from validation data. 

The remainder of this paper is organized as follows. 
Section II describes the dataset, preprocessing 
procedures, ResNet50-CBAM architecture, experimental 
scenarios, and evaluation methods. Section III presents 
the experimental results, including individual model 

performance, comparative analysis, and confusion matrix 
evaluation. Section IV discusses the findings, compares 
them with related studies, and outlines limitations and 
implications. Finally, Section V concludes the study and 
outlines directions for future research. 

 

II. Materials and Method  

This study adopts a systematic framework for pneumonia 
classification using chest X-ray images. The workflow 
begins with data preparation and preprocessing, followed 
by four experimental scenarios involving image 
augmentation, class weighting, and their combination. 
The processed data are then classified using the 
proposed ResNet50-CBAM architecture. Model 
performance is evaluated using accuracy, precision, 
recall, F1-score, ROC-AUC, and confusion matrix 
analysis. Additionally, Youden’s J-Statistic is applied to 
determine the optimal classification threshold. Finally, the 
performance of all scenarios is compared to identify the 
most effective strategy for handling class imbalance in 
pneumonia detection. Fig. 1 illustrates the overall 
research workflow employed in this study. The process 
begins with collecting and preparing chest X-ray images, 
followed by partitioning the dataset into training, 
validation, and testing subsets. Subsequently, image 
preprocessing is performed through resizing and pixel 
normalization. To address class imbalance , image 
augmentation and class weighting strategies are applied 
according to the predefined experimental scenarios. The 
processed images are then fed into the proposed 
ResNet50-CBAM architecture, which combines deep 
feature extraction and attention mechanisms for 
pneumonia classification. During training, the model 
parameters are optimized using transfer learning and fine-
tuning techniques [19]. The classification performance is 
evaluated using accuracy, precision, recall, F1-score, 
ROC-AUC, and confusion matrix analysis. Furthermore, 
Youden’s J-Statistic is employed to determine the optimal 
classification threshold, enabling a more balanced 
evaluation on the imbalanced dataset. Finally, the 
performance of the four experimental scenarios is 
compared to identify the most effective strategy for 
handling data imbalance in pneumonia detection. 

A. Data Collection 

This study utilized the Chest X-Ray Images (Pneumonia) 
dataset developed by Paul Mooney and publicly available 
on Kaggle platform. The dataset has been widely adopted 
as a benchmark in pneumonia classification research 
because of its accessibility and well-defined class labels. 
It consists of chest radiographs categorized into two 

Table 1. Distribution of chest X-ray images across 
Normal and Pneumonia classes used in this study. 

Class Number of Images 

Normal 1,583 

Pneumonia 4,273 

Total 5,856 
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classes, namely Normal and Pneumonia, representing 
healthy lungs and lungs affected by pneumonia, 
respectively [7].  A total of 5,856 chest X-ray images were 
used in this study, comprising 1,583 Normal images and 
4,273 Pneumonia images. The distribution indicates an 
imbalanced dataset with an approximate ratio of 1:2.7, 

where the Pneumonia class constitutes the majority class. 
Such class imbalance may introduce prediction bias 
toward the dominant class and potentially reduce the 
model’s ability to correctly identify minority-class samples. 
Table 1 presents the distribution of chest X-ray images 
used in this study. 

B. Image preprocessing 

Image preprocessing was performed to standardize chest 
X-ray images and reduce visual inconsistencies before 
model training. Because the original radiographs varied in 
image resolution and pixel intensity, preprocessing was 
necessary to ensure uniform input for the deep learning 
model [4]. First, all images were resized to 224 × 224 
pixels to meet the input requirements of the pre-trained 
ResNet50 architecture and reduce computational 
complexity [20]. Subsequently, pixel values were 
normalized by rescaling the intensity range to 0-1, 
reducing intensity variations among images, stabilizing 
the training process, and facilitating faster model 
convergence [3]. The resulting preprocessed images 
were then used as the input for the data splitting, 
augmentation, and classification stages. The overall 
preprocessing procedure is summarized in Table 2. 

C. Data Splitting 

Subsequent to the preprocessing phase, the radiographic 
dataset was partitioned into three distinct subsets for 

 

 

Fig. 1. Flowchart of the proposed study, including data preprocessing, imbalance handling, ResNet50-CBAM 
training, threshold optimization, and performance evaluation.  

Table 2. Algorithm for image preprocessing through 
resizing and normalization of chest X-ray images. 

