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ABSTRACT: Lung cancer is one of the deadliest malignancies in the world, and early and accurate diagnosis is the key to 
improving patient outcomes. The conventional diagnostic tools, such as manual observation of the CT scan, can be cumbersome, 
subject to human error, and not scalable. Deep learning methods, especially Convolutional Neural Networks (CNNs), have 
provided a step forward but continue to have shortcomings in the ability to capture global dependencies in the complicated 
anatomical structures. To overcome these issues, this paper suggested a new Vision Transformer (ViT)-based model to achieve 
the multiclass classification of lung CT images into benign, malignant, and normal lung conditions. The model capitalized on self-
attention mechanisms, which were used to obtain long-range feature interactions to improve contextual understanding, which is 
important in medical interpretation. A detailed preprocessing and patch-wise embedding strategy meant that it could be used with 
transformer-based processing. The model was proven to be better than the state-of-the-art approaches in terms of experimental 
assessments on a curated CT dataset, with a macro-average accuracy of 92%, a macro-average F1-score of 83%, and an AUC of 
98%. These findings validated the possibility of transformer architectures to provide accurate and interpretable predictions that 
can be used in the diagnosis of lung cancer. 

KEYWORDS: ViT, Lung Cancer Detection, CT Imaging, Medical Image Classification, Transformer Architecture. 

�   Introduction
Lung cancer is the most common cause of cancer-related 

deaths in the world, constituting about 1.8 million deaths every 
year.1 Early and proper diagnosis is very important in the course 
of enhancing a better prognosis and choice of good treatment 
measures. CT imaging is the gold standard for lung cancer 
screening, offering detailed cross-sectional views of pulmonary 
structures needed for staging and grading. Nevertheless, man-
ual interpretation of CT scans is tedious, time-consuming, and 
prone to intra- and inter-observer error, which may hamper 
diagnostic repeatability and scalability in clinical processes.

To overcome these shortcomings, computer-aided diagnostic 
(CAD) systems, especially deep learning-based ones, have been 
increasingly involved in recent years. CNNs have been rather 
successful in classifying medical images, with lung cancer be-
ing one of them, thanks to their hierarchical feature extraction 
properties.2 Whether through their strengths, CNNs have lim-
itations that are inherent in trying to model long-range spatial 
dependencies, which are especially constraining in interpreting 
complex structural patterns in CT imaging. In addition, CNNs 
may be very local-centric, missing out on the global contextu-
al patterns, which are important in making delicate diagnostic 
judgments.3

The recent developments in the ViT architecture have cre-
ated a paradigm shift in image analysis as they substitute the 
convolutional operations with the self-attention mechanisms.4 
As opposed to CNNs, ViTs have the capacity to inherently use 
inter-patch relationships, which are inherently modelled using 
attention layers, to capture global context. This architectural 
invention enables ViTs to learn the entire structures of images, 

and this proves beneficial, especially in medical imaging tasks 
where the spatial relationships between remote areas are of 
significant importance for the diagnosis. ViTs have, therefore, 
been shown to achieve promising results in various medical 
tasks, such as chest X-ray analysis and CT-based pulmonary 
disease classification.5,6

In this research, a new use of ViT to classify lung cancer 
with the help of CT images was presented. Out of the natural 
strengths of ViTs that are inherent in acquiring global con-
text, we offered a model design that was specifically designed 
to suit lung CT analysis. We used a method that consisted of 
preprocessing and patching axial CT slices with a system that 
was then fed into a ViT model that was optimized towards 
the task of classification. The model was compared with the 
set baselines to prove its diagnostic effectiveness and strength.

The main conclusions of the paper are as follows:
• We present a ViT-based model structure aimed at cate-

gorizing lung cancer on CT scan images with minimum error 
and clarity.

• We use a processing pipeline of preprocessing the axial CT 
slice, standardization, and effective use of patch-level tokeniza-
tion in transformer processing.

• We give a detailed analysis of the model in the form of clas-
sical classification measures and comparisons with benchmarks 
using traditional CNN-based methods.

• We address the possible clinical implications and how 
ViT-based diagnostic tools can be implemented in the regular 
working pathology routine.

