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The imperative for early-stage lung cancer detection is widely recognized as 
a critical determinant of therapeutic efficacy and patient survival. 
Conventional diagnostic workflows, however, are frequently constrained by 
their labour-intensive nature and susceptibility to interpretive inaccuracies, 
positioning artificial intelligence (AI) as a transformative technology in 
medical imaging. This research conducts a rigorous comparative analysis of 
four prominent vision transformer (ViT) architectures; Swin-Base, ViT-Base, 
DeiT-Base, and BEiT-Base evaluating their performance in the automated 
classification of lung cancer from computed tomography (CT) scans. The 
empirical validation was performed on the open-access IQ-OTH/NCCD 
dataset, a corpus of 1,097 images distributed across benign (n=120), 
malignant (n=561), and normal (n=416) classes. Model proficiency was 
quantified using established metrics of accuracy, precision, recall, and F1-
score. The findings unequivocally establish the superiority of the Swin-Base 
model, which, by utilizing its innovative hierarchical design and shifted-
window mechanism, attained a benchmark accuracy of 98.80% and an F1-
score of 97.52%. While its counterparts achieved commendable accuracies 
ViT-Base (95.18%), DeiT-Base (96.39%), and BEiT-Base (95.78%) they did 
not match the performance of Swin-Base. Notably, this leading performance 
was achieved with greater computational efficiency, requiring a lower 
GFLOPS count than competing models. 
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1. Introduction 

One of the major causes of cancer deaths is lung cancer, with an estimated one-fifth of cancer 
deaths being attributed to this disease [1–3]. The pathological characteristics of lung cancer consist of 
an increase in the number of carcinogenic growths (Tumors) occurring within and along the sides of 
lung tissue (lung parenchyma). Currently, lung cancer is a worldwide health problem, and according 
to the World Health Organisation (WHO), each year millions of people die because of lung cancer; 
however, what is more disturbing is that around 80% of the people diagnosed with lung cancer will 
experience a poor outcome because they are diagnosed when their tumour has developed to the 
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point that surgical resection is no longer an option  [4,5]. Therefore, the need for early and accurate 
detection of lung cancer is critical because many patients with lung cancer do not exhibit symptoms 
until the disease is advanced to a fatal stage [6,7]. The detection of lung cancer is primarily 
accomplished through diagnostic imaging techniques [8], and the current method for interpretation 
of imaging studies is by manual review of the studies by trained medical professionals, which is a 
tedious task that requires time and cognitive effort and is subject to errors caused by human 
judgment. Of the currently available imaging technologies, low-dose computed tomography (LDCT) 
has become the standard imaging modality, providing the most accurate visualization of the anatomy 
of the chest and the only modality that can identify many small early-stage lung tumors. 

Efforts to alleviate the requirement to interpret the results of CAD systems using the same 
methodology as the original healthcare provider created CAD systems using traditional computer 
vision and machine learning techniques [9]. The effectiveness of these experimental systems was 
greatly diminished because of a major roadblock; the systems were limited by the fact that the 
systems were developed with "manual" or "crafted" features that greatly decreased the diagnostic 
accuracy of the systems. To overcome this roadblock, the shift from traditional CAD systems to 
advanced AI, such as Deep Learning, and, most recently, Transformer models, represents a major shift 
in the CAD landscape [10]. Deep Learning architectures are the first to provide an end-to-end solution, 
learning the most relevant features from the input data, rather than relying on manually defined 
features. Innovating upon this, Transformer-based architecture has rapidly emerged as a very strong 
alternative to foundational convolutional designs, demonstrating superior modelling of long-range 
dependencies [11]. In sharp contrast with CNNs that process information via local receptive fields, 
Transformers leverage a self-attention mechanism for a holistic analysis, weighing concurrently 
relationships between all constituent parts of an input image. The result is a much more contextually 
aware and meaningful feature extraction process, hence accelerating the adoption of active end-to-
end learning frameworks for high-stakes classification and segmentation tasks in medical computer 
vision. 