Image preprocessing 

1. BEGIN 

2. Dataset = load_images(DATASET_PATH) 

3. IMG_SIZE = 224 

4. FOR each Image in Dataset DO 

5.      Image = resize(Image, IMG_SIZE, 
IMG_SIZE) 

6.      Image = rescale(Image, 1/255) 

7.      Add Image to Preprocessed_Dataset 

8.  END FOR 

9.  OUTPUT Preprocessed_Dataset 

10. END 
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training, validation, and testing using a stratified image-
level splitting strategy with an 80:10:10 allocation ratio. 
Specifically, 80% of the images were allocated for model 
training, while the remaining images were equally divided 
between the validation and testing sets, each comprising 
10% of the dataset [11]. Stratified splitting was employed 
to preserve the original class distribution of Normal and 
Pneumonia images across all subsets, thereby 
minimizing potential sampling bias and ensuring each 
subset adequately represented the overall dataset 
distribution. Stratified partitioning process was performed 
independently for each class to maintain proportional 
class distributions across the training, validation, and 
testing subsets. To guarantee experimental reproducibility 
and maintain strict consistency across all four 
experimental scenarios, the partitioning process was 
implemented in Python using a fixed random seed of 42. 
The dataset was automatically shuffled prior to splitting, 
after which the images were assigned to the training, 
validation, and testing subsets according to the 

predefined ratio. The resulting image distribution for each 
subset is presented in Table 3. 

During the network's learning phase, the training set 

was exclusively used to optimize the model parameters 

[1]. The validation set served as an independent subset 

for monitoring model convergence, tuning 

hyperparameters, and determining the optimal 

classification threshold using Youden’s J-Statistic. After 

model development was completed, the testing set was 

used only once to evaluate final classification 

performance, ensuring no test samples were used during 

model optimization or threshold selection [3]. 

Furthermore, strict separation was maintained between 

the training, validation, and testing subsets throughout the 

entire experimental process to prevent data leakage. No 

images from the testing set were used during model 

training, hyperparameter tuning, or threshold 

optimization. This partitioning strategy minimizes the risk 

of information leakage between subsets and enables a 

fair and objective comparison among the investigated 

imbalance-handling strategies [21]. 

The publicly available Chest X-Ray Images 

(Pneumonia) dataset does not provide patient identifiers. 

Consequently, the dataset was partitioned at the image 

level rather than the patient level. Therefore, the reported 

performance represents internal validation based on 

image-level splitting, and the generalizability of the 

proposed framework should be further investigated using 

independent external datasets. 

D. Image Augmentation 

Image augmentation was applied only to the training set 
to increase data diversity and reduce overfitting while 
preserving the original class labels [22]. In medical image 
analysis, geometric augmentation can enrich the spatial 
variability of training samples and provide additional 
variations for learning under imbalanced data conditions 
[23] [24].  Three geometric transformations were applied 
using Keras ImageDataGenerator: random rotation within 
±5°, horizontal and vertical shifting of 0.05, and zooming 
of 0.05 [21]. These conservative transformations were 
selected to preserve the anatomical characteristics of 
chest X-ray images. Horizontal flipping was disabled 
because lateral inversion may alter the natural anatomical 
orientation of thoracic structures [23]. The transformations 
were generated stochastically and on the fly during 
training. No explicit per-transformation probability 
parameter was specified in the implementation. 
Therefore, a numerical augmentation probability is not 
reported [25]. The augmented images were generated 
dynamically rather than stored as additional files, 
providing varied training samples without permanently 
expanding the dataset [26]. Fig. 2 shows representative 
examples of the applied transformations. 

E. Class Weighting 

To further mitigate the effect of class imbalance, this study 
employed class weighting as an algorithm-level strategy 
by assigning larger penalties to misclassified samples 
from the minority class during model optimization. Unlike 
data-level approaches that increase the number of 
training samples, class weighting modifies the Binary 
Cross-Entropy loss function to reduce prediction bias 
toward the majority class and encourage a more balanced 

Table 3. Distribution of chest X-ray images after 
stratified dataset splitting. 

Subset Normal Pneumonia Total 

Training 1.266 3.418 4.684 

Validation 158 427 585 

Testing 159 428 587 

Total 1.583 4.273 5.856 

 

(a) 

 

(b) 

 

(c) 

 

(d) 

 

Fig. 2. Representative chest X-ray images before 
and after augmentation: (a) original, (b) rotation 
±5°, (c) width and height shifting 0.05, and (d) 
zooming 0.05.  
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decision boundary [6] [17].  The initial class weights were 
automatically computed using the balanced weighting 
strategy provided by the Scikit-learn library, as expressed 
in Eq. (1). 

wi =
N

C × 𝑛𝑖
 (1) 

where 𝑤𝑖 is the class weight for class 𝑖, 𝑁 is the total 

number of training samples, 𝐶 denotes the number of 

classes, and 𝑛𝑖 represents the number of training samples 

belonging to class 𝑖. To prevent excessively large 

differences between class weights, a soft-scaling 
transformation was subsequently applied according to Eq. 
(2). 

𝑤𝑖 ′ = 1 + 𝛼(𝑤𝑖 − 1) (2) 

where 𝑤𝑖
′ denotes the adjusted class weight after soft 

scaling, 𝑤𝑖 is the original class weight obtained from Eq. 
(1), and 𝛼 is the scaling factor. In this study, 𝛼 = 0.5 was 

adopted to moderate the difference between class 
weights while preserving greater emphasis on the 
minority class. Previous methodological studies have 
shown that moderated weighting strategies provide a 
better balance between minority-class learning and 
optimization stability than excessively aggressive 
weighting schemes, thereby reducing the risk of unstable 
optimization during training [22] [27]. 

