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Abstract: Pneumonia is a deadly disease affecting millions worldwide, caused by microor-
ganisms and environmental factors. It leads to lung fluid build-up, making breathing
difficult, and is a leading cause of death. Early detection and treatment are crucial for
preventing severe outcomes. Chest X-rays are commonly used for diagnoses due to their
accessibility and low costs; however, detecting pneumonia through X-rays is challenging.
Automated methods are needed, and machine learning can solve complex computer vision
problems in medical imaging. This research develops a robust machine learning model for
the early detection of pneumonia using chest X-rays, leveraging advanced image process-
ing techniques and deep learning algorithms that accurately identify pneumonia patterns,
enabling prompt diagnosis and treatment. The research develops a CNN model from the
ground up and a ResNet-50 pretrained model This study uses the RSNA pneumonia detec-
tion challenge original dataset comprising 26,684 chest array images collected from unique
patients (56% male, 44% females) to build a machine learning model for the early detection
of pneumonia. The data are made up of pneumonia (31.6%) and non-pneumonia (68.8%),
providing an effective foundation for the model training and evaluation. A reduced size of
the dataset was used to examine the impact of data size and both versions were tested with
and without the use of augmentation. The models were compared with existing works,
the model’s effectiveness in detecting pneumonia was compared with one another, and
the impact of augmentation and the dataset size on the performance of the models was
examined. The overall best accuracy achieved was that of the CNN model from scratch,
with no augmentation, an accuracy of 0.79, a precision of 0.76, a recall of 0.73, and an F1
score of 0.74. However, the pretrained model, with lower overall accuracy, was found to be
more generalizable.

Keywords: machine learning; CNN; RESNET; pneumonia infections

1. Introduction and Background

Pneumonia is a respiratory infection caused by bacteria, viruses, and fungi [1], leading
to inflammation of the lungs, with symptoms including fever, muscle aches, coughing and
breathing difficulties [2]. If not treated on time, pneumonia can be fatal. Each year, more
than four million people die from pneumonia [3]. Antibiotics and antivirals are drugs that
can treat pneumonia-caused viruses or bacteria; even so, the ability to diagnose and treat
pneumonia early on is necessary for the best possible patient care [4].

Chest X-ray is the frequently used imaging mode for detecting pneumonia, due to its
low cost and accessibility [5]. Despite the benefits that X-rays provide, there are only a few
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expert radiologists whose predictions are required in several areas of the world, according
to ref. [6], and, presently, the use of chest X-rays to detect pneumonia can result in delayed
detection and treatment; as such, the use of computer-aided detection (CAD) systems can
serve as a solution to these problems [7]. Deep learning (DL), a subset of machine learning,
is significantly assessed as CAD technology in pneumonia detection [8].

Machine learning is being utilized in medical imaging tasks, mapping, and diagnosing
images [9]. Machine learning can solve complex computer vision problems in medical
imaging [10]. However, deep learning has taken giant steps in these models because of its
ability to learn hierarchical features from raw image data [11].

Deep learning techniques achieve classification such that the key features are spon-
taneously extracted and classified [12]. Compared to other deep learning techniques,
CNN is one of the effective approaches for pattern recognition because of its layering
topography [13].

CNN s are a type of deep neural network that concentrates on image analyses and
consists of convolutional layers and filters that assist in extracting the spatial and temporal
features within an image [14]. CNNs principal benefit is its ability to extract meaningful
features from full images [15]. CNN models require large, labeled data, excessive cost, and
powerful software. As such, transfer learning as an approach to machine learning solves
this issue [16]. Transfer learning is characterized by using a pretrained CNN model to
solve another new problem, i.e., using the expertise acquired from it for a particular task, to
solve other related tasks [16]. In the next section, the background is presented followed by
the methodology section and then results. At the end of this article, we have a discussion
section, followed by the conclusion of the work.

Background

Other studies have been conducted using deep learning techniques and chest X-rays in
pneumonia detection. Ref. [17] used deep learning models RestNet-101 and RestNet-50 to
diagnose pneumonia, used deep learning models for detecting fourteen diseases, including
pneumonia, and achieved 96% precision, but experienced limitations that affected precision,
due to the intricate [2].

