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[bookmark: _Toc238420461]List of Abbreviations
CNN: Convolutional Neural Network
DenseNet: Densely Connected Neural Network
ResNet: Residual Network
EfficientNet: Efficient Neural Network
MobileNet: Mobile Neural Network
ViT: Vision Transformer
Swin Transformer (Swin): Shifted Window Transformer
GRU: Gated Recurrent Unit
SNN: Spiking Neural Network
MLP: Multi-Layer Perceptron
Acc: Accuracy
Rec: Recall
F1: F1 Score
MCC: Matthews Correlation Coefficient
SL: Supervised Learning
UL: Unsupervised Learning
[bookmark: _Toc238420462]Chapter 1: Introduction
[bookmark: _Toc238420463]1.1 Problem Definition
Pneumonia can be considered one of the most severe diseases affecting the respiratory system around the world. According to public health records, death rates occur in higher amounts among children younger than five and people over 65 years old. The gap between their outcomes and those in resource-abundant countries is growing every year as access to specialists becomes harder. Although achieving a correct diagnosis during the early stages of the infection is unlikely, it remains a crucial step that can improve the chances of recovery. Chest radiography is used as a primary method owing to its effectiveness and affordability. However, the interpretation of the obtained data might suffer due to the subjectivity of specialists' perception. The same X-ray may lead to different conclusions from various specialists, resulting in delays and the potential for overlooking the illness. In addition, staffing issues make X-ray image analysis even slower. Therefore, there is a need for a solution that works fast and objectively with daily patient volume. It should not depend on specialists [25].
The problem with visual diagnostics is that disease indicators are usually difficult to detect. Therefore, researchers primarily apply deep learning algorithms as their main approach. Researchers primarily apply deep learning algorithms as their main approach. Multiple authors have shown that accuracy in pneumonia detection can exceed 98% (Buriboev et al., 2025; Ahmed et al., 2023). DenseNet, ResNet, and EfficientNet were identified as the neural networks capable of recognizing medical images. The principle of utilizing artificial intelligence technologies to diagnose a condition is obvious; it helps identify important patterns that a specialist may overlook while being exhausted. At the same time, the results received from the computer will be reproducible. This way, the present research aims to create a neural network for recognizing pneumonia signs using machine learning [25].

[bookmark: _Toc238420464]1.2 Thesis Objectives
[bookmark: _Toc238420465]The aim of this study is to construct a deep learning framework to distinguish pneumonia from normal cases in chest X-ray images. Transfer learning is used to explore various CNN architectures to enhance their classification performance. Image augmentation techniques are used to increase variability in the dataset and to generalize to unseen images. The effectiveness of the developed models is evaluated by comparing with the standard performance measures.
1.3 Thesis Contributions
Design and evaluation of deep learning approaches for automatic classification of pneumonia from X-ray images, including transfer learning.
* Conducted a comparative evaluation of the use of three pre-trained CNNs (MobileNetV2, EfficientNetB0, and ResNet50) and two transformers (Vision Transformer, ViT, and Swin Transformer).
* Introduced the hybrid model of CNN (EfficientNetB0) & Transformer (Swin Transformer), which can extract the local features as well as global features and achieve better results than individual architectures.
* The hybrid CNN–Transformer model EfficientNetB0 + Swin Transformer was assessed on a patient-disjoint test set, where it reached an accuracy of 97.01%. The results from the assessment of the hybrid CNN–Transformer model outperformed the three CNNs for pneumonia detection on chest X-ray images, while there was no statistically significant difference to the strongest transformer used individually (p = 0.524).
* Implementation of a prototype web application where the models can be put into practice for the prediction of pneumonia with the help of chest X-rays.
[bookmark: _Toc238420466]1.4 Thesis Organization
Chapter 1 introduces the research work and outlines the major problems that it seeks to address. The chapter highlights the objectives of the work and presents the overall structure of the thesis.

Chapter 2 details the theoretical basis for pneumonia classification focusing on the leading deep learning models that can analyze images (chest X-ray images).
.
Chapter 3 outlines the methodology employed throughout the research. the including image preprocessing, the application of specific models and the proposed method of analysis. It details the experimental setup and examines the metrics used to gauge model performance.

Chapter 4 describes the experimental work conducted as part of the research for this thesis and an analysis of the results for the various models developed to address the problem of classifying cases of pneumonia from chest X-ray images.

Chapter 5 outlines the conclusions for the research performed within this thesis and, last but not least, provides an outlook on future work and potential optimizations.



[bookmark: _Toc238420467]Chapter 2: Background and Literature Review
[bookmark: _Toc238420468]2.1 Background
[bookmark: _Toc238420469]2.1.1 Artificial Intelligence 
It aims to enable computers to carry out tasks that would normally require a human to use their cognitive abilities. the such as recognizing patterns and objects, making decisions based on provided information, etc. AI tasks require the use of computational and mathematical methods to identify useful connections in large amounts of data. These connections can then be used to make decisions or predictions [23].