Based on the class distribution of the training set, the 
resulting class weights were 1.85 for the Normal class and 
0.69 for the Pneumonia class. These weights were 
consistently applied throughout all class-weighting 
experiments to encourage balanced learning while 

maintaining stable model convergence. The complete 
procedure is presented in Table 4. 

F. CNN and ResNet50 Architecture 

Convolutional Neural Networks (CNNs) have emerged as 
a foundational framework for medical image classification, 
primarily due to their intrinsic capacity to autonomously 
learn hierarchical feature representations directly from 
raw pixel data [12] [28]. Structurally, a standard CNN 
operates through a sequential combination of 
convolutional, pooling, activation, and fully connected 
layers, which collaboratively extract and abstract complex 
visual patterns [3]. By bypassing the subjective and 
tedious process of manual feature engineering required in 
conventional machine learning, CNNs achieve 
significantly superior and more robust diagnostic 

performance across various medical imaging tasks [12] 
[29]. For the specific task of pneumonia detection, this 
study employs ResNet50 as the primary feature-
extraction backbone. As a deep architecture, ResNet50 
distinguishes itself by integrating identity shortcut 
connections that effectively route information across the 
network [8]. This residual learning mechanism is crucial 
for mitigating the vanishing gradient problem typically 
encountered in exceedingly deep networks, thereby 
allowing the model to safely increase depth and capture 
highly discriminative pathological features from chest 

radiographs [5]. To accelerate computational 

convergence and elevate feature extraction capabilities, 
we leveraged a transfer learning paradigm utilizing a 
ResNet50 model pre-trained on the large-scale ImageNet 
dataset [19]. During the fine-tuning phase, the final 50 
layers of the network were unfrozen and optimized 
specifically on the chest X-ray dataset, while the earlier 
layers maintained their pre-trained parameters. This 
strategic adaptation ensures that the network successfully 
transitions from recognizing generic shapes to identifying 
pneumonia-specific clinical patterns without discarding 
the fundamental visual knowledge acquired from the 
massive source domain [22]. Following the deep feature 
extraction phase, the feature maps generated by the 
ResNet50 backbone are subsequently routed into a 
Convolutional Block Attention Module (CBAM). This 
attention mechanism refines the final feature 
representation by adaptively emphasizing diagnostically 
salient regions spatially and across channels while 
suppressing irrelevant background noise [12]. Fig. 3[15] 
visually summarizes the overall structural pipeline of the 
proposed architecture. 

G. Convolutional Block Attention Module (CBAM) 

To improve feature representation, the proposed model 
integrates the Convolutional Block Attention Module 

Table 4. Algorithm for computing and applying 

class weights to address class imbalance during 

model training. 

Class Weighting 

1. BEGIN 

2. y_train = extract_class_labels(Training_Set) 

3. Original_Weights = compute_class_weight( 

    balanced, y_train 

) 

4. soft_factor = 0.5 

5. FOR each Weight in Original_Weights DO 

    Soft_Weight = 1 + soft_factor × (Weight − 
1) 

END FOR 

6. Class_Weights = collect(Soft_Weight) 

7. Apply Class_Weights during model training 

8. OUTPUT Class_Weights 

9. END 

 

 

Fig. 3. Architecture of the pre-trained ResNet50 
model adopted for hierarchical feature extraction 
from chest X-ray images, reproduced from [15]. 
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(CBAM) into the ResNet50 backbone. The CBAM module 
is inserted after the final feature extraction stage of 
ResNet50 to refine the extracted feature maps before the 
classification process. As illustrated in Fig. 4, CBAM 
sequentially applies the Channel Attention Module (CAM) 
and Spatial Attention Module (SAM) to emphasize 
informative features while suppressing less relevant 
responses, thereby improving feature discrimination for 
pneumonia classification [12]. The Channel Attention 
Module (CAM) computes channel-wise attention using 
both Global Average Pooling and Global Max Pooling, 
followed by a shared multilayer perceptron with a 
reduction ratio of 8 and ReLU activation. The generated 
attention weights are normalized using a sigmoid 
activation and multiplied element-wise with the input 
feature map. Subsequently, the Spatial Attention Module 
(SAM) aggregates spatial information through average 
pooling and maximum pooling across the channel 
dimension, followed by a 7 × 7 convolution and sigmoid 
activation to generate the spatial attention map, which is 
multiplied with the intermediate feature map to produce 
refined feature representations [12].  

The refined feature map is subsequently processed 
through a Global Average Pooling layer, followed by a fully 
connected layer with 512 neurons using ReLU activation, 
a Dropout layer (0.5), and a final sigmoid output layer for 
binary classification of Normal and Pneumonia images. 
Representative feature maps before and after applying 
the CBAM module are presented in Fig. 5, illustrating the 
refinement of intermediate feature responses after 

sequential channel and spatial attention.  

H. Training Configuration 

The ResNet50-CBAM models were implemented using 
Python 3.11.9, TensorFlow 2.16.1, Keras 3.7.0, and Scikit-
learn 1.7.0. ResNet50 was initialized with ImageNet-
pretrained weights, using 224×224 input images and a 
batch size of 16. The final 50 ResNet50 layers were fine-
tuned, followed by CBAM, global average pooling, a 512-

unit dense layer, Dropout (0.5), and a sigmoid output. The 
resulting model contained 25,688,291 parameters, with 
25,635,171 trainable and 53,120 non-trainable 
parameters. 