Ref. [18] used AlexNet, ResNet 18, DenseNet201, and SqueezeNet to detect bacterial
and viral pneumonia in digital X-ray images. The accuracy of the study was up to 98%,
95%, and 93.3%, making the study useful for screening pneumonia. Ref. [19] built a deep
learning architecture with VGG16 architecture to detect pneumonia using chest X-ray
images. The model was trained on 5856 chest X-ray images. The model’s accuracy was
96.6%, with a sensitivity of 98.1%, specificity of 92.4%, precision of 97.2% and an F1 score of
97.6% [20].

Ref. [21] worked on pneumonia detection in chest X-rays using a convolutional neuro
network and transfer learning. There were six models, including VGG16, VGG16, ResNet
50, and Inception v3, trained to classify chest X-ray images into pneumonia and non-
pneumonia categories. The models were able to achieve validation accuracy of 85.26% and
92.31%, respectively [7].

The highest accuracy reported in the above-mentioned literature in classifying pneu-
monia using chest X-rays is 98% [18]; as such, there is room for improvement.

The primary aim of this research is to detect pneumonia using chest X-rays and
machine learning. This research develops a robust machine learning model for the early de-
tection of pneumonia using chest X-rays, leveraging advanced image processing techniques
and deep learning algorithms, the system will accurately identify pneumonia patterns,
enabling prompt diagnosis and treatment. This research develops a convolutional neuro
network (CNN) model from scratch and also uses a pretrained ResNet50 as the base model.
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This research addresses the following key questions:

1. How correctly will the models identify pneumonia using chest X-rays compared to
already existing work?

2.  How effective is the CNN model developed ground up compared to the pretrained
model ResNet-50 for accurately detecting pneumonia?

3. To what extent do advanced image processing techniques, in particular augmentation,
affect the detection of pneumonia using chest X-rays and deep learning algorithms?

4. What is the impact of dataset size on the performance of the models?

2. Methodology

The deep learning algorithms chosen for the project are CNN and the pretrained
model ResNet-50. CNN was considered due to its ability to recognize spatial hierarchies,
capture details and patterns in chest X-rays, and effectively differentiate between normal
and lung-infected chest X-rays. ResNet-50 has an architecture with 50 layers, trained on
ImageNet. ResNet-50 was chosen for the research due to its deep architecture and ability to
learn the features that are complex in the images.

Development Environment

The experiments were conducted using Python programming language, with libraries
including TensorFlow and Keras because they provide excellent tools for deep learning
models, Scikit-learn evaluation and splitting, Pandas for data manipulation and analysis,
NumPy (np) for numerical operations, Matplotlib and Seaborn for visualization, and
Pydicom for handling DICOM (medical imaging) data. The hardware set consists of an
integrated entry-level consumer GPU and a specialized high-performing computing (HPC)
system, which is an advanced GPU-enabled computing resource, “VIPER”, designed for
demanding computational tasks.

The CNN models were developed with the original dataset and a reduced dataset of
5000 samples, with and without augmentation using CNN architecture, and then hyper-
tuned using a Turner search to obtain the best results. The ResNet pretrained model was
developed with the original data with augmentation and hyper-tuned for best results.

Dataset

The RSNA pneumonia detection challenge dataset consists of X-ray images and patient
meta-data, publicly provided by the US National Institutes of Health Clinical Centre
for a challenge [22]. The dataset was chosen because it has been successfully used for
similar studies.

The dataset comprises chest X-ray images (DICOM) from 26,684 unique patients. The
classification file is made up of three categories built on the following image conditions:
No Lung Opacity/Not Normal: no lung abnormalities detected;

Normal: abnormalities unrelated to pneumonia;
Lung Opacity: opacities that are visible, indicating pneumonia presence.

The label file includes binary targets of “1” for pneumonia and ‘0’ for non-pneumonia.
The binary classification of “1” for pneumonia versus ‘0" for non-pneumonia was catego-
rized as follows:

Pneumonia (1): from Lung Opacity category;
Non-Pneumonia (0): from No Lung Opacity and Not Normal and Normal categories.
The distribution (as shown in Table 1) is as follows:

No Lung Opacity/Not Normal—39.1%;
Normal—29.3%;
Lung Opacity—31.6%.
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Table 1. Distribution of the classes.

Class Percentage in Dataset
Normal 29.3%
No Lung opacity /Not Normal 39.1%
Lung Opacity 31.6%

The datasets were merged based on patient ID. The data are clean, and duplicates and
null values are checked and relatively balanced with regard to distribution. The dataset
is made up of mostly high-quality chest X-ray images reflecting variability in quality.
However, no de-noising or artifact removal techniques were applied in order to maintain
the real-world integrity of the dataset.