The rest of the paper is organized as follows: The Literature 
Review section is devoted to a detailed review of available lit-
erature on the Transformer-based methods of detecting lung 
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cancer. The proposed Methodology section illustrates the sug-
gested methodology, data preprocessing, model, and training 
schemes. The Experimental Results section and Discussion 
section report and discuss experimental results and compara-
tive analysis. Lastly, the Conclusion and Future Work section 
ends the paper with some words and future research directions.

�   Literature Review
Traditional Approaches in Lung Cancer Detection:
Artificial intelligence in lung cancer applications has im-

proved significantly during the last ten years. Initial machine 
learning methods tended to use features that were handcrafted 
through the use of either CT or X-ray images and input into 
a classifier like a support vector machine (SVM) or a random 
forest. Even though these systems provided moderate diagnos-
tic support, the domain specificity and quality of the manually 
engineered features played an important role in their perfor-
mance.7

The advent of deep learning made CNNs a leading archi-
tecture for lung image analysis. Several papers used CNNs to 
classify and segment lung tumors in CT and X-ray images, and 
the studies showed that the models enhanced the accuracy and 
robustness. To give an example, Fanizzi et al. have performed 
a comparative study of CNNs and ViTs in terms of non-small 
cell lung cancer recurrence prediction and demonstrated that 
CNNs did a good job but could not scale to complex spatial 
patterns.2 Similarly, Kumar et al. developed a CNN-based lung 
cancer detection pipeline at the early stages with a focus on its 
effectiveness in the learning of hierarchical features, albeit with 
reduced abilities of non-local dependencies.8

In spite of these achievements, CNNs are faced with a 
number of limitations. Their local receptive areas do not al-
low modeling long-range dependencies in pulmonary CT 
structures, which is important for correct radiological inter-
pretation. Also, their interpretability is limited, commonly 
considered as black-box models in clinical practice.3

Emergence of  Transformers in Medical Imaging:
Transformers, which were initially developed in the context 

of natural language processing, have been developed into vision 
tasks with the introduction of the ViT. These models employ 
self-attention mechanisms to learn the relationship between 
image patches so that they can capture local and global con-
text. The change has resulted in the accumulation of literature 
using ViTs in medical image classification, segmentation, and 
the prediction of prognosis.

Guo et al. used ViTs to classify lung cancer using zero-shot 
and few-shot learning, which showed that transformers 
could generalize effectively even with a few data points.9 A 
framework called LVit was suggested by Malaviya et al. as a 
transformer model to detect lung cancer and achieved promis-
ing results, but they did not use a large variety of CT imaging 
scenarios in their evaluation.10 Satsangi et al. designed LCD-
ViT, an explainable ViT model with explainable AI features 
to diagnose the lungs, but it is a computationally expensive 
model.6

More recent developments comprise such models as VPro-
toNet by Guo et al., which can be used to achieve a higher 
interpretability by using prototypical networks, and the hierar-
chical ViT model by Imran et al., which is specifically aimed at 
non-small cell lung cancer detection.5,11 Although these mod-
els are an important part of the performance and explainability, 
most of these models are evaluated on single imaging datasets, 
and multimodal or multi-institutional CT scenarios are not 
studied to an extent.

CNN vs. Transformer Paradigms Comparative Analysis:
The replacement of CNN models with transformer mod-

els also signifies the shift towards global feature modeling as 
opposed to local feature modeling. CNNs are very effective in 
learning spatial hierarchies, but are unable to learn long-range 
spatial dependencies because their receptive fields are small. 
ViTs, conversely, use global self-attention, which allows them 
to capture relationships viewed as the image as a whole, which 
is especially important in complex biomedical textures.

Gai et al. conducted a comparative study that found 
transformer-based models to be better than CNNs in gener-
alization and diagnostic accuracy, especially on non-balanced 
and heterogeneous datasets.3 They have also observed that 
transformers are more effective when trained on larger datasets 
and need more computational resources. Similarly, Durgam et 
al. showed better detection performance with a CNN + ViT 
model combining local feature extraction with a global at-
tention, but at the expense of an increased complexity of the 
model.12

Matsuyama et al. used cross-entropy loss to compare the 
performance of ViTs and CNNs in the classification of lung 
cancer images quantitatively and pointed to the better perfor-
mance of ViTs, particularly under multiclass classification.13 
However, the explanationability of attention in ViTs is a devel-
oping field, and the model transparency is crucial to reaching 
clinical implementation.