AI is a large field of research including many related topics. The topic of ML and DL is to enable systems to learn from data; the topic of CV is to process visual information; and the topic of NLP is to address human language.
[bookmark: _Toc238420470]2.1.2 Machine Learning
subfield dedicated to learning models from many examples rather than programming them through if/then conditions. The model is given data to train on and creates its rules based on those examples. As a result, its performance increases the more relevant data it processes, which is different from the approach of programming. [24]
[bookmark: _Toc238420471]2.1.3 Types of Machine Learning
2.1.3.1 Supervised Learning
Effective training of a model requires access to the correct output for every example that the model is trained on and later given in a prediction situation. The model is learning a relationship between the input and output and uses this relationship to make predictions on previously unseen examples [24].
2.1.3.2 Unsupervised Learning
Unsupervised learning lacks answers or labels. The model is only provided with raw data, and its task is to derive any structure it finds in the data, such as clusters, dependencies, or density distributions. There is no indication for a model of what the outputs should look like [24].
[bookmark: _Toc238420472]2.1.4 Convolutional Neural Networks
are deep learning models to process structured visual data, for example, images. Computer vision tasks are often performed with CNNs because they can learn relevant features for an image classification task from labeled images instead of manually designing feature extraction.
The type of CNN architecture includes three categories of layers. The first are the convolutional layers, which scan through the image and identify relevant patterns. The pooling layers then down sample the resulting feature maps from the previous layer, often reducing their spatial size to decrease the number of parameters in the following fully connected layers. The resulting feature maps are fed through the fully connected layers to perform the necessary classification in the final output. Feature learning occurs at each layer in the network, initially as the first few feature maps pick up simple features of the image such as edges and textures. The deeper layers learn increasingly complex features, making CNNs very suitable for computer vision applications, like analyzing medical images and classifying cases of pneumonia from chest X-rays [16].

[bookmark: _Toc238420474]2.1.5 ResNet
is a CNN architecture to improve the training of deep neural networks. By using shortcut connections. Information shortcut connections enable information to pass through selected layers in the network, rather than restricting it to a sequential path. This technique allows information to pass through selected layers in the network instead of being restricted to a sequential path. Allowing information to flow through the network in this manner makes the training process more stable as the network depth increases. The information flow through the network Allowing information to pass through the selected layers improves the flow of information in the network. This improvement is achieved by allowing information to pass through the selected layers. ResNet has several residual blocks, each of which learns the input's changes and applies them to the output. As the network goes through the successive residual blocks in the architecture, it is able to learn to represent the image at several different levels of complexity. It can be used for several tasks in the area of computer vision, including medical image analysis and classification [26].
[bookmark: _Toc238420475]2.1.6 EfficientNet
is a family of models for image classification in the class of CNNs, which tackles the problem of model scaling by considering the three dimensions: depth, width, and input resolution and scales all of them in a compound way. It tries to achieve the best trade-off between accuracy and resources.
EfficientNet is based on the MBConv block and adds Squeeze-and-Excitation (SE) modules. The architecture has been applied to various image classification tasks, including several medical imaging classification tasks, such as classifying chest X-rays with pneumonia [27].
[bookmark: _Toc238420476]2.1.7 MobileNet
is a lightweight CNN for devices that are not powerful enough for heavy training, e.g., smartphones. This model's lightness comes from using convolutions. Convolution is split into two simpler operations: first performing depthwise convolution on each channel independently. Then applying pointwise convolution to aggregate the channels [26].
[bookmark: _Toc238420477]2.1.8 Vision Transformer (ViT)
The ViT processes an image first by splitting it up into patches. Each patch is then turned into a vector, and this vector is combined with a positional embedding, which is then passed on to the Transformer encoder. In each of the layers of the encoder, there is an MHA component, which captures interactions between patches in the image. This is followed by an MLP component, which further processes the embeddings. The output of each of the encoder layers is in turn passed to a classification head to return a class that the image corresponds to. The architecture has proven to perform well in a variety of tasks in computer vision and is recently getting a lot of attention for applying it to medical image analysis [20].
[bookmark: _Toc238420478]2.1.9 Swin Transformer
The main difference between Swin Transformer and ViT is how attention is calculated in Swin Transformer. While ViT attends to the whole image, Swin Transformer calculates attention separately within windows in the input image. Furthermore, these windows shift from layer to layer, enabling communication between adjacent windows. As a result, the representation in Swin Transformer acquires a hierarchy, i.e., each layer analyzes the image at progressively lower spatial resolutions as in CNN.A Swin Transformer architecture starts with splitting the image into patches and linear embedding, followed by several Swin blocks. Swin blocks consist of W-MSA, SW-MSA, and feedforward MLP modules [19].
[bookmark: _Toc238420479]2.2 Related Work
Singh et al. [1] A pre-trained Vision Transformer, DeiT_Base_Patch16_224, was evaluated against several established CNNs, i.e., AlexNet, VGG, ResNet, DenseNet, and InceptionNet. The models were tested under the same settings. The publicly available Kaggle dataset for the task of chest X-ray pneumonia classification was used in the work. The dataset comprised 5,863 pediatric X-ray images that were collected by the Guangzhou Women and Children’s Medical Center. The images were split into 80% for training, 10% for validation, and the remaining 10% for testing purposes. The ViT achieved the highest accuracy of 97.61% and was followed by a sensitivity of 95% and a specificity of 98%. The model also obtained the highest AUC of 0.96 and the highest MCC of approximately 0.94 in this study.
Mustapha et al. [2] present a hybrid deep learning architecture. It consists of a CNN backbone combined with modified Swin Transformer blocks. The architecture is compared to a CNN-only approach as well as to a standalone ViT, using the publicly available Chest X-ray Pneumonia dataset from Kaggle. The proposed hybrid CNN–ViT architecture achieves an accuracy of 98.72% and thus outperforms the CNN as well as the pure ViT approach.
Shomsomi et al. [3] we investigated two DL methods: MobileNetV2, a CNN architecture, and ViT, a CNN architecture. We also tested two different training strategies: the entire network (except for the classification head) is frozen during training (baseline), and some of the inner layers are trained (fine-tuning). The results were obtained using a public chest X-ray pneumonia dataset from Kaggle. A significant performance gap was observed between the two architectures tested using the fine-tuning strategy. achieved an accuracy of 97.63% without fine-tuning, but an accuracy of 97.41% with fine-tuning. This means that there is a negligible impact of fine-tuning on CNN-based architecture. The accuracy of 98.59% and the best F1-score of 0.99 were obtained using the initialized ViT.
Kareem et al. [4] We investigate pneumonia classification in a federated learning setting. Instead of collecting all medical images into a central database and then training a CNN there, in our setting each hospital trains a CNN on the images of its patients in local storage. Only model updates are communicated between hospitals. Using this way of privacy-aware training of a pre-trained CNN in a federated setting, we get a test accuracy of 93% for ResNet-50, which, however, is below the often-reported numbers for the same architecture in a centralized setting but was achieved without pooling patient data from different hospitals.
.
Alshanketi et al. [5] The authors evaluate the performance of VGG, ResNet, and ViT models on three different datasets for chest Xray analysis, namely Kaggle Chest X-Ray Pneumonia, BRAX, and Chex pert. The methods to deal with the class imbalance problem are transfer learning, data augmentation, class weighting, and semi-SL. The authors investigate methods to address the class imbalance problem, including transfer learning, data augmentation, class weighting, and semi-supervised learning. The results for ViT reach 97.61% accuracy on the Kaggle dataset. The performance on BRAX and Chex pert is not as strong. The authors found out that great results on one dataset do not automatically translate to great results on other datasets using the same approach.