Flow Chart of Image Processing

As shown in the flow chart in Figure 1, augmentation was applied in models that
required it.

Data Loading
- Load DICOM files
- Extract metadata (Patient ID, Age, Sex)

l

Image Inspection
- Visualize images with metadata
- Verify bounding boxes and labels

l

Preprocessing Operations
- Resize images to 224x224
- Normalize pixel values
- Convert grayscale to RGB

l

Missing Data Handling
- Impute missing values (e.g., 0.0, '‘Unknown’)

l

Region of Interest
- Bounding boxes inspected for ROI
- Not used for cropping or isolation

l

Augmentation
- No augmentation (rotation, flipping) applied

'

Batch Preparation
- Custom data generator created
- Handles resizing, normalization, batching

l

Filtering/Equalization/Denoising
- None applied to retain real-world variability

Figure 1. Flow chart.
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Image meta-data were extracted and attributes such as patient sex, patient age, view
position, and body part were examined with modality pixel spacing and integrated into
the training data to improve pneumonia detection. A few sample images were viewed.
Figure 2 displays string values converted to numeric values, which are essential for ma-
chine learning.

ID: 73d61¢35-605f-435e-af98-5cc68b188a46 ID: 03edb5ed-9e76-4abe-bc35-7bc95fea7eba ID: ¢31be560-cec0-4ada-b2el-be51c2e8bb22
Modality: CR Age: 28 Sex: M Target: 1 Modality: CR Age: 27 Sex: F Target: 1 Modality: CR Age: 52 Sex: M Target: 1
Class: Lung Opacity Class: Lung Opacity
Bounds: x:185.0 y:408.0 width:188.0 height:307.0 Bounds: x:628.0 y:230.0 width:274.0 height:492.0

Class: Lung Opacity
Bounds: x:548.0 y:256.0 width:204.0 height:374.0

ID: e874c8db-3e31-4412-8d6d-feb398be3594 ID: ac8cSbla-2e5f-43a0-8b13-3ff7561a83aa 1D: 402920d5-1fb0-465¢-b261-c4e0105c4a3d
Modality: CR Age: 49 Sex: M Target: 0 Modality: CR Age: 24 Sex: M Target: 0 Modality: CR Age: 58 Sex: M Target: 0
Class: No Lung Opacity / Not Normal Class: Normal Class: No Lung Opacity / Not Normal
Bounds: x:nan y:nan width:nan height:nan Bounds: x:nan y:nan width:nan height:nan Bounds: x:nan y:nan width:nan height:nan

Figure 2. A selection of chest X-ray samples used for the classification task. The upper rows show the
class with lung opacity and the below row shows the class with no lung opacity /not normal.

The distribution of patient sex is ‘1" is 17,216 and ‘0" is 13,011. There was no need to
balance the data. See Table 2. Age distribution that provided demographic characteristics
to see possible effects on training was even. Correlations heat maps of the chosen meta-data
were examined for the possible enhancement of the detection of pneumonia.

Table 2. Distribution of Patient Sex.

Patient Sex
1 17,216
0 13,011

2.1. Data Augmentation

Data Splitting: After the data were generated, the dataset was then split based on the
patient IDs to make sure that a single patient appeared only in the training, validation, or
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test sets. Initially, 20% of the patients were allocated to the test set (see Table 3). The 80%
of patients remaining were then divided into a training set (80% of the patients left) and a
validation set (20% of the patients remaining). The correlation heat map of the numerical
features in the dataset is shown in Figure 3.

Table 3. Augmentation parameters—when applied to the models to improve their robustness.

Augmentation Rate Function
Rotation range 20 Randomly rotates the image within the range that is specified
Width shift range 0.2 Randomly rotates the image within the degree that is specified
He;{ga}:gs?lft 0.2 Shifts the image in a vertical direction by a fraction of the total height
Zoom range 0.2 Zooms in and out of the image randomly
. . Flip the image randomly
Horizontal flip True Sets out the way pixels created are filled when the image is Nearest transformed
Fill mode Nearest Transformed
Correlation Heat Map
-1.0
X- 1 0.76 0.8 0.85 3 0.0092 0.85
y4 076 1 0.81 0.63 0.9 g 0.028 0.9 - 0.8
width - 0.8 0.81 1 0.92 0.95 S 0.038 0.95
height - 0.63 0.92 1 0.87 ' 0.03 0.87

Target-  0.85

PatientAge

PatientSex

ClassNumeric - 0.85

X

0.017 1

-0.0098 -0.057
-0.0098 0.017

-0.057 0.017

0.9 0.95 0.87 1

0.9 0.95 0.87 1

Ll U U 1
y width height Target PatientAge PatientSex ClassNumeric

Figure 3. Correlation heat map of the numerical features in the dataset.

