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ORIGINAL ARTICLE

Al MODELS FOR ACCURATE BACTERIAL PNEUMONIA
DIAGNOSIS IN CHEST X-RAY IMAGES

Akciger Rontgeni Goriintiilerinde Dogru Bakteriyel Pnémoni
Teshisi icin Yapay Zeka Modelleri

Cihan AYDIN', Hafize KIZILKAYA?, Muhammet Emin SAHIN?, Hasan ULUTAS?

ABSTRACT

Objective: This study aims to contribute to this gap by evaluating the performance of various deep learning
models, including a proposed Convolutional Neural Networks (CNN) model, ResNet50, and EfficientNetBO,
for the detection of bacterial pneumonia from chest X-rays.

Material and Methods: This study investigates the use of artificial intelligence (Al) in detecting pneumonia
from chest X-ray (CXR) images using deep learning techniques, specifically CNN, ResNet50, and Efficient-
NetBO.

Results: A created novel dataset consisting of 1228 images of bacterial pneumonia and 1228 images of
non-pneumonia cases, is used for model training and evaluation. X-ray images obtained from Yozgat Bozok
Medical Faculty are classified by a specialist physician and supplemented with additional images from a
publicly available dataset to eliminate class imbalance. Three deep learning models are implemented and
evaluated in terms of accuracy, precision, recall, and F1-score. All models achieved an accuracy of 97%,
with high performance in detecting both pneumonia and non-pneumonia cases. The Proposed CNN model
showed precision and recall values of 1.00 and 0.94 for non-pneumonia and 0.95 and 1.00 for pneumonia
detection, respectively. EfficientNetBO and ResNet50 demonstrated similar robust performance.
Conclusion: The results indicate that Al-based models can offer reliable and accurate pneumonia detecti-
on, supporting clinical decision-making processes and acting as a valuable second opinion for physicians.
These findings highlight the potential of Al in enhancing diagnostic accuracy and efficiency, particularly in
resource-limited healthcare settings. Further validation with larger datasets and clinical trials is necessary
to confirm the generalizability of these models for widespread clinical use.
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OZET

Amag: Bu calisma, akciger rontgeninden bakteriyel pnédmoninin saptanmasi igin 6nerilen Evrisimsel Sinir
Aglari (CNN) modeli ResNet50 ve EfficientNetBO dahil olmak tizere gesitli derin 6§renme modellerinin per-
formansini degerlendirerek bu bosluga katkida bulunmayr amaglamaktadir.

Gereg ve Yontemler: Bu calisma, 6zellikle CNN, ResNet50 ve EfficientNetBO olmak Uzere derin 6grenme
tekniklerini kullanarak akciger rontgeni goriinttlerinden pndmoniyi tespit etmede yapay zekanin kullanimini
arastiriyor.

Bulgular: Model egitimi ve degerlendirmesi icin 1228 bakteriyel pndmoni gorintisi ve 1228 pnémoni ol-
mayan vaka goriintlistinden olusan olusturulmus yeni bir veri seti kullanildi. Yozgat Bozok Tip Fakiltesi'nden
alinan réntgen goriintileri, uzman hekim tarafindan siniflandirilip, sinif dengesizligini ortadan kaldirmak
amacliyla kamuya acik bir veri setinden alinan ek gériintiilerle desteklendi. Ug derin 6grenme modeli uygu-
landi ve dogruluk, kesinlik, geri gagirma ve F1 puani agisindan degerlendirildi. Tim modeller hem pnémoni
hem de pnémoni disi vakalarin tespitinde yiiksek performansla %97'lik bir dogruluga ulasti. Onerilen CNN
modeli, pnédmoni disi igin sirasiyla 1,00 ve 0,94 ve pnomoni tespiti icin 0,95 ve 1,00 hassasiyet ve geri ¢agir-
ma degerleri gosterdi. EfficientNetBO ve ResNet50 benzer giiglii performans sergiledi.