Slimi et al. [6] The framework includes four key components. In the first place, convolutional layers are employed to capture the spatial information contained in the chest X-ray images. Next, a gated recurrent mechanism can learn the relationships between the features extracted by the previous layers. The framework also includes a spike-based neural processing component that has been included in order to increase the computational efficiency of the framework and to improve its robustness to noise. An attention component is included in order to increase the attention that is focused on the most relevant regions of the images that are needed to classify the images in the best possible way. The author evaluated the framework using a publicly available dataset of chest X-ray images. He reported an accuracy of 99.35% and high values.

Yanar et al. [7] proposed a feature-level ensemble architecture called the PELM . The approach fuses the feature representations of four pretrained networks — InceptionV3, VGG16, ResNet50 and ViT — extracted before their classification layers and combined into a single representation passed to a shared classifier. The ensemble outperformed each of its individual components.
Hofmeister et al. [8] took a more skeptical approach to evaluation. They trained a convolutional model to diagnose pneumonia and assessed it on two prospective cohorts totaling 430 patients, in which the reference diagnosis was established afterwards by a multidisciplinary expert panel using multimodal clinical data rather than by radiologists reading the radiograph alone. Under this stricter reference the model reached an area the ROC curve of 0.74, far below the values typically reported when deep-learning systems are benchmarked against radiologist interpretation, although its accuracy remained comparable to that of the radiologists themselves and significantly higher than that of emergency physicians. The authors concluded that the clinical relevance of such models may have been systematically overestimated by weak reference standards — a conclusion closely related to the evaluation problem examined in Section 4.2.4 of this thesis.
Buriboev et al. [9] applied a modified version of a CLAHE to enhance the input images before classification and applied a CNN for classification, which achieved 98.7% on the testing set for the Chest X-Ray Pneumonia dataset and also showed that improving input quality can improve classification accuracy independently of the architecture used for classification.
Saber et al. [10] in addition to lung segmentation, this work incorporates pneumonia detection from chest X-rays using a multi-scale transformer framework. The framework integrates a lung segmentation using a transformer-enhanced Transnet segmentation stage and pneumonia detection using pretrained ResNet backbones to produce multi-scale features that are then fed into a transformer module. The method achieves a Dice score of 95.68% for the segmentation task and achieves classification accuracy of 93.75% on the dataset and 96.04% on the dataset.

Bundea et al. [11] implemented more DenseNet-based models (DenseNet121, DenseNet169 and DenseNet201) to classify chest X-ray images using a supervised learning approach. The algorithms were tested on The Chest X-Ray pneumonia public dataset from Kaggle and evaluated according to standard parameters such as accuracy, sensitivity, and specificity. In addition, all architecture variants were designed and evaluated in the same way, using the same dataset and data processing procedure. It was found that the best model achieved an accuracy rate of up to 97%.