2.2. CNN Model Development and Training

Initial CNN designed: Figure 4 shows the architecture of the CNN model and hyper-
tuned model. The filters helped to extract features, Max Pooling helped to reduce dimen-
sions, the flattening layer converted features to a 1D vector, and the dense layer with units
dropout to prevent over-fitting. The Sigmoid activation outputs the binary classification
probability, the model was compiled with the Adam optimizer and the learning rate of
0.0001 to adjust weights, with a binary cross-entropy loss function, and then trained with
early stopping.
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~
Conv2D (32, (3, 3), activation="relu’) [ ConvaD [ [Input: conv5_block2_out]
Input Shape: (224, 224, 3) Filters: 32-128 ,Kernel: (3, 3) ,Activation: ReLU (Shape: (Non_e 7.7 5:12))
Output Shape: (222, 222, 32) Input: (224, 224, 3) ,0utput: (222, 222, 32-128) : -  S— .y
T 7 L [Conv2D: 512 filters, 7x7 kernel]
( N 7 : L (Output Shape: (None, 7, 7, 512))4
MaxPooling2D ((2, 2)) MaxPooling2D - T
Output Shape: (111, 111, 32) Pool: (2, 2),0utput: (111, 111, 32-128) BatchNormalization
\ \ L(Output Shape: (None, 7, 7, 512))4
T : T
r N [ Convap [ . h
L. Filters: 64-128 ,Kernel: (3, 3),Activation: ReLU [ReLU Activation]
?gtcth'\‘srs”;a“zat("g“ )7 512) ,Output:(109,109, 64-128) | (Output Shape: (None, 7, 7, 512))
utput Shape: (None, 7, 7, \ T
. . Y 4 * r[Conv2D: 512 filters, 7x7 kernel]
r N MaxPooling2D L(Output Shape: (None, 7, 7, 512) )
Pool: (2, 2),0utput: (54, 54, 64~
Cor)v2[lj (64, (3, 3), 128) - — N
activation="relu’) [BatchNormalization]
Output Shape: (109, 109, 64) - : (Output Shape: (None, 7, 7, 512))
v Conv2D . T S
+ Filters: 128-256 Kernel: (3, 3) ,Activation: - \
[ Y ReLU,0utput:(52, 52, 128-256) [ReLU Activation]
MaxPooling2D ((2, 2)) . J (Output Shape: (None, 7, 7, 512))
Output Shape: (54, 54, 64) - : ~ - T \
\ 4 MaxPooling2D [Conv2D: 20438 filters, 7x7 kernel]
- ! N i’;;gé%fl ,Output: (26, 26, | (Output Shape: (None, 7, 7, 2048))
T
Flatten \ J r . ‘
Output Shape: (86528) s . N (BatchNormalization]
Flatt (Output Shape: (None, 7,7, 2048)L
atten
\. T 4 Output: (26*26*128-256) r : N
é A \ J [ReLU Activation]
Dropout (0.5) - 3 N (Output Shape: (None, 7, 7, 2048))
Output Shape: (5612) Dense r 1
L ) Units: 128-512 ,Activation: ReLU ,Regularizer: L2 [GlobalAveragePoolingZD]
,Output:128-512 o) h .
T \ y (Output Shape: (None, 2048))
4 N ! !
Dense (1, activation='sigmoid') ( N [ ) .
Output Shape: (1) ¢ Dropout [Dense: 768 units]
Rate: 0.3-0.6,0utput: 128-512 (Output Shape; (None, 768)
. 7 U J r -
] [Dropout]
[ Dense h (Output Shape: (None, 768))
Units: 1 ,Activation: Sigmoid, Output: r ) N
L 1 ) [Dense: 1 unit]
(Final Output) )

Figure 4. Flow diagram of the CNN model, CNN model with hyper-parameter tuning, and ResNet-50
model architectures.