Sonug: Sonuglar, yapay zeka tabanli modellerin glvenilir ve dogru pndmoni tespiti sunabilecegini, klinik
karar verme sireglerini destekleyebilecegini ve hekimler igin degerli bir ikinci gorus olarak hareket edebile-
cegini gosteriyor. Bu bulgular, yapay zekanin 6zellikle kaynaklarin sinirli oldugu saglik hizmetlerinde teshis
dogrulugunu ve verimliligini artirma potansiyelini vurgulamaktadir. Bu modellerin yaygin klinik kullanima
yonelik genellestirilebilirligini dogrulamak icin daha blyuk veri kimeleri ve klinik ¢calismalarla daha fazla
dogrulama yapilmasi gerekmektedir.

Anahtar Kelimeler: Derin O§renme; Yapay Sinir Aglari; Pnémoni; Siniflandirma; Akciger Grafisi
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INTRODUCTION

Pneumoniais afatal disease caused by the inflammation
of the lung parenchyma (1). Bacteria, viruses, and less
commonly fungi are the pathogenic microorganisms
that cause lung inflammation. Pneumonia can cause
fatal disease through a dysregulated inflammatory
response and activated hypercoagulation (2). These
pathological responses to infections have the potential
to lead to multiple organ dysfunction syndrome
(MODS) (3). As a result of these pathophysiological
processes, pneumonia is a potentially fatal disease.
Globally, causes of death are categorized into
communicable and non-communicable diseases (4).
According to the World Health Organization (WHO),
lower respiratory tract infections were the fifth
leading cause of death in 2021. The same report also
listed COVID-19 as the second leading cause of death.
Fatal COVID-19 infections often lead to death due to
severe sepsis, which is caused by lower respiratory
tract infections (5). These findings underscore the
importance of addressing lower respiratory tract
infections as a leading cause of death, especially given
that COVID-19, which is also a lower respiratory tract
infection, was a major contributor to mortality during
the pandemic. However, with the pandemic's decline,
pneumonia and other lower respiratory tract infections
remain critical causes of death worldwide.
Additionally, death in low-income countries presents
crucial findings. Lower tract respiratory infections were
reported to be 1st death cause (4). One more aspect
to address is that lower tract respiratory infections
are one of the communicable diseases. Preventing
the transmission could have a key role in managing
infections to reduce mortality.

The diagnosis of infection is the first and essential
step in preventing transmission. Chest radiography
plays a key role in diagnosing pneumonia, with the
primary options being chest X-ray (CXR) and computed
tomography (CT) scans (6). Although CT scans provide
more detailed chest images, chest X-rays remain
critical due to their accessibility and affordability. CXR
is a widely used and common imaging modality for
identifying pneumonia. It is important to note that
lower respiratory tract infections are the leading cause
of death in low-income countries, where access to CT
scanning facilities is often limited. In these regions, CXR
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continues to be a crucial tool for early detection and
diagnosis of pneumonia.

While many studies focus on the use of artificial
intelligence (Al) for detecting COVID-19 pneumonia,
fewer studies have explored Al-based approaches
for detecting bacterial pneumonia (6-10). Khan et al
propose aframework utilizing deep explainable artificial
intelligence (XAl) techniques for the classification
of COVID-19 from chest X-ray (CXR) images (7). The
authors emphasize the importance of explainability
in Al models for medical applications, aiming to make
the decision-making process more transparent to
clinicians. Kufel et al. submitted an overview of various
Al techniques, particularly deep learning, that have
been used to detect COVID-19-related changes in chest
X-rays (8).

The authors discuss the performance, limitations,
and potential of Al in the clinical setting, while also
identifying the challenges such as data quality, model
generalization, and the need for large, diverse datasets
to train robust Al systems. Gupta et al. focused on using
neural architecture search (NAS) to optimize deep
learning models for pneumonia diagnosis from chest
X-ray images (9). NAS is a technique for automating the
design of neural network architectures, allowing for
the discovery of more efficient and effective models
for medical image classification.