Imaging methods are already in extensive use in many medical subfields, including lung and blood 
diseases, for diagnosing diseases [12–14]. Todays, AI-based early diagnosis systems are used to detect 
numerous health issues using medical images acquired using the most widely used imaging methods 
[15]. These systems have already been used to detect various conditions, including retinal diseases 
[16,17], breast cancer [18–25], cervical cancer [26–29], and brain tumors [30–33]. In this study, we 
evaulte to utilize four different widely used transformer architectures Swin-Base, ViT-Base, DeiT-Base, 
and DeiT-Base to classify lung cancer lesions, which contained CT (Computed Tomography) images. 
Subsequently, we performed a thorough classification process by using these transformer-based 
models and reviewed the results in detail according to performance, accuracy, and overall success 
criteria. 

2. RELATED WORKS 

Transformers are showing promise as source of improvement to traditional imaging technologies. 
Using hybrid neural networks of CNNs and transformers has begun to produce better model 
performance through improved use of both convolutional feature extraction and transformer global 
context modelling. To cite a few examples of such developments, Debnath et al. [34] developed a new 
hybrid model called Lung MobileVIT, which incorporates depthwise separable convolutions along with 
self-attention and uses attention mechanisms such as CBAM to amplify discriminative power, 
especially when trained and tested on unbalanced datasets. Likewise, Yogappan et al. [35] developed 
a new T-RGB algorithm, which uses a preliminary CNN approach for extracting accurately layered 
feature maps and then uses these within a Vision Transformer framework for classification, employing 
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a new bio-inspired Gooseneck Barnacle strategy for optimizing hyperparameters. To overcome the 
high computational requirements associated with traditional Transformer models, a new lightweight 
Vision Transformer named LwViT-DL was developed by Mannepalli et al. [36], which employs a 
conditional variational auto-encoder based feature extraction strategy and a new custom dual-
attention Vision Transformer model framework. 

Transformers have evolved beyond simple classification tasks to include more sophisticated target 
diagnostic problems, e.g., segmentation, detection (diagnosis), and multi-modal risk prediction. With 
respect to lung nodule detection, Tang et al. [37] proposed (using) the DEtection TRansformer, LN-
DETR. This model was specifically designed to enhance the performance of identifying small and 
morphologically complex lung nodules by adding specialized modules for multi-scale attention and 
cross-scale feature fusion. In a similar fashion, Cui et al. [38] introduced SF2T, a novel two-stage 
framework using a 3D Swin Transformer to generate candidate nodules, and a new two-stream 
network to reduce false positives, which demonstrates the advantages of advanced variations of 
Transformers for challenging diagnostic detection tasks. Furthermore, the several applications of 
these architectures have been demonstrated by Li et al. [39] with the use of a multimodal Swin 
Transformer that fuses CT imaging and pathological data to predict the risk of bone metastasis. 
Additionally, Talib et al. [40] address the complete diagnostic process by proposing specialized models 
for segmentation (TransSegNet)  and classification (MinClassNet), highlighting that diagnostic systems 
are now designed as fully automated end-to-end solutions. 

3. MATERIALS AND METHODS 

3.1 Dataset 

The research used the open and public Iraq-Oncology Teaching Hospital/National Center for Cancer 
Diseases (IQ-OTH/NCCD) dataset (10.1007/s11270-022-05875-0); this dataset was gathered over 
three months in late 2019. The dataset included Computed Tomography (CT) imaging of 110 patients, 
including healthy patients and patients of stages I-IV lung cancer. All images were labeled by 
appropriate oncologists and radiologists who carefully labeled the image stack. The study was 
approved by Research Ethics Boards, where all identifying patient information was stripped from all 
images [41,42]. 