2.3. ResNet-50 Development and Training

This study used ResNet 50 architecture with the use of transfer learning, leveraging a
pretrained model from the ImageNet dataset, which it used as a base. The top classification
layer was taken off to make customization for the binary classification possible. A custom
classification head was then added, which comprised a global average pooling layer to
reduce feature maps, a dense layer and RELU activation to provide non-linearity, a drop
layer of 0.5 to prevent overheating, and a final layer that has Sigmoid activation needed
for binary classification. Only the custom layers were trained, with the use of the frozen
ResNet50 base. The model was compiled with the use of an Adam optimizer, as well as
binary cross-entropy loss and the evaluation matrix used included precision, an accuracy
AUC F1 score, and a confusion matrix. A model was developed based on ResNet50 with
the original dataset with augmentation, fine-tuned, and the best between the earlier dataset.
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2.4. Evaluation Metrics

The evaluation metrics in the research to determine the effectiveness of the models are
accuracy, precision, recall, and F1 score, and the terms False Positives (FPs), True Positives
(TPs), False Negatives (FNs), and True Negatives (TNs). The metrics are defined as follows:

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

Recall = TP /(TP + FN)
Precision = TP/(TP + FP)
Flscore = 2/((1/Precision) + (1/Recall))
AUC — TPR =TP/TP + EN

3. Results

3.1. Quantitative Presentation and Evaluation of CNN Models and ResNet50 Model Is Shown in
Table 4

Table 4. Result of CNN models.

Accuracy  Precsion Recall F1 Score AUC

CNN original dataset 0.79 0.76 0.73 0.74 0.85
with no augmentation

CNN original data with -, - 0.76 0.73 0.74 0.82
augmentation

CNN reduced dataset 0.75 0.72 0.67 0.68 0.78
with no augmentation

CNN reduced dataset 0.77 0.74 0.71 0.72 0.80

with augmentation

3.2. CNN Model Trained on the Original Dataset Without Augmentation

With an accuracy of 0.79, the model correctly identifies pneumonia cases 79% of the
time. Precision is 0.76, meaning it is accurate in 76% of its positive predictions, while recall
is 0.73, indicating it detects 73% of all actual cases. The F1 score of 0.74 reflects a good
balance between precision and recall. The value of the AUC, which is 0.85, shows that the
model is not only accurate but has a strong ability to differentiate pneumonia and cases
without pneumonia. An F1 score of 0.74, which is slightly lower, confirms that the model
can benefit from being further refined (also see Table 5).

Table 5. Result of ResNet-50 model.

Accuracy  Precsion Recall F1Score  AUC

ResNet-5- Original data

. : 0.74 0.73 0.63 0.63 0.75
with augmentation

3.3. Comparison of CNN Models and ResNet50 Model for Sensitivity and Specificity

The models developed on the original dataset with no augmentation achieved the
best in specificity, which shows that it is less likely for patients who are healthy wrongly.
The augmented datasets, on the other hand, performed a bit more in sensitivity, showing
an improvement in the detection of cases with pneumonia. The reduced dataset shows a
performance that is lower in sensitivity and specificity, which shows that a smaller dataset
may not generalize greatly, especially with augmentation (Table 6).
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Table 6. Result for CNN models and ResNet50 model for sensitivity and specificity.

Model Type Sensitivity (%) Specificity (%)
Original Dataset (No Augmentation) 70.6% 84.4%
Original Dataset (With Augmentation) 71% 81.7%
Reduced Dataset (No Augmentation) 67.6% 80.1%
Reduced Dataset (With Augmentation) 67.2% 77.2%
ResNet-50 Model (With Augmentation) 71.7% 74.7%

The results are trustworthy because they were validated and tested on the test dataset.
The results are good and self-contained. However, it may have been influenced by over-
fitting and the result can be extended, as using more different parameters to prevent
over-fitting could lead to an improved outcome.

3.4. CNN Model Trained with Original Data with Augmentation

The CNN model achieved a precision of 0.76, suggesting accuracy in the positive
prediction it makes, and recall is the same at 0.73, showing the ability to identify true
positives. The F1 score of 0.74 shows a balance between the recall and the precision.
The AUC reduces from 0.85 to 0.82, suggesting a reduction in the ability to differentiate
between classes.

This result signifies that the addition of augmentation significant no large difference to
change the model’s accuracy or precision a, slight advantages to be discriminative. Overall,
the results signify that the model is robust.