This study aims to contribute to this gap by evaluating
the performance of various deep learning models,
including a proposed Convolutional Neural Network
(CNN) model, ResNet50, and EfficientNetBO, for the
detection of bacterial pneumonia from chest X-rays.
We investigate the potential of Al to support clinicians
in diagnosing pneumonia and enhancing the accuracy
and efficiency of the diagnostic process. The findings
from this study could provide valuable insights into
improving Al-based diagnostic systems in clinical
settings.

MATERIAL AND METHOD

This study was approved by the local ethics
committee (Date:18.09.2024, approval number:
2024-GOKAEK-248_18.09.2024_147). This  single-

center retrospective study was conducted in a tertiary
referral center. The chest X-ray (CXR) images of
patients visiting internal medicine and pulmonology
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outpatient clinics were collected from the hospital’s
database. The CXR images were retrieved from the
hospital system, ensuring that only anonymized data
were used to maintain patient confidentiality.

The identification of pneumonia was performed by a
physician, who provided manual annotations of the
images based on clinical findings and radiological
evaluation. In addition, Al-based software was used to
assist in the detection of pneumonia. For the artificial
intelligence technique, a deep learning approach was
employed, using CNNs for image classification. The
proposed CNN model was trained on the CXR dataset,
with both pneumonia and non-pneumonia cases. The
accuracy of the Al-based detection system in identifying
pneumonia was evaluated by comparing the model's
predictions against the physician's annotations. This
approach aimsto assess the potential of Alin supporting
clinical decision-making processes, providing a second
layer of diagnostic verification to ensure high detection
accuracy in pneumonia diagnosis.

The original dataset consists of 106 images of Bacterial
Pneumonia and 1,228 images of No_Pneumonia.
To address class imbalance, additional Bacterial
Pneumonia images from a publicly available dataset
are incorporated into the original dataset (11). A
specialist clinician carefully reviewed these images
before inclusion to ensure data accuracy and quality.
Deep learning is a sophisticated subset of machine
learning that leverages multiple layers of nonlinear
computing to extract and transform intricate features
from data. Unlike traditional machine learning models
that rely on handcrafted feature engineering, deep
learning algorithms autonomously learn hierarchical
representations of data through an iterative process.
Each successive layer in a deep learning architecture
takes the output of the previous layer as input,
allowing the model to progressively capture higher-
level abstractions and gain a deeper understanding
of complex patterns and relationships within the data
(12).

Convolutional Neural Networks represent the most
commonly used architecture in deep learning,
particularly in the domain of image and video
processing. CNNs consist of two main components
and have gained widespread adoption due to their
remarkable capabilities. In a CNN, the neurons in the
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initial layer are responsible for extracting features
from the input data, while the subsequent layers
combine these extracted features to form higher-
level representations (13). The success of CNNs can
be attributed to their hierarchical feature extraction
capability, enabling them to effectively capture
intricate patterns and structures in the data at various
levels of abstraction.

EfficientNetBO is a convolutional neural network
model that balances accuracy and efficiency by
employing a compound scaling approach, where
depth, width, and resolution are systematically scaled.
This architecture is part of the EfficientNet family,
known for achieving state-of-the-art performance
on various image classification benchmarks while
maintaining computational efficiency. The foundation
of EfficientNetBO lies in its use of Mobile Inverted
Bottleneck Convolution (MBConv) blocks and the
Swish activation function, optimizing both speed and
accuracy (14).

ResNet50, on the other hand, is a 50-layer deep
convolutional neural network architecture that
introduced the concept of residual learning. The
residual blocks in ResNet50 address the problem of
vanishing gradients, enabling the training of deeper
networks by bypassing the direct mapping of inputs
to outputs through shortcut connections. ResNet50
has been widely adopted in image processing tasks for
its robustness and simplicity (15). Both architectures
are frequently used in medical image analysis due to
their pre-trained weights on large-scale datasets such
as ImageNet, allowing for transfer learning to enhance
performance in domain-specific tasks.