Training used Adam with a learning rate of 5×10−6 and 
Binary Crossentropy for a maximum of 50 epochs. 
EarlyStopping used validation accuracy with a patience of 
15, while ModelCheckpoint retained the best validation 
model, and ReduceLROnPlateau used a factor of 0.3, 
patience of 2, and a minimum learning rate of 1×10−6. 
Images were rescaled by 1/255 and augmented during 
training using rotation (±5°), width/height shifts (0.05), and 
zoom (0.05), without horizontal flipping. The data were 
split at the image level into 80% training, 10% validation, 
and 10% testing using random seed 42. For class-
weighting scenarios, balanced class weights were 
adjusted using a 0.5 soft-scaling factor. 

I. Evaluation 

The performance of the proposed model was evaluated 
using several classification metrics derived from the 
confusion matrix, including Accuracy (ACC), Precision 
(PRE), Recall (REC), F1-Score (F1), Macro Precision, 
Macro Recall, and Macro F1-Score, as well as Receiver 
Operating Characteristic (ROC) analysis and the Area 
Under the Curve (AUC)  [3] [4]. These metrics were 
selected to provide a comprehensive assessment of 
classification performance under different imbalance-
handling scenarios. In this study, Pneumonia was treated 
as the positive class, whereas Normal was considered the 
negative class. Accuracy (ACC) measures the proportion 
of correctly classified samples among all evaluated 
samples. Higher accuracy indicates better overall 
classification performance [3]. The computation of 
accuracy is presented in Eq. (3) [3]. 

Accuracy =
TP + TN

TP + TN + FP + FN
 (3) 

where TP, TN, FP, and FN denote the numbers of True 
Positive, True Negative, False Positive, and False 
Negative samples, respectively. 

Precision (PRE) measures the proportion of correctly 
predicted positive samples among all samples predicted 
as positive. Higher precision indicates fewer false-positive 
predictions [3]. The computation of precision is presented 
in Eq. (4) [3]. 

 

Fig. 4. Architecture of the proposed ResNet50-
CBAM framework for pneumonia classification. 

 

(a) 

 

(b) 

 
Fig. 5. Visualization of chest X-ray images before 
and after applying CBAM for feature refinement in 
pneumonia classification: (a) before CBAM, (b) 
after CBAM. 
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Precision =
TP

TP + FP
 (4) 

where TP represents correctly classified Pneumonia 
images, and FP represents Normal images incorrectly 
classified as Pneumonia. Recall (REC), also called 
sensitivity, measures the proportion of actual positive 
samples the model correctly identifies. This metric is 
particularly important in pneumonia detection because it 
reflects the model's ability to identify disease cases [3]. 
The computation of recall is presented in Eq. (5) [3]. 

Recall =
TP

TP + FN
 (5) 

where TP represents correctly classified Pneumonia 
images, and FN represents Pneumonia images 
incorrectly classified as Normal. F1-Score (F1) is the 
harmonic mean of Precision and Recall, providing a 
balanced evaluation by simultaneously considering false 
positive and false negative predictions [3]. The 
computation of the F1-score is presented in Eq. (6) [3]. 

F1 = 2 ×
Precision × Recall

Precision + Recall
 (6) 

where Precision and Recall are calculated using Eq. (4) 
and Eq. (5), respectively Since the dataset is imbalanced, 
Macro Precision, Macro Recall, and Macro F1-Score were 
additionally reported to evaluate the average performance 
across all classes by assigning equal importance to each 
class regardless of its sample size [3]. 

Macro Precision =
∑ PC
i=1 recisioni

C
 (7) 

where Precisioni denotes the Precision of class 𝑖, and C 

represents the total number of classes. 

Macro Recall =
∑ RC
i=1 ecalli

C
 (8) 

where Recalli denotes the Recall of class 𝑖, and C 

represents the total number of classes. 

Macro F1 =
∑ FC
i=1 1i
C

 (9) 

where F1i denotes the F1-Score of class 𝑖, and C 

represents the total number of classes. In addition to 
confusion matrix-based metrics, ROC-AUC analysis was 
performed to evaluate the model's ability to distinguish 
between Normal and Pneumonia classes across different 
classification thresholds. Unlike single-threshold metrics, 
ROC-AUC provides a threshold-independent assessment 
of classification performance, making it suitable for 
imbalanced datasets. A higher AUC value indicates better 
discriminative capability [6]. To determine the optimal 
classification threshold, this study employed Youden's J-
Statistic using the True Positive Rate (TPR) and False 
Positive Rate (FPR) as follows [18]. 

TPR =
TP

TP + FN
 (10) 

where TP denotes true positive predictions, and FN 
denotes false negative predictions. TPR represents the 
proportion of positive-class samples correctly identified by 
the model and corresponds to sensitivity or recall. 