The model’s results can be trusted due to their consistency with the non-augmented
dataset, and the performance metrics suggest an ability to make predictions that are reliable.
Further investigation made into the various augmentation strategies and their impact on
the model can offer improvements.

3.5. CNN Trained on a Reduced Dataset with Augmentation Without Augmentation

The model achieved an accuracy of 0.75, a precision of 0.72, a recall of 0.67, an F1 score
of 0.68, and an AUC of 0.78. The accuracy metrics were reduced to 0.75 from 0.79, precision
was reduced to 0.72 and the recall was also reduced to 0.67, showing a decreased ability to
identify true positive pneumonia cases. The F1 score of 0.68 shows an imbalance between
the precision and the recall performance and the AUC reduced in performance from 0.85 to
0.78, showing a reduced level of discriminate ability.

The model’s decreased performance metrics signify that there is an impact in the
use of a smaller dataset with augmentation, indicating that the model struggles with a
smaller volume of data, affecting its generalization ability. The lower AUC shows a reduced
ability to differentiate between pneumonia cases. Also, a decrease in the metrics shows
that augmentation alone is not enough to help reduce dataset volume. Despite the decline
in results, they can be said to be trustworthy, as they show the challenges of using a
smaller dataset.

3.6. CNN Model Performance with Reduced Dataset with Augmentation

The CNN model performance with a reduced dataset with augmentation shows strong
performance with accuracy (0.77), precision (0.74), recall (0.71), F1 score (0.72), and AUC
(0.80). These results show that the model is effective, and it maintains a good balance
between these three measures even with the use of limited data.

Regarding the quantification of the results, the accuracy achieved was 0.77, showing
that the model can classify 77% of pneumonia cases correctly, an okay result considering
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the reduced data, and a precision of 0.74 shows the ability to correctly predict 74% of the
time. A recall at 0.71 shows that the model identifies 71% of true cases of pneumonia, and
is correct 74% of the time. The F1 score shows that the model has a balanced performance.
The AUC of 0.80 highlights an ability to distinguish pneumonia cases.

The result signifies that, despite the reduction dataset, the model performed well,
although with lower metrics than achieved by using the original datasets. The AUC of
0.80 indicates an ability to distinguish between classes.

The results were evaluated from the test set and are trustworthy, though associated
with the challenges of using a reduced dataset; on the other hand, the AUC of 0.80 supports
its ability to make correct predictions.

While the results are contained, there is room for improvement. Improving augmenta-
tion, increasing datasets, or applying transfer learning could boost performance.

3.7. ResNet Model Performance with Original Data with Augmentation

The result here shows moderate performance with an accuracy of 0.74 and an AUC
of 0.75; however, a lower recall value of 0.63 shows the challenges the model has in the
identification of all true cases. Quantitatively, the model classifies 74% of cases, with a
precision of 0.73 and a recall of 0.63, showing there is room for improvement, especially
with the recall. An F1 score of 0.63 shows a balance between precision and recall, while the
AUC of 0.75 suggests the models’ ability to differentiate between classes.

The results signify little effects of data augmentation on ResNet-50 and are trust-
worthy; however, recall is lower, and the F1 score emphasizes the need to use caution in
the application.

The results are self-contained but show that there is a need for improvement. The
model’s moderate performance suggests improvement is needed to enable generalization.

3.8. Qualitative Evaluation of CNN and ResNet50 Models

Figure 5 shows a visual display of true and predicted labels for both CNN and ResNet
50 models, indicating that the models are generally accurate in prediction.

True: Class 1 True: Class 1 True: Class 1 True: Class 0 True: Class 1
Pred: Class 0 Pred: Class 1 Pred: Class 1 Pred: Class 0 Pred: Class 0
True: Class 0 True: Class 0 True: Class 0 True: Class 0 True: Class 0
Pred: Class 0 Pred: Class 0 Pred: Class 1 Pred: Class 0 Pred: Class 0

: ' - !. =» %
‘ / l
‘ '
True: Class 0 True: Class 0 True: Class 1 True: Class 0 True: Class 1

Pred: Class 0 Pred: Class 1 Pred: Class 1 Pred: Class 0 Pred: Class 1

alae

Figure 5. A sample visual display of true and predicted labels for the first and second line from CNN

original data without augmentation and with augmentation, respectively, and the third line shows
sample images from ResNet50 model.
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4. Discussion

With regards to comparing the CNN models and ResNet-50 models test results, an
overall better accuracy of 0.79 achieved by the CNN model with and without the use of
augmentation on the original dataset compared to the ResNet-50 model with augmen-
tation of 0.74, shows a fairly good performance of the models at identifying pneumonia
disease, suggesting that it could be effective for pneumonia detection. However, existing
studies have performed better. Ref. [23], for instance, used customized CNNs to detect
pneumonia and achieved an accuracy of 92%. Refs. [24,25] built a simple CNN architecture
for the classification of pneumonia chest X-ray images and achieved 90.68% and 93.73%,
respectively [20].