Gaps Identified in Current Research:
Although transformer models in medical imaging have been 

developed very fast, there are various gaps that have not been 
addressed. Firstly, most ViT-based models for lung cancer are 
trained and evaluated on single-institution CT datasets, limit-
ing their generalizability across different scanners, acquisition 
protocols, and patient populations. Second, a lot of suggested 
ViT-based models are computationally heavy, preventing their 
use in clinical settings with limited resources.14 Optimized or 
lightweight versions of ViT that can be deployed in CT-based 
lung cancer classification remain scarce.

Furthermore, whereas some models, such as LCDViT and 
VProtoNet, have proposed the use of interpretability mod-
ules, the wider discipline continues to lack standard ways of 
explaining ViT decisions in medical tasks.5,6 Lastly, the patch-
based tokenization scheme at the core of ViTs has not been 
explored to its full extent in the context of fine-grained CT 
slice analysis, where patch size and overlap play an important 
role in determining sensitivity and specificity of the models.
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These drawbacks highlight the necessity of a ViT-based 
model that would be computationally efficient, CT-imaging 
specific, and could be used to provide interpretable results for 
clinical decision-making.

�   Proposed Methodology
Dataset and Preprocessing Pipeline:
The CT scan data in this paper were acquired in a lung 

imaging repository available publicly by Kareem et al.15 The 
dataset had three diagnostic classes: benign, malignant, and 
normal. The dataset comprised a total of 613 axial CT slices 
(219 benign, 316 malignant, and 78 normal cases), split into 
training (70%), validation (15%), and test (15%) sets using 
stratified sampling to maintain class proportions. Axial CT 
slices of dissimilar strength profiles and structural differenc-
es made up each sample, and, upon training and validation of 
the model, provided a basis to evaluate the performance of the 
proposed model.

The dataset was fully preprocessed using a pipeline to be 
consistent and effectively learn. The first step was to bring 
pixel values to a standard range [0, 1] to diminish the impact 
of contrast differences between samples. This was followed by 
adaptive histogram equalization to increase the local contrast, 
and then each image was resized to a constant size of 224 x 
224 pixels.

Data augmentation was used to increase the feature het-
erogeneity and to avoid model overfitting. The incorporated 
augmentation techniques are:

• Random horizontal flipping with a probability of 0.5.
• Rotation between −15° and +15°.
• Elastic deformation simulating tissue warping.
• Gaussian noise injection with zero mean and variance 

σ²=0.01.
Figure 1 shows representative CT images from all three cat-

egories—benign, malignant, and normal—illustrating the key 
radiological differences used for classification.

Figure 1 demonstrates clear visual differences across three 
categories: benign, malignant, and normal lung CT scans. 
Malignant cases displayed irregular, dense, and heteroge-
neous masses with poorly defined boundaries, indicating 
more aggressive and abnormal tissue patterns. Benign cases 
tended to show more localized and smoother lesions, with 

relatively well-defined margins compared to malignant ones. 
Normal cases exhibited clear, uniform lung fields without 
visible nodules, masses, or abnormal opacities. There was no-
ticeable variation in shape, size, texture, and intensity of lung 
structures across the categories, which helps distinguish be-
tween them. Overall, the image highlighted features that were 
critical for differential diagnosis and supports the development 
of machine learning or CAD systems for automated classifi-
cation.

Figure 2 shows the class distribution of the dataset, reveal-
ing a class imbalance that was addressed through oversampling 
and augmentation.

The dataset was imbalanced across the three classes. Ma-
lignant cases had the highest count, making them the most 
represented category in the dataset. Normal cases had a mod-
erate number of samples, but still significantly fewer than 
malignant cases. Benign cases were the least represented, with 
a much smaller sample size compared to the other two classes. 
This imbalance indicated a potential bias toward malignant 
classification, which could affect model training and per-
formance. Therefore, techniques such as data augmentation, 
resampling, or class weighting may be necessary to ensure fair 
and accurate model learning.