FPR =
FP

FP + TN
 (11) 

where FP denotes false positive predictions, and TN 
denotes true negative predictions. FPR represents the 
proportion of negative-class samples incorrectly classified 
as positive. 

Youden's J-Statistic was then calculated as [18]: 

J = TPR − FPR (12) 

where J denotes Youden's J-Statistic, TPR represents the 
true positive rate, and FPR represents the false positive 
rate. The optimal threshold was determined by selecting 

Table 5. Training configuration of the proposed 
ResNet50-CBAM model. 

Parameter Configuration 

Software Python 3.11.9; 
TensorFlow 2.16.1; 
Keras 3.7.0; Scikit-learn 
1.7.0 

Pretrained weights ImageNet 

Input size 224 × 224 × 3 

Batch size 16 

Maximum epochs 50 

Optimizer Adam 

Learning rate 5 × 10⁻⁶ 

Loss function Binary Crossentropy 

Fine-tuning Final 50 ResNet50 
layers 

Dropout 0.5 

EarlyStopping Val. accuracy; patience 
= 15 

ReduceLROnPlateau Factor = 0.3; patience = 
2 

Minimum learning rate 1 × 10⁻⁶ 

Class-weight scaling 0.5 

Data split 80:10:10 

Split level Image level 

Random seed 42 

Total parameters 25,688,291 

Trainable parameters 25,635,171 

Non-trainable 
parameters 

53,120 

Hardware AMD Ryzen 5 5625U; 8 
GB RAM 

Training time Approximately 3 
min/epoch 
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the threshold that maximized J using the validation set 
only. The selected threshold was subsequently applied to 
the independent test set for final performance evaluation, 
thereby preventing optimistic performance estimation 
[18]. The procedure is summarized in Table 6 [18]. 

 

III. RESULTS  
A. Overview of Experimental Results 

This study evaluated four imbalance-handling strategies 
within the ResNet50-CBAM framework: Baseline (M1), 
Augmentation Only (M2), Class Weighting Only (M3), and 
Hybrid (M4). The results showed that the effects of the 
strategies varied across evaluation metrics. The Hybrid 
model achieved the highest overall performance, with an 
Accuracy of 95.74%, ROC-AUC of 98.83%, Macro 
Precision of 96.01%, and Macro F1-Score of 94.44%. 
Compared with the Baseline model, the Hybrid strategy 
increased Accuracy from 93.70% to 95.74%, 
corresponding to an absolute improvement of 2.04 
percentage points and a relative improvement of 2.18%. 
Macro F1-Score increased from 92.22% to 94.44%, 
representing an absolute gain of 2.22 percentage points 
and a relative improvement of 2.41%. ROC-AUC also 

increased from 98.38% to 98.83%, an absolute gain of 
0.45 percentage points. These results indicate that the 
combined strategy provided the strongest overall 
performance, although improvements were not uniform 
across all metrics.  

B. Performance of Individual Models 

To evaluate each imbalance-handling strategy in detail, 
the performance of the Baseline, Augmentation Only, 
Class Weighting Only, and Hybrid models was analyzed 
individually. The corresponding evaluation results are 
summarized in Tables 7-10. The Baseline model 
achieved an Accuracy of 93.70% and a ROC-AUC of 
98.38%, providing a reference point for evaluating the 
effects of the imbalance-handling strategies. The model 
achieved a Macro Precision of 91.29%, Macro Recall of 
93.31%, and Macro F1-Score of 92.22%. The detailed 
class-wise results are presented in Table 7. The 
Augmentation Only model achieved an Accuracy of 
94.38%, representing an absolute improvement of 0.68 
percentage points and a relative improvement of 0.73% 
over the Baseline. Its Macro Precision and Macro F1-
Score also increased to 93.10% and 92.84%, 
respectively. However, ROC-AUC decreased slightly from 
98.38% to 98.26%, indicating that the augmentation 
strategy improved several threshold-dependent metrics 
but did not improve overall ranking discrimination. The 
Class Weighting Only model achieved an Accuracy of 
94.21%, corresponding to an absolute improvement of 
0.51 percentage points and a relative improvement of 
0.55% compared with the Baseline. Its Macro Recall 
increased from 93.31% to 94.84%, an absolute gain of 
1.54 percentage points, while the Macro F1-Score 
increased from 92.22% to 92.96%. ROC-AUC also 
increased to 98.80%, indicating improved discrimination 
compared with the Baseline. The detailed performance 
metrics of this model are presented in Table 9. The Hybrid 
model achieved the highest performance among the four 
scenarios, with an Accuracy of 95.74%, ROC-AUC of 
98.83%, Macro Precision of 96.01%, Macro Recall of 
93.13%, and Macro F1-Score of 94.44%. Compared with 
the Baseline, the Hybrid model improved Accuracy by 
2.04 percentage points (2.18%) and Macro F1-Score by 
2.22 percentage points (2.41%). ROC-AUC increased by 
0.45 percentage points, while Macro Precision increased 
by 4.72 percentage points. The complete evaluation 
results are presented in Table 10. 

C. Threshold Optimization 

Table 7. Performance evaluation results of the 

Baseline ResNet50-CBAM model without 

imbalance handling strategies. 