CT scans were taken by this study through utilization of a Siemens SOMATOM scanner and 
according to a used a standard clinical protocol for all CT scan acquisitions. As per the clinical protocol, 
scans were undertaken at 120 kV tube voltage and at a thickness of (1 mm) slice thickness with 
patients required to be in a full inspiration cycle, as to provide consistent scanning results. The final 
dataset went through a process of curation, resulting in 1,097 total CT scans that were subsequently 
divided into three separate diagnostic categories: benign (n=120), malignant (n=561) and normal 
(n=416). One of the unique features of this dataset is its significant imbalance, with malignant cases 
being by far the highest in terms of volume with benign cases being considerably lower in volume. 
Therefore, in order to reduce the chances that models created from this dataset reflect any kind of 
modelling bias, and to create a more robust evaluation framework, stratified sampling was used to 
partition the dataset so as to create separate training (n=767, 70%), validation (n=164, 15%) and 
testing (n=166, 15%) data subsets while maintaining the original proportion of each of the three 
classes in the newly created data subsets. A more detailed breakdown of the distributions for each of 
the three classes is located in Table 1. 

Table 1.  

Distribution of images in the IQ-OTH/NCCD dataset across training, validation, and test sets. 

Class Training Validation Test Total 
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Benign 84 18 18 120 

Malignant 392 84 85 561 

Normal 291 62 63 416 

Total 767 164 166 1097 

In this study, Fig. 1. showcases a variety of axial CT scan slices representing the three diagnostic 
classes. the images in the top row are classified as benign, the images in the middle row show 
malignant tumors, and the images in the bottom row are examples of normal lung scans. Each of these 
image categories represents the differences among classes while at the same time indicating that 
some features are not as easily recognized or distinguished. Therefore, helping researchers better 
understand what is needed from a diagnostic model (group) by providing visual examples will 
ultimately help with the difficulty of this classification challenge. 

 

Fig. 1. Representative sample images from the IQ-OTH/NCCD dataset. 

3.2 Data Augmentation 

To address the common issue of overfitting in AI models and enhance their generalization 
capabilities, particularly on a limited medical imaging dataset, a range of data augmentation 
techniques was applied dynamically during the training phase. The augmentation pipeline for each 
training image included a RandomResizedCrop operation, which randomly selected a portion of the 
image (scaling between 8% and 100% of the original area with an aspect ratio of 0.75 to 1.33) and 
resized it to a standard 224x224 pixel dimension. This was supplemented by random horizontal 
flipping (with a 50% probability) and color jittering, which altered the brightness, contrast, saturation, 
and hue by a factor of 0.4. Notably, vertical flipping was deliberately omitted from this process. This 
on-the-fly augmentation strategy ensured that the model was exposed to a diverse range of 
transformed data in each training epoch, fostering the development of more robust and generalizable 
features [43,44]. 

3.3 Model Architecture 

A new dawn has emerged with the recent progress made in the area of machine learning 
algorithms, especially with the introduction of the revolutionary "Transformer" approach originally 
intended for natural language processing tasks into the realm of computer vision as well. ViT (Vision 
Transformer)  [45] is perhaps the leading example within this area, which processes image data by 
processing them not directly as a feed into a neural network but by processing them as a sequence 
consisting of "patches" treated as "tokens." This can fully process the image by developing a "self-
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attention" mechanism applied on all patches within the image as a whole, without needing prior 
convolutional processing as a precursor to feed into a neural network as is the need with convolutional 
networks themselves. DeiT (Data-efficient Image Transformers) [46] is a learning model intended for 
upgrading the level of ViT by applying a "teacher/student" approach with the aim of either equaling 
or even outperforming ViT's original level with a significantly reduced dataset size. 

To address the computational complexity and scalability of Vision Transformer (ViT) models, Swin 
Transformer [47] was developed that takes a hierarchical approach. Unlike ViT which applies multi-
head self-attention globally to images, Swin Transformer first divides images into smaller "windows," 
and applies the attention only locally to these windows. This reduced computational cost of local 
attention and increased it to gaining more of a hierarchical feature representation similar to 
convolutional networks. The windows are shifted so that they'll interact with one another to capture 
a wider context. The Swin Transformer's performance has been shown to outperform ViT on more 
complex computer vision tasks like object detection and semantic segmentation in addition to image 
classification. BEiT (Bidirectional Encoder representations from Image Transformers) [48] is a 
Transformer model developed with a self-supervised pre-training task that is similar to successful BERT 
work in natural language processing. For example, BEiT can predict masked image patches, and thus 
learn semantic knowledge and structural relationships within images beforehand and then use these 
rich feature representation templates for further tasks. Each represents the next generation to 
approaches to image processing. 