Figure 3 presents the preprocessing pipeline applied to CT 
images, including pixel normalization, contrast enhancement 
(CLAHE), resizing to 224 × 224, and data augmentation 
techniques such as horizontal flipping, random rotation, elastic 
deformation, and Gaussian noise injection.
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Figure 1: Representative axial chest CT scan slices from the dataset, 
categorized into benign (top row), malignant (middle row), and normal 
(bottom row) cases. This dataset highlights the morphological variations used 
in differential diagnosis and the development of automated computer-aided 
detection (CAD) systems.

Figure 2: Distribution of CT scan samples across the three classes in the 
dataset. The bar chart shows the total number of images for malignant (left), 
normal (center), and benign (right) cases. This imbalance in class distribution 
is important to consider during model training and evaluation.

Figure 3: Workflow of the image preprocessing and data augmentation 
pipeline applied to CT scan images. Raw CT images are first normalized 
to a [0,1] pixel intensity range, followed by contrast enhancement using 
CLAHE. The final output is a preprocessed dataset used for model training 
and evaluation.
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Figure 4 demonstrates the architecture of a Vision Trans-
former (ViT) model used for image classification. The process 
has begun with a 224 × 224 input image, which was divided 
into smaller patches through patch embedding, converting the 
image into a sequence format. Positional encoding has been 
added to retain spatial information that would otherwise be 
lost in the patch-based representation. The sequence was then 
passed through multiple transformer encoder layers (L layers), 
which use attention mechanisms to learn relationships be-
tween different regions of the image. A class token is used to 
aggregate information from all patches, representing the over-
all image features. The output was fed into a fully connected 
head that performs the final classification. The pipeline ended 
with a prediction, indicating the model’s classification of the 
input image. Overall, the architecture highlights how trans-
former-based models could effectively capture global context 
and complex patterns in medical images for accurate diagnosis.

Training Strategy:
The model was trained using categorical cross-entropy loss:

where C is the number of classes, yi is the ground truth, and 
is the model’s predicted probability for class i.

Optimization was performed using the Adam optimizer 
with an initial learning rate ƞ₀=3×10−4, decayed using cosine 
annealing. Weight decay (λ=10−5) and dropout (p=0.1) were 
used as a regularization mechanism. Label smoothing ε= 0.1 
was introduced to prevent overconfidence. All experiments 
were conducted for 20 epochs with a batch size of 32. The 
ViT model used an embedding dimension of 768, 12 attention 
heads, and was trained from scratch without ImageNet pre-
training. Training was performed on a single GPU (NVIDIA 
T4), and the complete pipeline was implemented in PyTorch.

The training process was summarized in Algorithm 1.
Algorithm 1. Training Procedure for ViT-Based Lung Can-

cer Classifier
1: Input: Dataset D, initial weights θ₀, learning rate ƞ

Figure 3 outlined a structured preprocessing pipeline ap-
plied to raw CT scan images before model training. Initial 
steps included pixel normalization (scaling values to [0,1]) and 
contrast enhancement using CLAHE, which improves image 
quality and visibility of features. All images were standardized 
through resizing to 224 × 224 pixels, ensuring consistency for 
model input. A series of data augmentation techniques was 
applied, including horizontal flipping, random rotation, elastic 
deformation, and Gaussian noise. These augmentations in-
creased dataset diversity and helped the model become more 
robust to variations in medical images. The final output was 
a preprocessed and enhanced dataset, optimized for improv-
ing the performance and generalization of machine learning 
models.

ViT Configuration:
The ViT architecture redefines image classification by seg-

menting an input image x ∈ RHxWxC into a sequence of flattened 
patches. Each patch xp

i is vectorized, linearly embedded, and 
concatenated to form the token sequence. Let P denote patch 
size, then the number of tokens is computed as:

Each patch is projected into a D-dimensional embedding 
space via a trainable matrix E ∈ R(p2c)xD. A learnable classifi-
cation token xclass is prepended, and positional encoding Epos is 
added to preserve spatial relationships:

This sequence is input to a stack of L transformer encoders. 
Each encoder comprises a multi-head self-attention (MSA) 
module and a feed-forward network (FFN), both equipped 
with residual connections and layer normalization. The inter-
mediate updates are defined as:

The final class prediction is made using the class token out-
put of the last layer, transformed by a fully connected layer and 
passed through a SoftMax activation: 