An et al. [12] This framework is a deep learning model that incorporates EfficientNetB0 and DenseNet121 modules along with several attention components to employ multi-head self-attention and channel-attention feature fusion to extract the most relevant features from input chest X-ray images. The deep learning framework is trained in a supervised learning setting using given pneumonia and normal case images, achieving an accuracy of 95.19%, a precision of 98.38%, a recall of 93.84%, a specificity of 97.43%, and an area under the ROC curve of 0.956.

Usman et al. [13] the use of transfer learning in the classification of images of lung air-containing opacities of varying types is investigated. A CNN is trained from scratch and compared to a pre-trained ResNet-50 model, which was fine-tuned on the RSNA pneumonia dataset. The fine-tuned pre-trained ResNet-50 performed better than the model that was developed from scratch. This further highlights the advantage of using TL, particularly for medical imaging where there are limited numbers of training samples for large deep learning architectures.

Ahmed et al. [14] A deep CNN is presented to classify multiple categories related to pneumonia using chest X-ray images. Unlike approaches that are limited to binary classification between pneumonia and normal (or other diseases), the proposed approach can classify into multiple categories (i.e., different diagnostic classes) within a single CNN framework. The approach has achieved an accuracy of around 98.7% in rating pneumonia-related categories from chest X-ray images.
 
Al Reshan et al. [15] Pneumonia classification using the MobileNet for detecting pneumonia from given chest x-ray images. This is a binary classification approach in which the given images are classified as either normal or indicative of pneumonia, following image normalization and enhancement during the preprocessing step. Achieved an accuracy of around 95% using the given MobileNet approach for the given binary classification task.





[bookmark: _Toc238420480]2.3 Comparative Summary
Table 2.1: Summary of previous studies on pneumonia detection
	Study
	CNN Models
	Dataset(s)
	Public / Private
	Classification Task
	Best Accuracy
	Best Performer

	Singh et al. (2024)
	ViT (DeiT_Base_Patch16_224); CNN baselines: AlexNet, VGG, ResNet, DenseNet, InceptionNet
	Kaggle Chest X-ray Pneumonia
	Public
	Binary: normal vs. pneumonia
	97.61%
	Vision Transformer (ViT)

	Mustapha et al. (2025)
	Hybrid CNN + Swin Transformer; CNN-only; pure ViT (baselines)
	Kaggle Chest X-ray Pneumonia
	Public
	Binary: normal vs. pneumonia
	98.72%
	Hybrid CNN-ViT (Swin Transformer)

	Shomsomi et al. (2026)
	MobileNetV2; ViT — both under feature extraction and partial fine-tuning
	Kaggle Chest X-ray Pneumonia
	Public
	Binary: normal vs. pneumonia
	98.59% (ViT, fine-tuned)
	ViT with partial fine-tuning

	Kareem et al. (2023)
	Pretrained CNNs in federated learning (ResNet-50)
	Multi-institutional distributed CXR data
	Private
	Binary: normal vs. pneumonia
	93%
	Federated ResNet-50

	Alshanketi et al. (2025)
	VGG; ResNet; ViT
	Kaggle CXR; BRAX; CheXpert
	Public
	Binary; class imbalance across 3 datasets
	97.61% (ViT on Kaggle)
	ViT — on Kaggle dataset

	Slimi et al. (2025)
	CNN + GRU + spiking layer + attention
	Public chest X-ray dataset
	Public
	Binary: normal vs. pneumonia
	99.35%
	Attention-guided hybrid

	Yanar et al. (2024)
	PELM ensemble: InceptionV3 + VGG16 + ResNet50 + ViT
	Public chest X-ray benchmarks
	Public
	Binary: normal vs. pneumonia
	Best among all tested
	PELM ensemble

	Hofmeister et al. (2024)
	CNN vs. multimodal expert reference
	Two prospective cohorts (n = 430)
	Clinical
	Binary; prospective clinical validation
	AUC 0.74
	CNN ≈ radiologists

	Buriboev et al. (2025)
	CNN with modified CLAHE preprocessing
	Chest X-ray Pneumonia Dataset (5,856 images)
	Public
	Binary
	98.7%
	CNN + adaptive contrast

	Saber et al. (2025)
	TransUNet segmentation + ResNet multi-scale transformer
	Kermany; Cohen
	Public
	Binary
	96.04% (Cohen); 93.75% (Kermany)
	Transformer + ResNet pipeline

	Bundea et al. (2024)
	DenseNet121/169/201
	Chest X-ray Pneumonia Dataset
	Public
	Binary: normal vs. pneumonia
	97%
	DenseNet

	An et al. (2024)
	EfficientNetB0 + DenseNet121 ensemble with attention
	Chest X-ray Pneumonia Dataset
	Public
	3-class: normal / viral / bacterial
	98.4%
	Ensemble with attention

	Usman et al. (2024)
	CNN; ResNet-50 (transfer learning)
	RSNA Pneumonia Dataset
	Public
	Binary: normal vs. pneumonia
	96.2%
	ResNet-50

	Ahmed et al. (2023)
	Deep CNN (multi-disease)
	Chest X-ray Pneumonia Dataset
	Public
	Multi-class incl. COVID-19
	98.7%
	Deep CNN