Class Precision  Recall F1-Score 

Normal 0.85465 0.92453 0.88822 

Pneumonia 0.97108 0.94159 0.95611 

Accuracy   0.93697 

ROC-AUC   0.98384 

 

Table 8. Performance evaluation results of the 

ResNet50-CBAM model using image 

augmentation only. 

Class Precision  Recall F1-Score 

Normal 0.90385 0.88679 0.89524 

Pneumonia 0.95824 0.96495 0.96158 

Accuracy   0.94378 

ROC-AUC   0.98257 

 

Table 6. Algorithm for selecting the optimal 

classification threshold using Youden’s J-Statistic. 

Youden’s J-Statistic 

1. BEGIN 

2. Input = Validation_Set 

Model = Trained ResNet50-CBAM 

3. Predictions = model.predict(Validation_Set) 

4. FOR each Candidate_Threshold t DO 

     Convert Predictions to Binary Labels 

     Calculate Sensitivity(t) 

     Calculate Specificity(t) 

     J(t) = Sensitivity(t) + Specificity(t) − 1 

END FOR 

5. Optimal_Threshold = 

     threshold with maximum J(t) 

6. Apply Optimal_Threshold to test predictions 

7. OUTPUT Optimal_Threshold 

8. END 
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To obtain a more balanced decision boundary, the optimal 
probability threshold for each experimental scenario was 
determined using Youden's J-Statistic on the validation 
set, as described in the previous section. The threshold 
that maximized Youden's J value was subsequently 
applied during the evaluation of the independent test set. 
This procedure ensured the test data were not involved in 
threshold selection, preventing optimistic performance 
estimates. As presented in Table 11, the optimal 
thresholds differed across the four experimental 

scenarios, indicating that each imbalance-handling 
strategy produced a distinct probability distribution during 
classification. The Class Weighting Only model yielded 
the lowest optimal threshold (0.65492), suggesting that a 
lower decision boundary was required to balance 
sensitivity and specificity after incorporating class-
dependent penalties during training. In contrast, the 
Hybrid model produced the highest optimal threshold 
(0.90341), indicating stronger confidence in positive 
predictions after combining image augmentation and 
class weighting. These findings demonstrate that the 
optimal decision threshold is model-dependent and 
should be determined individually rather than adopting the 
default threshold of 0.5 for all classification scenarios. 

D. Comparative Performance Analysis 

Fig. 6 compares the performance of the four experimental 
scenarios across Accuracy, ROC-AUC, Macro Precision, 
Macro Recall, and Macro F1-Score. The Hybrid model 
achieved the highest Accuracy, ROC-AUC, Macro 
Precision, and Macro F1-Score, whereas the Class 
Weighting Only model achieved the highest Macro Recall. 
Relative to the Baseline, the Hybrid model increased 
Accuracy from 93.70% to 95.74%, corresponding to an 

 

Fig. 6. Comparative performance of four experimental models: Baseline (M1), Augmentation Only (M2), Class 
Weighting Only (M3), and Hybrid (M4) across multiple evaluation metrics. 
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0.94378 0.94208
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100.00%

Baseline Augmentation Class  Weighting Hybrid

Accuracy ROC-AUC Macro Precision Macro Recall Macro F1-Score

Table 11. Optimal probability thresholds obtained 
using Youden's J-Statistic. 

Model Optimal Threshold 

Baseline (M1) 0.84328 

Augmentation Only (M2) 0.82250 

Class Weighting Only 
(M3) 

0.65492 

Hybrid (M4) 0.9034 

 

Table 10. Performance evaluation results of the 

Hybrid ResNet50-CBAM model using image 

augmentation and class weighting. 

Class Precision  Recall F1-Score 

Normal 0.96528 0.87421 0.91749 

Pneumonia 0.95485 0.98832 0.97130 

Accuracy   0.95741 

ROC-AUC   0.98830 

 

Table 9. Performance evaluation results of the 

ResNet50-CBAM model using class weighting 

only. 

Class Precision  Recall F1-Score 

Normal 0.84530 0.96226 0.90000 

Pneumonia 0.98522 0.93458 0.95923 

Accuracy   0.94208 

ROC-AUC   0.98798 
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absolute gain of 2.04 percentage points and a relative 
improvement of 2.18%. Macro F1-Score increased from 
92.22% to 94.44%, yielding an absolute gain of 2.22 
percentage points and a relative improvement of 2.41%. 
Macro Precision showed the largest increase, from 
91.29% to 96.01%, corresponding to an absolute gain of 
4.72 percentage points and a relative improvement of 
5.17%. The improvement was not consistent across every 
metric. The Augmentation Only model increased 
Accuracy by 0.68 percentage points, but its ROC-AUC 
decreased by 0.13 percentage points relative to the 
Baseline. In contrast, Class Weighting Only increased 
ROC-AUC by 0.41 percentage points and achieved the 
highest Macro Recall (94.84%). These differences 
indicate that augmentation and class weighting affected 
different aspects of classification performance rather than 
producing uniform improvements across all metrics. 