The ViT architecture tailored for this task is visually de-
picted in Figure 4, showing all relevant modules from input 
preprocessing to output prediction. The model processed 
224×224 CT images by embedding non-overlapping patches, 
applying positional encoding, and forwarded through multi-
ple transformer encoder layers. The resulting class token was 
passed through a fully connected head to generate the final 
prediction.
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Figure 4: Architecture of the Vision Transformer (ViT) model used for 
image classification. The input image (224×224) is divided into patches and 
embedded into a sequence of tokens, followed by the addition of positional 
encoding to retain spatial information.
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and no misclassification into benign or malignant classes. Be-
nign cases had the lowest performance, with only 11 correctly 
classified and 7 misclassified as normal, indicating weaker 
sensitivity for this class. There was no confusion between be-
nign and malignant cases, which is clinically important as it 
reduces the risk of severe diagnostic errors. The primary source 
of error was confusion between benign and normal cases, sug-
gesting that these two classes shared similar features. Overall, 
the model was highly reliable for detecting malignant cases 
but might require improvement in distinguishing benign from 
normal cases.

Convergence behavior was illustrated in Figure 6, in which 
training loss was steadily reduced, and validation accuracy im-
proved consistently with epoch. These trends suggested that 
the model progressively learned meaningful features from the 
data while maintaining good generalization performance on 
the validation set.

The graphs showed that as training progressed, the loss 
steadily decreased over the epochs, dropping from a high initial 
value to near zero by the end of training. This showed that the 
model was learning the training data effectively. The validation 
accuracy generally improved over time, rising from around 0.5 
in the early epochs to nearly 0.9 in later epochs. Although the 
validation accuracy showed some fluctuations, its overall up-
ward trend suggested that the model’s performance on unseen 
data improved as training progressed. The sharp decline in loss 
after the middle epochs indicated that the model had begun 
to converge more strongly during the later stage of training. 
The gap between the smooth loss reduction and the somewhat 
variable validation accuracy might reflect normal variation due 
to dataset size or class imbalance, rather than a clear failure of 
training. Overall, the figure suggested that the model achieved 
good convergence and strong validation performance, with the 
final results indicating effective learning and reasonable gen-
eralization.

Moreover, Figure 7 showed the multiclass ROC curves 
where excellent separability was achieved with the AUC values 
of 0.97, 0.99, and 0.97, respectively, corresponding to benign, 
malignant, and normal classes. The high AUC remains consis-
tently high, and this attests to the high discriminative nature 
of the model.

2: for epoch = 1 to T do
3: Shuffle D and generate mini-batches
4: for each batch (x, y) do
5: xp ← Patchify(x)
6: Z₀ ← Embed(xp) + Epos
7: for l=1 to L do
8: Zl ← FFN (LN (MSA (LN (Zl-1))) + Zl-1 
9: end for
10: ŷ ← softmax (WheadZL⁰)
11: Compute ℒCℰ using Equation 6
12: Update θ via Adam optimizer
13: end for
14: end for
15: Output: Trained weights 𝛉𝑻

�   Experimental Results and Discussion 
Performance Evaluation:
We used standard classification measures, such as accura-

cy, precision, recall, F1-score, and area under the ROC curve 
(AUC), to test the effectiveness of the proposed ViT-based 
classification model. These measures provide a holistic picture 
of the discriminative strength of the model on all three catego-
ries: the benign, the malignant, and the normal.

The confusion matrix was presented in Figure 5. The model 
was excellent in classifying malignant and normal cases, with 
the benign cases slightly misclassified in the normal category. 
The model demonstrated strong performance in identifying 
malignant (76 correctly classified) and normal cases (62 cor-
rectly classified), with no misclassification between these two 
categories. However, some benign cases are misclassified as 
normal (7 cases), indicating relatively lower sensitivity for the 
benign class. This is probably because benign training samples 
are few and create bias in optimizing the model.

The model showed strong overall classification perfor-
mance, with most predictions concentrated along the diagonal 
(correct classifications). Malignant cases were classified most 
accurately, with a high number of correct predictions (76) and 
relatively few misclassifications (9 predicted as normal). Nor-
mal cases were also well-classified, with 62 correct predictions 
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Figure 5: Confusion matrix showing the performance of the classification 
model across benign, malignant, and normal CT scan cases. The matrix 
presents the number of correct and incorrect predictions, with rows 
representing the true class labels and columns indicating the predicted labels.