	Al Reshan et al. (2024)
	CNN; MobileNet
	Chest X-ray Pneumonia Dataset
	Public
	Binary: normal vs. pneumonia
	~95%
	MobileNet













[bookmark: _Toc238420481]Chapter 3: Methodology 
[bookmark: _Toc238420482]3.1 Introduction
We describe the methodology used to develop a deep learning framework for detecting pneumonia cases from patients’ chest X-ray images. Deep learning architectures for medical image analysis are becoming increasingly specialized to handle specific types of data. CNNs are currently the most popular approach for many image classification tasks; new architectures, especially those based on transformers, have recently received a lot of attention. These architectures can extract several features from an image and use the self-attention mechanism to identify relevant relationships between different parts of the image. ViT and Swin Transformer chest x-ray images are classified as either normal or pneumonia cases using ViT and the Swin Transformer. The ViT and Swin Transformer architectures are used for the binary classification of chest x-ray images, distinguishing between normal and pneumonia cases. The two architectures are able to capture local details as well as the global context of an image. Transfer learning is used, where pre-trained models that have learned to represent images from large datasets are fine-tuned on the smaller medical dataset used in this study. The previously learned representations are fine-tuned for the task of pneumonia classification in this study.


[bookmark: _Toc238420483]3.2 Proposed Framework
[image: ]
Figure 3.1: Overview of the proposed research framework




[bookmark: _Toc238420484]3.3 Dataset Description
[bookmark: _Toc238420485]The Public Chest X-Ray Images (Pneumonia) dataset from Kaggle has been used for this research. The dataset originates from the pediatric chest radiograph collection reported by Kermany et al. The complete dataset contains 5,856 chest X-ray images, which were divided into two classes: 1,583 normal cases and 4,273 pneumonia cases. Many previous studies for automated pneumonia classification used this large dataset so that different approaches for deep learning could be compared on the same basis. Each image has been resized to 224 * 224 pixels, which is the input size for the used models. The classification task is a binary classification problem, where every image is classified as either a normal or pneumonia case.
3.4 Dataset Splitting
the chest X-ray dataset, we split the data into a training set, validation set, and test set of approximately 70%, 10%, and 20% of the size, respectively. We fixed a random seed (42) so that all 6 models get trained and tested on the same data partitions.
Patient-level data leakage in training and validation sets: images are split by patient instead of individually. The resulting dataset is comprised of 4,273 images of pneumonia from the records of 1,844 unique patients (some of whom have been X-rayed on multiple occasions). We used `GroupShuffleSplit` to perform the patient-based split and determined patient identifiers from the filenames of the dataset’s images. Consequently, all images of a given patient were included in the same subset (i.e., training set, validation set, or test set). We verified the split to confirm that no patients from the test set had appeared in the training set or in the validation set. The implications of this approach for the results of this paper are outlined in Section 4.2.4.






Table 3.1 reports the number of images per class in each subset.
Table 3.1: Number of images per class in each data subset
	Dataset
	Normal
	Pneumonia
	Total

	Training
	1,114
	3,017
	4,131

	Validation
	155
	400
	555

	Testing
	314
	856
	1,170

	Total
	1,583
	4,273
	5,856


3.5 [bookmark: _Toc238420486]3.5 Pre-trained CNN Models
3.5.1 MobileNetV2:
 A lightweight CNN for efficient image classification.
3.5.2 EfficientNetB0:
An efficient CNN architecture that strikes a balance between network depth, width and input size.
3.5.3 ResNet50:
A residual CNN architecture for deep feature learning by using skip connections.



[bookmark: _Toc238420487]3.6 Transformer Models
[bookmark: _Toc238420488]3.6.1 Vision Transformer
Processes images as sequences of patches using self-attention.
Processes images as sequences of patches using self-attention.[image: ]
Figure 3.2: Architecture of the Vision Transformer
[bookmark: _Toc238420489]3.6.2 Swin Transformer
Swin uses attention within shifted local windows to capture hierarchical image features.
[image: ]
Figure 3.3: Architecture of the Swin Transformer
[bookmark: _Toc238420490]3.7 Preprocessing and Augmentation
All images of chest X-rays were resized to 224x224 pixels and normalized for use in learning of pre-trained models. Randomized cropped images, horizontally flipped images with a probability of 0.5, and color-jittered images with a probability of 0.2 were used as data augmentation only for the training set. The validation set and test set were not augmented for consistent evaluation. Although a horizontal flip is not useful for identifying the location of certain findings in chest X-ray images, it is used in this study because the goal is to develop a binary pneumonia classification model.
[bookmark: _Toc238420491]3.8 Models and Transfer Learning
All models were implemented using transfer learning. They were all initialized using the ImageNet pre-trained weights, and the classification layer of each model was replaced with a binary classifier for the normal / pneumonia classes. After that, all models were fine-tuned on the chest X-ray training data for 15 epochs in an end-to-end fashion.
[bookmark: _Toc238420492]3.9 Proposed Hybrid Model
A hybrid model was designed to combine the complementary strengths of the two families. Convolutional networks are strong at capturing local texture, while transformer models are strong at modeling global context through self-attention. The proposed hybrid uses two parallel backbones, EfficientNetB0 and the Swin Transformer, to process the same input image. Each backbone produces a pooled feature vector (1,280 dimensions from EfficientNetB0 and 1,024 from the Swin Transformer), and the two vectors are concatenated into a single 2,304-dimensional representation. This fused vector is passed to a compact classification head consisting of a dense layer with ReLU activation, dropout for regularization, and a final SoftMax layer over the two classes. 
[image: ]
Figure 3.4: Architecture of the proposed CNN–Transformer hybrid model
[bookmark: _Toc238420493]3.10 Evaluation Metrics
Accuracy
Accuracy is an evaluation metric that measures the proportion of correctly classified cases out of the total number of instances in a dataset. [13]
[image: ]
Precision
Precision is a metric that measures the proportion of correctly predicted positive cases out of all cases the model predicts as positive. [14]
[image: ]
Recall
Recall is a metric that measures a model's ability to identify all actual positive cases in a dataset correctly. [14]
[image: ]
F1 Score
The F1-score is a metric that combines precision and recall into a single
[image: ]
[bookmark: _Toc238420494]