4. Results and Discussion 

Table 2.  

Performance metrics of the analyzed transformer models. 

Models Accuracy Precision Recall F1-score Params GFLOPs 

Swin-Base 98.80 98.97 96.30 97.52 86.75 30.3375 

ViT-Base 95.18 96.23 87.97 90.92 85.8 33.7257 

Deit-Base 96.39 92.86 92.86 92.86 85.8 33.7257 

Beit-Base 95.78 92.03 91.01 91.50 85.76 25.3294 

Within this research, four different Transformer-based models were evaluated including the Swin 
Transformer (Swin-Base), Vision Transformer (ViT-Base), Data-efficient Image Transformer (DeiT-
Base), and Bidirectional Encoder representations from Image Transformers (BEiT-Base) with respect 
to lung cancer diagnosis (Table 2). With regards to the model performance statistics, the Swin-Base 
model provided by far the best results. The Swin-Base model achieved the highest performance with 
an accuracy of 98.80% and an F1-score of 97.52%. The main reason for the superior performance of 
Swin-Base, despite its original introduction to computer vision for a very different application in 
autonomous driving, derives from its hierarchical architecture and shifted-window mechanism. 
Architecture enables the Swin Transformer to more effectively capture both local features and long-
range context, which helps exploit the complex and nuanced details that are typically required for 
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classifying medical images. The confusion matrices and ROC curves for the top two models, which 
demonstrated superior performance, are presented on Fig. 2. 

 

Fig. 2. Performance metrics of the top-performing Swin-Base and DeiT-Base models: (a, b) Confusion 

Matrices and (c, d) ROC Curves. 

When we compare the other models, we can see that DeiT-Base (96.39% accuracy) and BEiT-Base 
(95.78% accuracy) outperformed ViT-Base (95.18% accuracy) just a little. DeiT outperformed ViT 
largely because it employs a data-efficient teacher/student learning mechanism across three tasks, 
while BEiT outperformed ViT broadly because the self-supervised pretext task (masked image 
modeling) better facilitated the structural understanding of semantics in images. The limited 
performance of ViT-Base may also indicate additional limitations related to the scale of model reliance 
on large datasets, particularly when used on a smaller, domain-specific medical image dataset, given 
that the model parameters (Params) of all models are relatively similar, the GFLOPs value of Swin-
Base is lower than that of ViT and DeiT, and the Swin Transformer achieved the best results with a 



Journal of Intelligent Decision Making and Information Science 

Volume 3, (2026) 528-539 

534 
 
 

 

lower computational burden. As such, Swin is potentially a more cost-efficient and clinically practical 
model. 

5. Conclusions 

This study thoroughly evaluated and classified the testing datasets with four different transformer 
architectures (Swin-Base, ViT-Base, DeiT-Base, and BEiT-Base) with real-world example CT images of 
lung cancer patients. The results clearly showed that the Swin-Base model (98.80% Accuracy and an 
F1 score of 97.52%) had better performance than all other models. The models' performance could 
be due to the Swin's hierarchical model and shifted-window capabilities, which allows the Swin 
Transformer to model local and long-range complex dependencies in medical images. Moreover, the 
Swin-Base model provided the best performance with a much lower computational cost (GFLOPS) 
than ViT and DeiT for clinical settings. Although the ViT-Base model produced the lowest accuracy for 
all models in classification, the DeiT-Base and BEiT-Base models produced better accuracy because of 
advantages that support data efficiency and self-supervised learning approaches. In conclusion, we 
have established that the Swin Transformer can be useful for very complex diagnostic tasks, especially 
where we have very few medical datasets and we would prefer the Swin Transform in future research 
studies. Subsequent work could focus on further enhancing its performance by integrating it with 
various data augmentation techniques and hybrid approaches. 
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