Figure 6: Training performance of the model over 20 training epochs. The 
left plot shows the training loss (blue line), which decreases steadily, indicating 
improved learning and reduced error on the training data. The right plot 
illustrates the validation accuracy (green line), which generally increases 
over time with some fluctuations, reflecting the model’s improving ability to 
generalize to unseen data.
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The model demonstrated excellent classification perfor-
mance across all three classes, as all ROC curves are close to 
the top-left corner. The Area Under the Curve (AUC) values 
are very high for each class:

o Malignant cases: ~0.99 (highest performance)
o Benign cases: ~0.97
o Normal cases: ~0.97
The malignant class has the best discrimination ability, 

meaning the model is particularly strong at identifying cancer-
ous cases. The curves rise steeply, indicating high true positive 
rates even at low false positive rates, which is ideal for med-
ical diagnosis. All classes performed far above the diagonal 
reference line (random classifier), confirming that the model 
is highly reliable and significantly better than chance. Overall, 
the figure shows that the model achieved strong sensitivity and 
specificity, making it effective for multi-class lung CT classi-
fication.

Table 1 summarizes the performance of a Vision Transform-
er (ViT) model across three classes – Benign, Malignant, and 
Normal using common classification metrics. It indicates a 
high macro-average accuracy of 0.92 and an AUC of 0.98. The 
model performed best on malignant and normal classes, while 
the benign class exhibited lower recall, suggesting compara-
tively reduced sensitivity in detecting benign cases.

The model achieved strong overall performance, with a mac-
ro average accuracy of 0.92 and an AUC of 0.98, indicating 
high reliability across all classes.

o Malignant cases showed the best performance:
•	 Highest accuracy (0.94), precision (0.90), recall (0.89), 

F1-score (0.89), and AUC (0.99)
•	 This indicated the model was highly effective at detect-

ing cancerous cases, which is clinically critical
o Normal cases are also well-classified:

•	 High recall (0.93) and F1-score (0.90)
•	 The model was particularly good at correctly identifying 

healthy lungs
o Benign cases had comparatively weaker performance:
•	 Lower recall (0.61) and F1-score (0.71)
•	 This suggested the model struggled to correctly identify 

benign cases, likely confusing them with normal or ma-
lignant cases.

The precision values were relatively high across all class-
es, meaning that when the model made a prediction, it was 
correct. The lower macro recall (0.81) compared to accuracy 
(0.92) indicates that some classes are harder to detect, reducing 
sensitivity. Overall, the model is highly accurate and reliable, 
especially for malignant detection, but may need improvement 
in distinguishing benign cases.

Compared with State-of-the-Art Models:
We benchmark our approach with the recent literature-based 

models, such as CNN-based models and transformer-based 
models. Table 2 presents the summary of the results. Note that 
the LViT and LCDViT results reported in Table 2 are quoted 
from their respective original publications, which used differ-
ent datasets; therefore, direct numerical comparison should be 
interpreted with caution, and the proposed model is better de-
scribed as achieving competitive results compared to recently 
published ViT models rather than definitively outperforming 
them.

The suggested model was coherent in terms of the maximum 
AUC, which supports the effectiveness of our attention-based 
system in comparison to the convolution-based counterparts. 
The proposed ViT model achieves the highest performance 
across all metrics, with an accuracy of 0.92, macro-average F1-
score of 0.83, and AUC of 0.98, demonstrating competitive 
effectiveness and robustness relative to published ViT-based 
approaches.

The proposed ViT model achieved the best overall perfor-
mance among all models, with the highest accuracy (0.92), 
F1-score (0.90), and AUC (0.98).

There was a clear performance improvement from tradition-
al to advanced models:

o CNN (Baseline): lowest performance (Accuracy 0.85, F1 
0.80, AUC 0.93)

o LViT: improved results (Accuracy 0.89, F1 0.84, AUC 
0.95)

o LCDViT: further improvement (Accuracy 0.91, F1 0.86, 
AUC 0.97)

The results showed that transformer-based models outper-
form the baseline CNN, indicating better feature extraction 
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Figure 7: Receiver Operating Characteristic (ROC) curves for the multiclass 
classification model across benign, malignant, and normal CT scan cases. 
The curves illustrate the trade-off between true positive rate (sensitivity) 
and false positive rate for each class. The dashed diagonal line represents the 
performance of a random classifier.