Chapter 4: Results and Discussion
[bookmark: _Toc238420495]4.1 Experimental Setup
The experiment is on a local Windows 11 machine equipped with an Intel Core i9, 32 GB RAM, and a laptop GPU with 8 GB VRAM. A PyTorch implementation using the timm library for models was used with all models initialized with pre-trained weights for ImageNet. We ran all experiments for 15 epochs at a batch size of 32 using AdamW with a weight decay of 1e-4 and a weighted cross-entropy loss to deal with class imbalances. We used a learning rate of 1e-4 for all CNNs and 3e-5 for all transformer models. We used ReduceLROnPlateau with a reduction factor of 0.3 after two epochs of no improvement and mixed precision for GPU training. We fixed a random seed of 42 for all Python, NumPy, and PyTorch code. For evaluation, the best checkpoint as measured by the validation loss for each model was chosen. Since all models went through the full number of scheduled iterations, early stopping was not used, and the procedure described here is best-checkpoint selection. NumPy, Pandas, Matplotlib, scikit-learn, Seaborn, and Stats models were used for data processing, model evaluation, creation of plots, and statistical analysis.
Table 4.1: Experimental configuration
	Parameter
	Value

	Programming Language
	Python 3.13

	Framework
	PyTorch 2.11 (CUDA 12.8) with timm

	Models
	MobileNetV2, EfficientNetB0, ResNet50, ViT-Base, Swin-Base, Hybrid

	Image Size
	224 × 224

	Batch Size
	32

	Epochs
	15 (fixed); 3 + 8 for the hybrid

	Optimizer
	AdamW, weight decay 1e-4

	Loss Function
	Cross-entropy weighted by class frequency (1.854 / 0.685)

	Data Split
	70/10/20, patient-disjoint (GroupShuffleSplit), seed 42

	Early Stopping
	Not used; best-epoch weights restored on validation loss

	Evaluation Metrics
	Accuracy, Precision, Recall, F1-score, Sensitivity, Specificity, ROC-AUC, McNemar test


[bookmark: _Toc238420496]4.2 Results
[bookmark: _Toc238420497]4.2.1 Overall Performance
Table 4.2 The evaluated models in terms of accuracy, precision, recall, F1-score, and the area under the ROC were measured on the patient-disjoint test set of 1,170 images. The two transformer models tied for the highest accuracy at 97.35%, each classifying 1,139 of the 1,170 test images correctly. The three convolutional networks formed a distinctly lower group: ResNet50 at 95.38%, EfficientNetB0 at 95.13%, and MobileNetV2 at 94.87%. The proposed hybrid reached 97.01%, above every convolutional model but below both transformers. The Swin Transformer obtained the highest AUC of any model at 0.9962, followed by ViT at 0.9948 and the hybrid at 0.9946. These differences are large enough to separate the two architecture families. The Wilson 95% confidence interval for either transformer is 96.26–98.13%, while EfficientNetB0's is 93.74–96.22% and MobileNetV2's is 93.45–96.00%; the transformer interval does not overlap the interval of any convolutional model. Within each family the models cannot be separated: ViT and Swin are tied outright, and the three convolutional networks sit within half a percentage point of one another. The correct reading is therefore that the architecture family matters on this task, while the specific choice within a family does not. To test whether the difference among the proposed hybrid and the strongest single model was statistically meaningful, McNemar's test was applied to the paired predictions of the hybrid and ViT on the same test set, using the exact binomial form because the number of discordant pairs is small. Of the 1,170 test images, the two models agreed on 1,148 and disagreed on 22: the hybrid was uniquely correct on nine and ViT on thirteen. The test returns p = 0.524, well above the 0.05 threshold, so the four-image advantage held by ViT is not statistically significant. The hybrid is therefore as effective as the best single model, with no significant advantage.