The CNN model with augmentation was compared to the ResNet 50 model with
augmentation. The CNN model achieved 0.79 accuracy while the ResNet50 model achieved
0.74, the CNN model achieved a precision of 0.76 compared to ResNet50’s 0.73, and the
CNN model achieved a recall value of 0.73 compared to ResNet50’s 0.63. The CNN model
had an F1 score of 0.74 compared to ResNet50’s 0.63. CNN achieved an AUC OF 0.84.
Although the results show that the CNN model developed from scratch is more effective
across all performance metrics compared to the pretrained ResNet50 in training and test set
results, the results may have been due to over-fitting. Though a higher result was achieved
by [26], they used chest X-ray images to detect the presence of pneumonia with ResNet50,
Inception v3, and InceptionResNetV2 and later compared the result with the CNN built
from scratch, and then proposed a ResNet50 model from the result. They achieve an
accuracy of 93.06%, an 88.87% precision rate, a 96.78% recall rate, and an F1 score of 92.71%.

The CNN model accuracy, using the original data with and without augmentation,
remained the same. However, the AUC decreased from 0.85 to 0.82, showing a slight
reduction in discriminate ability, even though the accuracy is consistent. The result of the
CNN model trained on a reduced dataset the accuracy dropped to 0.75 and the AUC was
0.78. This suggests that the effect of the augmentation could be less effective with respect
to data size. The AUC figure of 0.79, on the other hand, shows that augmentation helps
but could be less effective with pretrained models. Though [27] developed the CheXNet
algorithm using chest X-rays and applied augmentations to the images. They achieve
a score of 0.4 35 higher than the average of 0.387 for radiologists. Also, ref. [28], in a
classification task, trained on changed images, through different steps of pre-processing,
and successfully classified chest infection in chest X-ray, achieving an overall accuracy of
98.46% [29,30].

The CNN original dataset achieved 0.79 with and without augmentation. The CNN
reduced dataset accuracy to 75 with augmentation and 0.77 without augmentation. AUC
for the original dataset was 0.82-0.85, while for the reduced dataset, it was 0.78-0.80. One
would imply that data size has a notable impact on model performance, suggesting that
having a larger dataset size generally for better generalization and detection accuracy.
The performance drops in the reduced dataset highlight the importance of a considerable
quantity of data in training effective deep learning models for image analyses.

Due to computational constraints during the training and time limitations, only the
CNN model from scratch was trained using different data sizes and no augmentation.
Using exactly the same training parameters for the ResNet 50 model would provide more
room for comparison and not limit the ability to fully evaluate the pretrained model’s
potential and adaptability to various scenarios.

Clinical Implications of the Visual Quality Improvements

In this study, the enhanced resolution and pre-processing methods have vital clinical
implications. The images were resized to 224X224 pixels and normalized into standard
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output, helping to improve the ability of small pathologies like lung opacities, which are
faint, to be detected, as well as the early stage of pneumonia. Converting the grayscale
images to RGB allowed for compatibility with ResNet50, which enables the utilization
of transfer learning, thereby improving accurate diagnosis. Having avoided artificial de-
noising and, in some cases, augmentation, this study preserved real-world variability, which
enhanced the model’s ability to generalize and improve the precision of diagnosis. Future
research should investigate the effect of visual resolution on detecting small pathologies to
validate the improvements more.

5. Conclusions

This research has been able to develop machine learning models for the detection of
pneumonia with the use of chest X-ray and deep learning algorithms, demonstrating that
a CNN model built from scratch outperforms a pretrained model. The study shows the
importance of data augmentation and data size, uncovering that larger datasets significantly
improve model performance. Despite the very good results, there is a need for further
exploration to overcome the over-fitting of some of the models and enhance the ability to
generalize. Future work should explore the potential of different datasets on pretrained
models, with the aim of improving diagnostics in medical imaging.
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