Table 1: Performance metrics of the proposed model for multiclass 
classification of CT scan images. The table summarizes accuracy, precision, 
recall, F1-score, and AUC for benign, malignant, and normal cases.

Table 2: Comparative performance of the proposed Vision Transformer 
(ViT) model against baseline and state-of-the-art models for CT image 
classification. The table reports accuracy, F1-score, and AUC for each model, 
including a CNN baseline, LViT, and LCDViT.
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and representation learning. The steady increase across mod-
els suggested that model architecture enhancements directly 
contributed to improved classification performance. The high-
er AUC values for the proposed model (0.98) indicate strong 
discriminative ability across classes. Overall, the findings 
demonstrated that the proposed ViT model provided the most 
accurate and reliable predictions, making it the best-perform-
ing approach in this comparison.

Ablation Studies:
In order to investigate architectural sensitivity, we performed 

ablation experiments with different patch sizes and transform-
er depth. Table 3 presents the effect of varying patch sizes (16 
× 16 and 32 × 32) and transformer encoder depth (L layers) 
on classification performance, measured by accuracy and F1-
score. Results indicated that smaller patch sizes combined with 
moderate depth (L = 10–12) yield better performance. The op-
timal configuration (16 × 16 patch size with L = 10) achieves 
the highest accuracy (0.92) and F1-score (0.90), highlighting 
a balance between model complexity and computational effi-
ciency.

The best setup is one that compromises expression depth 
and compute cost, that is, a patch size that is smaller and a 
moderate layer depth.

o Patch size significantly affects performance:
•	 Models using 16 × 16 patches consistently outperform 

those using 32 × 32 patches in both accuracy and F1-
score.

•	 This suggested that smaller patches capture finer image 
details, which is important for medical image classifi-
cation.

o Model depth (number of layers) also improves perfor-
mance:

•	 Increasing depth from 8 to 12 layers leads to better re-
sults for both patch sizes.

•	 This indicated that deeper models can learn more com-
plex feature representations.

o The best performing configuration is:
•	 16 × 16 patch size with depth 10, achieving the highest 

accuracy (0.92) and F1-score (0.90).
Larger patch sizes (32 × 32) result in lower performance due 

to loss of detailed spatial information. Overall, the findings 
showed that a smaller patch size combined with an optimal 
depth leads to the best model performance, highlighting the 
importance of balancing resolution and model complexity.

Prediction Interpretability and Output Examples:
In order to further confirm the predictive confidence and 

qualitative interpretability of the model, we visualize some of 
the high-confidence predictions in the test set. Figure 8 repre-
sented a prediction with a 99.98% confidence of a malignant 
case.

The model predicted the CT scan as a malignant case with 
extremely high confidence (99.98%), indicating strong cer-
tainty in its classification. The scan showed irregular, dense 
opacities and abnormal masses within the lung region, which 
are characteristic features of malignant tumors. The presence 
of heterogeneous textures and poorly defined boundaries fur-
ther supports the malignant diagnosis. The high confidence 
score suggests that the model has clearly identified discrimi-
native features associated with cancerous tissue. This example 
demonstrated the model’s ability to accurately detect and clas-
sify malignant cases, which is critical for early diagnosis and 
clinical decision-making.

All these outputs are indicators of the model being able to 
classify as well as provide high-confidence estimates, both of 
which are essential in clinical acceptance and decision-making 
processes. The gradients in intensity are smooth, and the tumor 
localities are well-defined, which helps the attention mecha-
nisms to target the discriminating areas successfully.

�   Conclusion and Future Work
This research paper proposed a ViT-based methodology for 

automatic classification of lung cancer on CT image data. Fig-
ure 9 represents a representative chest CT slice classified by the 
model as a benign case with a predicted confidence of 99.83%. 
The image shows well-defined lung structures without irreg-
ular or invasive features typically associated with malignancy.
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Figure 8: The result of the model prediction for a CT scan image classified 
as a malignant case is a confidence score of 99.98%. The image illustrates the 
model’s ability to accurately identify abnormal lung regions associated with 
malignancy, demonstrating high confidence in its classification output.