Table 4.2: Overall performance of the evaluated models
	Approach
	Model
	Accuracy
	Precision
	Recall
	F1-score
	AUC

	Pre-trained CNN
	MobileNetV2
	0.9487
	0.9511
	0.9487
	0.9493
	0.9866

	
	EfficientNetB0
	0.9513
	0.9551
	0.9513
	0.9521
	0.9925

	
	ResNet50
	0.9538
	0.9566
	0.9538
	0.9545
	0.9896

	Transformer
	ViT
	0.9735
	0.9734
	0.9735
	0.9735
	0.9948

	
	Swin
	0.9735
	0.9736
	0.9735
	0.9735
	0.9962

	Proposed
	Hybrid (EfficientNetB0 + Swin)
	0.9701
	0.9706
	0.9701
	0.9702
	0.9946


[image: ]
Figure 4.1: Accuracy, precision, recall and F1-score across all models
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Figure 4.2: Area under the ROC curve by model
[bookmark: _Toc238420498]4.2.2 Per-Class Performance
Table 4.3 presents a per-class breakdown of precision, recall and F1-score for the Normal and Pneumonia classes, and the asymmetry of the dataset shows clearly. Precision on the Pneumonia class is high for every model, between 0.98 and 0.99, because a prediction of pneumonia is usually correct when pneumonia accounts for three quarters of the images; precision on the Normal class is markedly lower, between 0.87 and 0.95, because the smaller class absorbs proportionally more of the false positives. The two transformers are the most balanced of the six, each reaching 0.95 on all three Normal-class measures against 0.87 to 0.88 for the convolutional networks.
Restating these results as sensitivity and specificity, with the Pneumonia class treated as positive, brings out the difference that matters most clinically. The Vision Transformer missed 14 of the 856 pneumonia cases and the Swin Transformer 17, giving sensitivities of 0.984 and 0.980. The three convolutional networks missed between 42 and 47, giving sensitivities between 0.945 and 0.951. In absolute terms a convolutional model overlooks roughly three times as many pneumonia cases as a transformer on the same images. Comparing MobileNetV2 with ViT, accuracy differs by 2.5 percentage points, but the number of pneumonia cases overlooked falls from 43 to 14 — a difference that would matter far more in a screening setting than the accuracy figures alone suggest. Specificity runs the other way but by a much smaller margin, with EfficientNetB0 highest at 0.968 and ViT and MobileNetV2 lowest at 0.946.








Table 4.3: Per-class performance of the evaluated models
	Approach
	Model
	Class
	Precision
	Recall
	F1-score

	



Pre-trained CNN
	MobileNetV2
	Normal
	0.87
	0.95
	0.91

	
	
	Pneumonia
	0.98
	0.95
	0.96

	
	EfficientNetB0
	Normal
	0.87
	0.97
	0.91

	
	
	Pneumonia
	0.99
	0.95
	0.97

	
	ResNet50
	Normal
	0.88
	0.96
	0.92

	
	
	Pneumonia
	0.99
	0.95
	0.97

	

Transformer
	ViT
	Normal
	0.95
	0.95
	0.95

	
	
	Pneumonia
	0.98
	0.98
	0.98

	
	Swin
	Normal
	0.95
	0.96
	0.95

	
	
	Pneumonia
	0.98
	0.98
	0.98

	Proposed
	Hybrid
	Normal
	0.93
	0.96
	0.95

	
	
	Pneumonia
	0.99
	0.97
	0.98


[bookmark: _Toc238420499]4.2.3 Confusion Matrices and ROC Curves
Figure 4.3 compares the predicted labels with the true labels for each model on the held-out test set of 1,170 images. In every case the diagonal entries are substantially larger than the off-diagonal entries. The Vision Transformer correctly classified 297 of 314 normal cases and 842 of 856 pneumonia cases, giving 17 false positives and 14 false negatives. Swin recorded 14 and 17, and the proposed hybrid 12 and 23. The convolutional networks show the same shape with markedly more missed pneumonia: MobileNetV2, 17 and 43; ResNet50, 12 and 42; and EfficientNetB0, 10 and 47—the fewest false positives of any model and the most false negatives. Figure 4.4 shows the corresponding ROC curves, each of which rises steeply towards the top-left corner and remains well above the chance diagonal; the area under the curve exceeds 0.986 for every model and reaches its highest value, 0.996, for Swin.
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Figure 4.3: Confusion matrices of the evaluated models
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Figure 4.4: ROC curves of the evaluated models
[bookmark: _Toc238420500]4.2.4 Effect of Patient-Level Data Leakage
The results reported above were obtained on a patient-disjoint split. To quantify what patient overlap costs in measured performance, the entire experiment was also run on a file-level split of the same 5,856 images, in which images were assigned to subsets individually without regard to which patient they came from — the strategy used by much of the published work on this benchmark. Under that split, 74.2% of pneumonia test images came from a patient who also appeared in the training set; the Normal class, being close to one image per patient, showed only 5.0% overlap.
The effect is systematic and it is not uniform across architectures. All three convolutional networks scored higher under the file-level split — MobileNetV2 by 0.95 points, ResNet50 by 1.04 and EfficientNetB0 by 1.54 — while the two transformers and the hybrid scored slightly lower. The false-negative counts diverge more sharply still: removing the overlap roughly doubled the number of pneumonia cases the convolutional networks missed, from 32–38 to 42–47, while the transformers improved from 24–35 to 14–17. A plausible reading is that convolutional networks, whose receptive fields emphasize local texture, benefit disproportionately from having seen another radiograph of the same chest, whereas attention-based models rely more on global structure that transfers between patients. This is offered as a hypothesis rather than a demonstration: the two runs use different test images as well as different splitting strategies, and each figure comes from a single training run, so the comparison confounds the leakage effect with sampling and run-to-run variation.
Table 4.4: Measured performance under a file-level split and a patient-disjoint split of the same dataset
	Model
	Accuracy (file-level)
	Accuracy (patient-disjoint)
	Difference
	FN (file-level)
	FN (disjoint)