E. Confusion Matrix Analysis 

The confusion matrices in Fig. 7 provide a detailed 
comparison of the prediction outcomes obtained by the 
four experimental models. Overall, the effects of the 

imbalance-handling strategies on Pneumonia detection 
varied across the experimental models. Augmentation 
Only and Hybrid reduced false negative predictions 
compared with the Baseline, whereas Class Weighting 
Only increased the number of false negatives. However, 
these improvements in disease detection came with 
different trade-offs in false positive predictions.  The 
Baseline (M1) model correctly classified 147 Normal and 
403 Pneumonia images, while producing 12 false 
positives and 25 false negatives. The relatively high 
number of false negative cases indicates that several 
Pneumonia images were incorrectly classified as Normal, 
which may reduce the effectiveness of automated 
screening because missed Pneumonia cases could delay 
further clinical assessment. The Class Weighting Only 
(M3) model reduced the number of false positives from 12 
to 6, resulting in improved recognition of the Normal class. 
However, false negatives slightly increased to 28, 
indicating that emphasizing balanced learning alone was 
insufficient to improve Pneumonia detection. 

The Augmentation Only (M2) model substantially 

(a) 

 

(b) 

 

(c) 

 

(d) 

 

 

Fig. 7. Confusion matrices of the four ResNet50-CBAM models: (a) Baseline (M1), (b) Augmentation Only (M2), 
(c) Class Weighting Only (M3), and (d) Hybrid (M4). 
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reduced false negative predictions to 15, demonstrating 
that increased image diversity improved the model's 
ability to recognize Pneumonia patterns. Nevertheless, 
this improvement was accompanied by an increase in 
false positives (18), indicating a greater tendency to 
classify Normal images as Pneumonia. Among all 
evaluated models, the Hybrid (M4) model achieved the 
lowest number of false negatives (5), representing an 
absolute reduction of 20 cases and a relative reduction of 
80.00% compared with the Baseline model. However, 
false positives increased from 12 to 20, representing an 
absolute increase of 8 cases or 66.67%. Thus, the Hybrid 
strategy substantially reduced missed Pneumonia cases 
while producing more false-positive predictions. From a 
clinical perspective, these results reflect a sensitivity-
specificity trade-off. Reducing false negatives is 
particularly important because missed Pneumonia cases 
may delay further clinical assessment. Conversely, 
increased false positives may result in additional 
examinations or referrals. Therefore, within the evaluated 

test set, the Hybrid model demonstrated the most 
favorable trade-off for Pneumonia detection, particularly 
through its substantial reduction in false-negative 
predictions. These findings should nevertheless be 
interpreted as internal validation results and should not be 
considered evidence of clinical effectiveness without 
further external and prospective validation. 

 

IV. Discussion 

The results demonstrate that image augmentation and 
class weighting produced different effects across the 
evaluated metrics. The Hybrid model achieved the best 
overall performance, with 95.74% Accuracy, 98.83% 
ROC-AUC, 96.01% Macro Precision, and 94.44% Macro 
F1-Score. Compared with the Baseline, Accuracy and 
Macro F1-Score increased by 2.04 and 2.22 percentage 
points, respectively. However, improvements were not 

consistent across all metrics, as the Augmentation Only 
model showed a slightly lower ROC-AUC than the 
Baseline, while Class Weighting Only achieved the 
highest Macro Recall. The confusion matrices further 
demonstrate the trade-off between false negatives and 
false positives. The Hybrid model reduced false negatives 
from 25 to 5 cases (an 80.00% reduction) but increased 
false positives from 12 to 20 cases. In contrast, Class 
Weighting Only reduced false positives to 6 cases but 
increased false negatives to 28. These results indicate 
that the Hybrid strategy primarily improved Pneumonia 
detection, whereas class weighting alone was more 
effective in reducing false-positive predictions. 

 As shown in Table 12, the proposed method achieved 
higher Accuracy than Usman et al. [11] (90.50%), Al 
Reshan et al. [30] (92.05%), Sharma et al. [3](92.15%), 
and Azhar et al. [19] (94.00%), while remaining slightly 
below Yanar et al. [21] (96.00%). The proposed method 
also achieved the highest reported AUC in the table 
(98.83%), exceeding Al Reshan et al. [30] (98.00%) and 

Sharma et al. [3] (97.40%). For Sensitivity, the proposed 
method (93.12%) was lower than Usman et al. [11] 
(99.05%) and Azhar et al. [19] (95.00%), but higher than 
Al Reshan et al. [30] (91.73%) and Yanar et al. [21] 
(91.00%), and was comparable to Sharma et al. [3] 
(93.08%). 