Figure 9: The output of the model prediction for a CT scan image classified 
as a benign case has a confidence score of 99.83%. The image highlights the 
model’s ability to identify non-malignant features within the lung region, 
indicating high confidence in distinguishing benign abnormalities from other 
classes.

Table 3: Comparative performance of the proposed Vision Transformer 
(ViT) model against baseline and state-of-the-art models for CT image 
classification. The table reports accuracy, F1-score, and AUC for each model, 
including a CNN baseline, LViT, and LCDViT.
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The model predicted the CT scan as a benign case with 
very high confidence (99.83%), indicating strong reliabili-
ty in its classification. The lung region showed localized and 
well-defined structures, without the aggressive, irregular mass-
es typically seen in malignant cases. The tissue appearance is 
relatively uniform and less heterogeneous, suggesting non-can-
cerous characteristics. There were no clear signs of widespread 
abnormal growth or invasion, which supports a benign inter-
pretation. The high confidence score indicated that the model 
successfully identifies subtle features that distinguish benign 
from malignant and normal cases. Overall, this example 
demonstrated the model’s ability to accurately recognize be-
nign conditions, which is important for avoiding unnecessary 
clinical intervention.

Exploiting the mechanism of self-attention that transformer 
architectures possess, the proposed model was more effective 
in learning global contextual dependencies among pulmonary 
structures, which can be ineffective with conventional convo-
lutional models. To promote the reliability and transparency of 
the diagnostics, the pipeline combined advanced preprocessing, 
patch-wise tokenization, and interpretability.

Wide-scale experiments on a labeled CT scan dataset also 
showed that the proposed model was more effective than 
baseline CNNs and recent models based on transformers in a 
variety of evaluation metrics. It was found to have a macro-av-
erage accuracy of 92%, a macro-average F1-score of 83%, and 
an AUC of 98%, which is considered to have good generaliza-
tion between benign, malignant, and normal. The confusion 
matrix and ROC analysis also confirmed that the model can 
discriminate between diagnostically similar cases, particularly 
between benign and normal CT presentations.

The model also performed well on unseen samples, generat-
ing predictions with high confidence, along with quantitative 
benchmarks, which is another positive sign that the model can 
be utilized in the real-world setting. The Ablation studies were 
able to demonstrate the importance of patch size and trans-
former depth in the performance of classification, which can be 
used practically to renovate the design in the future.

From a clinical implementation standpoint, the proposed 
model shows promise as a decision-support tool that could 
assist radiologists in triaging CT scans, particularly for flag-
ging high-confidence malignant cases for priority review. 
The high AUC (0.98) and strong malignant-class recall sug-
gest the model could meaningfully reduce missed detections 
in screening workflows. However, deployment in real clin-
ical environments would require prospective validation on 
multi-institutional datasets, integration with existing PACS 
infrastructure, and regulatory review. The model's attention 
maps offer a preliminary basis for explainability, though further 
work is needed to correlate attention activations with estab-
lished radiological findings before clinical adoption can be 
recommended. The modern approach has its limitations, even 
though it has certain advantages. The model was based on a 
mid-sized, class-imbalanced dataset, which can affect the per-
formance of underrepresented groups of cases, such as benign 
ones. Besides, although the attention maps do provide some 
interpretability, additional studies are necessary to align the at-

tention maps with domain-specific radiological characteristics 
to build clinical trust.

The research would be improved in the future by focusing on 
these limitations in a variety of ways. To start with, we aimed to 
include multimodal data, such as histopathological images and 
patient metadata, to add to the context of diagnosis. Second, a 
self-supervised and semi-supervised learning paradigm could 
be used to mitigate the reliance on labeled data. Third, we 
studied the variations of lightweight transformers and mod-
el compression methods that are hardware-sensitive to enable 
implementation in the resource-limited clinical setting. Lastly, 
cross-institutional datasets were also sought to support clinical 
validation to evaluate generalizability and strength in different 
populations.

To summarize, the presented work contributed to a new, 
interpretable, and high-performing ViT-based lung cancer 
classification solution, which will provide a foundation for a 
scalable, AI-assisted diagnostic aid in thoracic cancer cases.
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