	MobileNetV2
	95.82%
	94.87%
	−0.95
	38
	43

	EfficientNetB0
	96.67%
	95.13%
	−1.54
	32
	47

	ResNet50
	96.42%
	95.38%
	−1.04
	35
	42

	ViT
	97.18%
	97.35%
	+0.17
	24
	14

	Swin
	96.42%
	97.35%
	+0.93
	35
	17

	Hybrid
	96.59%
	97.01%
	+0.42
	33
	23


The practical conclusion is firmer than the mechanistic one. Under the file-level split the six models appeared nearly indistinguishable, with every confidence interval overlapping every other; under the patient-disjoint split a clear gap opens between the transformer and convolutional families. A comparison drawn on the leaky split would therefore have supported the wrong conclusion about which architectures suit this task. This finding echoes that of Hofmeister et al. [8], who showed that benchmarking against a weak reference standard inflates apparent diagnostic performance; here the weak element is the splitting protocol rather than the reference diagnosis, but the lesson is the same. Patient-grouped splitting should be treated as a minimum requirement for work on this benchmark rather than as a refinement.
[bookmark: _Toc238420501]4.2.5 System Implementation
To evaluate the practical applicability of the trained models, a lightweight web application was developed to serve them for interactive use. The application runs locally and presents a simple interface in which the user selects one of the trained models, uploads a chest X-ray image, and receives a prediction. For each image, the system returns the predicted class (normal or pneumonia), the model's confidence, a per-class probability breakdown, and the inference time. The trained model weights are loaded on demand and cached so that switching between models and classifying successive images is fast. This converts the trained models into a usable decision-support prototype and clarifies how the approach could be integrated into a screening workflow. Figure 4.5 shows the interface classifying a pneumonia case. The application is a research and educational prototype and is not a certified medical device; any clinical use would require validation and regulatory approval, and a qualified radiologist should always confirm predictions.
 [image: ]
Figure 4.5: The web application classifying a chest X-ray image
[bookmark: _Toc238420502]4.3 Discussion of Results
[bookmark: _Toc238420503]Figure 4.3 compares the predicted labels with the true labels for each model on the held-out test set of 1,170 images. In every case the diagonal entries are substantially larger than the off-diagonal entries. The Vision Transformer correctly classified 297 of 314 normal cases and 842 of 856 pneumonia cases, giving 17 false positives and 14 false negatives. Swin recorded 14 and 17, and the proposed hybrid 12 and 23. The convolutional networks show the same shape with markedly more missed pneumonia: MobileNetV2, 17 and 43; ResNet50, 12 and 42; and EfficientNetB0, 10 and 47—the fewest false positives of any model and the most false negatives. Figure 4.4 shows the corresponding ROC curves, each of which rises steeply towards the top-left corner and remains well above the chance diagonal; the area under the curve exceeds 0.986 for every model and reaches its highest value, 0.996, for Swin.
Chapter 5: Conclusion and Future Work
This thesis found that transformer-based models outperform convolutional networks for pneumonia classification on chest radiographs, and that fusing the two families into a hybrid did not improve on the transformer alone. Several directions follow from these findings and from the limitations set out above. The most pressing is external validation: the models should be re-evaluated on larger multi-centre datasets spanning different equipment, patient populations and image quality, and on adult as well as paediatric cohorts, so that generalization can be assessed rather than assumed. The evaluation itself should also be strengthened, with repeated runs across several random seeds to quantify variance, DeLong's test for comparing AUC values, and threshold tuning that reflects the higher cost of a false negative in screening.
Explainability should be treated as a requirement rather than an enhancement. Methods such as Grad-CAM or SHAP would show which regions of an image drive each prediction, allowing clinicians to judge whether the model attends to plausible findings. Prospective comparison against radiologist readings, on cases where ground truth is established independently — as in the protocol used by Hofmeister et al. [8] — would be the natural step after that.
On the modelling side, the hybrid design space deserves fuller exploration. Only one backbone pairing and one fusion strategy were tested here; alternatives such as pairing the convolutional branch with ViT rather than Swin, attention-based rather than concatenation-based fusion, or joint training from scratch would establish whether the ceiling observed in this work is a property of the dataset or of the particular fusion adopted. Extending the task beyond binary classification, to distinguish bacterial from viral pneumonia or to screen for multiple lung pathologies, would broaden the clinical value of the approach. Finally, the web prototype should be developed into a properly engineered decision-support system with authentication, audit logging, de-identification and PACS integration before it is placed in front of any clinical user.
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