These comparisons should be interpreted cautiously 
because the reported studies may differ in data splitting, 
augmentation, threshold selection, and evaluation 
protocols. In this study, the dataset was divided at the 
image level, the threshold was optimized using the 
validation set, and the selected threshold was 
subsequently applied to the test set. Patient-level 
independence could not be guaranteed because patient 
identifiers were unavailable. Therefore, the results 
represent internal validation under the present 
experimental protocol rather than a direct ranking of 

Table 12. Comparison of the proposed method with previous studies on pneumonia classification 

using chest X-ray images 

Study Dataset Method Accuracy(%) AUC(%) Sensitivity(%) 

Usman et al. 
[11] 

Chest X-Ray Images 
(Pneumonia) 

(Kaggle) 

EfficientNet-based Deep 
Transfer Learning 

90,5% 72,53% 99,05% 

Reshan et 
al. [30] 

Chest X-Ray Images 
(Pneumonia) 

(Kaggle) 
MobileNet 92,05% 98% 91.73% 

Sharma et 
al. [3] 

Chest X-Ray Images 
(Pneumonia) 

(Kaggle) 
VGG-16 & Neural Network 92,15% 97,4% 93,08% 

 
Azhar et al. 

[19] 

Chest X-Ray Images 
(Pneumonia) 

(Kaggle) 

ResNet50v2 (Pre-trained dari 
ImageNet) 

94,0% - 95% 

Yanar et al. 
[21] 

Chest X-Ray Images 
(Pneumonia) 

(Kaggle) 

PELM Ensemble (InceptionV3, 
VGG16, ResNet50, ViT) 

96,0% 91% 91% 

Proposed 
method 

Kaggle 
Image Augmentation + Class 
Weighting, ResNet50-CBAM 

95,74% 98,83% 93,12% 
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model performance. The proposed framework also differs 
in computational design. Yanar et al. [21] used an 
ensemble of InceptionV3, VGG16, ResNet50, and ViT, 
whereas this study uses a single ResNet50-CBAM 
backbone with augmentation and class weighting. Thus, 
the slightly lower Accuracy of the proposed method 
should be considered alongside its simpler single-
backbone design. The main contribution of this study is 
therefore not architectural novelty, but the controlled 
comparison of augmentation and class weighting under 
consistent experimental conditions. Several limitations 
remain. The study used a single public dataset and an 
image-level split with one fixed random seed; therefore, it 
did not assess external validity or run-to-run variability. In 
addition, the model was evaluated only for binary Normal-
Pneumonia classification. Although the Hybrid model 
substantially reduced false negatives, its clinical utility 
cannot yet be established because external, prospective, 
patient-level, and radiologist validation were not 
performed. 

Overall, the findings indicate that combining image 
augmentation and class weighting provided the strongest 
performance among the evaluated strategies, achieving 
95.74% Accuracy, 98.83% ROC-AUC, 94.44% Macro F1-
Score, and only five false negatives. These findings are 
limited to the internal validation setting and require further 
validation on independent, clinically representative 
datasets. Overall, this study provides both methodological 
and practical implications. Methodologically, the findings 
demonstrate that integrating data-level and algorithm-
level imbalance-handling strategies within an attention-
based convolutional neural network effectively improves 
pneumonia classification under imbalanced data 
conditions. More importantly, the controlled comparative 
framework provides clearer evidence regarding the 
individual contribution of each imbalance-handling 
strategy while minimizing the influence of differences in 
network architecture and training configuration. From a 
practical perspective, the proposed ResNet50-CBAM 
framework offers a computationally efficient alternative for 
automated pneumonia screening. The substantial 
reduction in false negative predictions achieved by the 
Hybrid model indicates improved disease detection 
capability while maintaining competitive overall 
classification performance, suggesting its potential to 
support radiologists as a computer-aided diagnostic tool 
rather than replacing clinical decision-making. 

 

V. Conclusion 

This study systematically evaluated the individual and 
combined effects of image augmentation and class 
weighting for addressing class imbalance in pneumonia 
classification using chest X-ray images within a 
ResNet50-CBAM framework. Four experimental 
scenarios, namely Baseline, Augmentation Only, Class 
Weighting Only, and Hybrid, were evaluated under 
consistent datasets, preprocessing procedures, network 
architecture, training configuration, and evaluation 
protocols to enable a controlled comparison. The Hybrid 
model achieved the best overall performance among the 
evaluated scenarios, obtaining an Accuracy of 95.74%, 

ROC-AUC of 98.83%, and Macro F1-score of 94.44%. It 
also achieved a Macro Precision of 96.01% and Macro 
Recall of 93.13%. Notably, the number of false negative 
predictions decreased from 25 cases in the Baseline 
model to 5 cases in the Hybrid model, representing an 
80.00% reduction. However, this improvement was 
accompanied by an increase in false positive predictions, 
indicating a trade-off between detecting Pneumonia 
cases and avoiding false-positive classifications. The 
main contribution of this study is the controlled 
quantitative comparison of image augmentation and class 
weighting within the same ResNet50-CBAM framework. 
The findings indicate that combining these data-level and 
algorithm-level strategies provided the strongest overall 
performance under the evaluated experimental 
conditions. However, the results should be interpreted as 
internal validation findings and should not be considered 
evidence of clinical effectiveness or generalizability 
beyond the evaluated dataset. Future research should 
validate the proposed approach using independent 
external datasets and patient-level data splitting, as well 
as investigate repeated experimental runs, additional 
imbalance-handling strategies, and explainability 
methods such as Grad-CAM. Such validation is 
necessary to determine the reproducibility, 
generalizability, and potential clinical utility of the 
proposed framework. 
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