In this study, we propose a convolutional neural
network architecture designed to effectively classify
images into two categories. As outlined in Table 1,
the model consists of several key layers that work
together to extract hierarchical features from input
images. The input image is first passed through a
series of convolutional layers, each followed by batch
normalization and spatial dropout, aimed at enhancing
training stability and reducing overfitting.
Cross-validation techniques are commonly used in
machine learning to evaluate and validate model
performance (16). One frequently used method is
5-fold cross-validation, where the dataset is split into
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Table 1. Architecture details of the proposed Convolutional Neural Networks (CNN)

Layer No Layer Type Output Shape Number of Parameters
1 Input (224, 224, 3) 0
2 Conv2D (224, 224, 32) 896
3 BatchNormalization (224, 224, 32) 128
4 SpatialDropout2D (224, 224, 32) 0
5 MaxPooling2D (112, 112, 32) 0
6 Conv2D (112, 112, 64) 18,496
7 BatchNormalization (112, 112, 64) 256
8 SpatialDropout2D (112, 112, 64) 0
9 MaxPooling2D (56, 56, 64) 0
10 Conv2D (56, 56, 128) 73,856
11 BatchNormalization (56, 56, 128) 512
12 MaxPooling2D (28, 28, 128) 0
13 Conv2D (28, 28, 256) 295,168
14 BatchNormalization (28, 28, 256) 1,024
15 GlobalAveragePooling2D (256) 0
16 Dense (512) 131,584
17 Dropout (512) 0
18 Dense (Output Layer) (2) 1,026
* Trainable Parameters: 522,946
¢ Non-trainable Parameters: 0
e Total: 522,946

five approximately equal-sized subsets or folds. In this
approach, the model is trained using four of the folds
and validated on the remaining fold. This process is
repeated five times, each time with a different fold
serving as the validation set. The performance metrics
from each fold are then averaged to estimate the
model's overall performance. 5-fold cross-validation
helps reduce the risk of overfitting and provides a more
reliable assessment of the model’s ability to generalize
to unseen data.

Evaluation metrics are crucial for assessing the
performance of machinelearningalgorithms, especially
in deep learning models. These metrics help determine
how well a model generalizes to new, unseen data.
Various evaluation criteria are available, and using
multiple metrics provides a more comprehensive view
of model performance, as a model might excel in one
metric but underperform in another. Classification
estimates rely on four key values: True Positive (TP)
when a model correctly predicts the positive class,
False Positive (FP) for incorrect positive predictions,

True Negative (TN) for correct negative predictions, and
False Negative (FN) for incorrect negative predictions
(17,18).

Accuracy=(TN+TP)/(TN+TP+FN+FP)

Recall=TP/(TP+FN)

Precision=TP/(TP+FP)

F1-Score =2x (Precision x Recall)/(Precision+Recall)

RESULTS

This study analyzes three different models for
pneumonia detection in chest X-ray images: a custom
CNN, ResNet50, and EfficientNetBO. The models are
trained and evaluated using a 5-fold cross-validation
approach to ensure robust performance assessment.
The dataset used includes images categorized into
Bacterial Pneumonia and No Pneumonia, with
the Bacterial Pneumonia class verified by expert
clinicians before being added to the dataset. Various
performance metrics are used to evaluate and
compare the models, including accuracy, precision,
recall, and F1 score. This section details the steps taken
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to prepare the dataset, train the models, and assess
their effectiveness in classifying pneumonia from chest
X-ray images. The experiments were conducted on
a system with the following specifications: 32 GB of
memory, Intel(R) Corei7 CPUs 12700F operating at 2.10
GHz, and an NVIDIA GeForce RTX 3090 Tl graphics card.
The system runs Windows 10 Pro, and the machine
learning tasks are carried out using Python 3 in Jupyter
Notebook. This configuration provided the necessary
computational power for training and evaluating the
deep learning models used in this study.

The classification reports and confusion matrix
given in Table 2 for the 5-fold cross-validation of the
three models—Proposed CNN, EfficientNetBO, and
ResNet50—demonstrate the effectiveness of each
model in detecting pneumonia from chest X-ray
images. The accuracy for all three models is 0.97,
indicating high performance across all folds.

e Proposed CNN: The model achieves an accuracy
of 97%, with precision, recall, and Fl-score of 0.97
for both classes (0: No Pneumonia, 1: Bacterial
Pneumonia). The high recall and precision for class 1
(Bacterial Pneumonia) highlight its effectiveness in
identifying pneumonia cases.

o EfficientNetBO: The performance is very similar to
the Proposed CNN model, with an accuracy of 97%.
Precision and recall are slightly lower for the "No
Pneumonia" class (0) compared to the Proposed CNN
model, but the overall F1-score remains consistent at
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0.97 for both classes, indicating reliable classification
performance.

e ResNet50: This model also shows an accuracy of 97%,
with the precision, recall, and Fl-scores all nearing
0.97. Precision and recall for both classes are slightly
lower than the other two models but still exhibit a
strong balance in performance across both classes.
The graph given in Figure 2 (a) illustrates the accuracy
trends for each model over multiple epochs. All models
show a steady increase in accuracy, stabilizing around
97% at the end of training, confirming the models'
strong ability to generalize well to the test data.

Figure 2 (b) represents the models' loss over time
during training. The loss values for all models decrease
consistently, with EfficientNetBO and ResNet50 showing
slightly lower loss values toward the end, indicating
efficient training. The CNN model demonstrated a
strong performance during the training process, with a
rapid decline in validation loss, particularly in the initial
epochs. While the difference between validation loss
and training loss is slightly more pronounced compared
to the other models, this indicates that the model is
effectively utilizing its learning capacity and adapting
to the data across different epochs. The fluctuations
observed in the validation loss suggest that the model
is attempting to generalize over different features
of the data during training. Additionally, the rapid
decrease in validation loss at the beginning highlights
the model's ability to quickly learn and adapt. Given

Figure 1. An example of dataset a) No_Pneumonia, b) Bacterial Pneumonia

Table 2. Classification reports and confusion matrix

Precision | Recall Fl-score | Precision | Recall | Fl-score TN FP FN TP
Model Accuracy
(0) (0) (0) (1) (1) (1)
Proposed CNN 0.97 1.00 0.94 0.97 0.95 1.00 0.97 231 14 1 245
EfficientNetBO 0.97 1.00 0.94 0.97 0.94 1.00 0.97 237 8 5 241
ResNet50 0.97 0.98 0.97 0.97 0.97 0.98 0.97 230 15 1 245

CNN: convolutional neural networks
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Figure 2. Accuracy and Loss graph of models

its simpler architecture compared to ResNet50 and
EfficientNetBO, the CNN model stands out as a practical
solution for scenarios where computational efficiency
is critical. From an accuracy perspective, the CNN model
also performs well, with validation accuracy quickly
reaching around 95% and maintaining a trend similar
to training accuracy. However, slight fluctuations in
validation accuracy in later epochs indicate a moderate
level of instability compared to the other models. On
the other hand, ResNet50 and EfficientNetBO achieve
validation accuracies above 95%, offering both higher
precision and stability. ResNet50, in particular, excels in
both accuracy and loss reduction, while EfficientNetBO
closely follows with comparable performance. The
CNN model delivers acceptable accuracy and loss
performance with lower computational requirements,
making it a viable option for applications where
efficiency is a priority. However, for studies demanding
the highest accuracy and stability, ResNet50 and
EfficientNetBO emerge as more robust choices.

The ROC curves givenin Figure 3 demonstrate the trade-
off between true positive rate and false positive rate.
All models show a high area under the curve (AUC),
suggesting excellent discriminative ability between the

two classes.ResNet50 (AUC = 1.00): ResNet50 achieves
a perfect AUC score of 1.00, indicating excellent
classification capability with no compromise between
sensitivity and specificity. This highlights ResNet50 as
the most reliable model for this task. EfficientNetBO
(AUC = 0.98): With an AUC of 0.98, EfficientNetBO0 also
demonstrates high classification performance. While
slightly below ResNet50, it remains an excellent choice
with a strong balance of true positive and false positive
rates. CNN (AUC = 0.97): The CNN model achieves an
AUC of 0.97, showcasing robust performance. Though
slightly behind the other two models, its results are
still highly competitive, particularly given its simpler
architecture. ResNet50 stands out with perfect AUC,
making it the top-performing model. EfficientNetBO
and CNN also provide strong and reliable results, with
CNN being a computationally lighter alternative for
less resource-intensive scenarios.

The Grad-CAM visualizations shown in Figure 4
effectively illustrate the regions within the X-ray images
that the model focuses on for its predictions. In the
first image (a), the heatmap highlights concentrated
activation around the lung regions, particularly in
areas that may indicate abnormalities, suggesting



AYDIN et al.
Al models bacterial pneumonia diagnosis

the model is successfully identifying critical features.
Similarly, the second image (b) shows widespread
activation across the lungs, with notable focus near the
ribcage and diaphragm, reflecting the model's effort to
generalize its attention across the image. In the third
image (Fold 2), the heatmap reveals precise activations
in specific regions of the lungs, emphasizing potential
abnormal areas and demonstrating the model's ability
to narrow its focus to relevant features. Overall, these
visualizations confirm that the model is attending to
clinically significant regions, enhancing interpretability
and reinforcing its reliability in decision-making.

DISCUSSION

This study aimed to evaluate the effectiveness of
artificial intelligence (Al)-based systems, specifically
convolutional neural networks (CNNs), in detecting
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pneumonia from chest X-ray (CXR) images. The study
leveraged a dataset of 2,456 images, including both
bacterial pneumonia and non-pneumonia cases, which
were annotated by a physician and supplemented with
additional images from a publicly available dataset. By
utilizing deep learning approaches like CNN, ResNet50,
and EfficientNetBO, we explored how these models
could assist in pneumonia detection, particularly in
a clinical decision-making context. The performance
of all models—Proposed CNN, EfficientNetBO, and
ResNet50—was evaluated using standard classification
metrics, including accuracy, precision, recall, and F1-
score.Allmodelsachievedanimpressiveoverallaccuracy
of 97%, with each demonstrating strong performance
in both the detection of bacterial pneumonia and non-
pneumonia cases. For example, the Proposed CNN
model achieved a precision of 1.00 and recall of 0.94

a) b) c)
Figure 4. Grad-CAM visualizations of proposed CNN
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for the non-pneumonia class, and a precision of 0.95
and recall of 1.00 for pneumonia detection. Similarly,
EfficientNetBO and ResNet50 showed slightly varied
results, but their performance remained robust, with
high F1 scores across both classes. These findings
suggest that the proposed Al-based systems are
capable of providing accurate pneumonia detection,
even in the presence of class imbalance (where non-
pneumonia cases are more numerous). The use of a
multi-model comparison, including well-established
architectures like ResNet50 and EfficientNetBO, allowed
us to understand how different deep learning models
perform in medical image classification tasks. All
three models demonstrated high precision and recall,
ensuring reliable identification of both pneumonia
and non-pneumonia cases. Moreover, the use of Al
systems can serve as a valuable tool for clinicians,
offering an additional layer of diagnostic verification.
While Al cannot replace the expertise of healthcare
professionals, it can assist in reducing diagnostic errors
and enhance the efficiency of the clinical workflow,
especially in environments with limited access to
radiology specialists.

CONCLUSION

In this study, we demonstrated that deep learning-
based models, particularly CNN, EfficientNetBO, and
ResNet50, are effective in the detection of pneumonia
from chest X-ray images. The models provided high
accuracy, precision, and recall, making them suitable
candidates for supporting clinical decision-making in
pneumonia diagnosis. The results of this study suggest
that Al can enhance diagnostic capabilities, offering
reliableand accurate second opinionsin clinical settings.
The integration of Al in medical image analysis holds
significant potential for improving the accuracy and
efficiency of diagnoses, particularly in under-resourced
healthcare settings. However, further validation with
larger datasets and clinical trials is necessary to confirm
the robustness and generalizability of these models in
real-world scenarios. Future work could also explore
the integration of Al systems with other diagnostic
tools to create comprehensive, multi-modal decision
support systems.
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