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Accurate and timely malignancy categorization of pulmonary nodules in
computed tomography (CT) images is critical for Health Information
Technology, directly impacting clinical decision support systems and patient
prognosis in lung cancer management and patient prognosis in lung cancer
management. Although Convolutional Neural Networks (CNNs) are the
standard, their local inductive bias can make them weak with regard to the
modelling of the long-range, global contextual dependencies of medical
images. While we recognize the natural restriction of evaluating 2D axial
slices instead of full 3D volumetric data. This paper evaluates the
effectiveness of a pre-trained self-supervised Vision Transformer (ViT)
model to classify binary lung nodules, and leveraging the model's global self-
attention mechanism to extract complex morphological features. Using a
rigorously curated cohort of 2186 pulmonary nodule instances from the
public LIDC-IDRI dataset, we preprocessed data via windowing,
normalization, and resizing to 224x224 pixels. A ViT-Base model, pre-
trained on ImageNet-2 1k, was fine-tuned and evaluated against a strong CNN
baseline (DenseNet-121) using five-fold cross-validation. The ViT model
achieved a superior F1-score of 0.891 (+0.018) and a mean AUC-ROC of
0.945 (£0.012) on the held-out test set. The results demonstrate that the
Vision Transformer architecture presents a highly effective framework for
this diagnostic task within HIT, surpassing traditional CNN-based
approaches. Future work will focus on integrating 3D spatial information
across multiple CT slices to further enhance model performance and clinical
utility.
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1. INTRODUCTION

Lung cancer remains the leading cause of cancer-related mortality worldwide, accounting for
approximately 2.2 million new cases are diagnosed and 1. 8 million deaths occur every year [1][2]. Early and
accurate diagnosis of malignant pulmonary nodules is a key aspect of enhancing patient survival rates because
the treatment is effective to a greater degree when the disease is at an early stage [3][4]. In clinical practice,
early and accurate risk stratification of pulmonary nodules detected by low, dose computed tomography
(LDCT) is very important, because stage I non, small cell lung cancer (NSCLC) has a 5, year survival rate
of 6892%, while stage IV disease only 10% [5]. But the next radiological interpretation of such scans is a major
challenge [6]. The task includes distinguishing between benign and malignant nodules is a complex and time-
consuming task, often prone to high inter-observer variability among radiologists [7] Significant screening
studies highlight the clinical importance of early diagnosis; one example is the NLST demonstrating that, after
20% reduction in mortality due to lung cancer, there was a 20% reduction in mortality due to low dose CT
screening. Nevertheless, the broad introduction of LDCT has drastically multiplied the number of nodules that
need specialists' radiological interpretation, thus creating a significant burden on the workflow and leading to
inter, observer variability rates of 10-30% in the assessment of nodule malignancy [8].

To create a more consistent approach to clinical management, Lung Imaging Reporting and Data System
(Lung, RADS) developed by the American College of Radiology and the Fleischner Society guidelines offer
evidence, based working models for nodule classification, follow, up time intervals, and intervention decision
levels [9]. In order to overcome these, this area has experienced a high level of maturity in terms of computer
aided diagnostic (CAD) systems, which embodies a gradual anomaly of the algorithm, to act as a second reader,
to help the radiologists by automating the initial nodule resection and category procedure [10][11]. In the past
decade, deep learning has dominated the evolution of computer-aided diagnostic systems, with CNN-based
systems becoming the standard. Some of the most successful architectures are U-Net, ResNet, and DenseNet
which have already displayed outstanding results in separating nodules versus the lung parenchyma as well as
the classification of nodules in terms of risk of malignancy [12]. The primary strength of these models is their
hierarchical form determined by the inductive biases to ensure stability to translation and locality. This enables
extraction of hierarchical structured spatial features, starting at the fundamental element of edges and textures
up to the more complicated morphological patterns [13]. The main Shortcoming of CNN based models is their
inductive bias on local features and it takes multiple layers to generalize a global contextual representation
[14]. This architectural bias has the potential to impede the direct modelling of long-range spatial constraints
which cut through a CT scan. This deficit is of critical importance to diagnostic tasks, where correct
classification of a nodule may often require the incorporation of contextual information of anatomically remote
landmarks, such as the pleura lining or surrounding bronchial anatomy [15].

Recently, the introduction of Vision Transformers (ViTs), equipped with their global self, attention
mechanism, is a major change in model architecture, as it allows the earliest network layers to be informed by
the entire image context [16][17]. One of the most significant developments of the architecture of Vision
Transformer is that the self-attention mechanism has been successfully applied to the computer-visual domain,
thus leaving behind convolutsion-based models [18]. The strategy involves the division of an image into a
series of non-overlapping flattened patches which form input token sequence to a Transformer encoder [19].
In essence, through the mechanism of self-attention the model is able to concurrently and weighted aggregate
all patches thus giving the system an overarching, data-driven receptive field at the outset and enables large-
scale spatial interactions [18]. This capacity for comprehensive, global-context analysis is particularly crucial
in medical imaging is extremely crucial in the field of medical imaging, in which the diagnostically important
information often covers the full field of view and requires simultaneous correlation [20]. Vision Transformers
architectures have demonstrated significant promise when adapted to a variety of clinical tasks, which confirms
their usefulness in computational medicine [21]. Yet, the relative merits of Vision Transformers in classifying
nodular malignancy, particularly in comparison to established CNN structures, is yet to be decisively
established and it still makes the subject matter of recent studies [22].

2. RELATED WORK

The wider architectural evolution in deep learning models has influenced the development of CAD
systems for lung nodule classification. This analysis describes this evolution, highlighting the shifting
paradigms in feature extraction and contextual modeling from the CNN-dominated era to the current
investigation of ViTs. This study's analytical scope is deliberately circumscribed to computed tomography
(CT) imaging, thereby establishing a defined context for the investigation.
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2.1. The Established Role and Evolution of CNNs in Pulmonary CT Analysis

Convolutional neural networks represent the methodological basis of the area of computed tomography
in pulmonary medicine. Their rise to this status can be mostly explained by an intrinsic inductive bias to process
spatial hierarchies of imaging information [23]. As a result, the traditional frameworks, e.g., the DenseNet and
ResNet, have traditionally been optimized to meet the major clinical requirements, e.g., the localization of
pulmonary nodules and the further stratification of the risk of their malignancy [24]. According to the latest
literature, there have been many examples of successful performances of both 2-dimensional and 3-
dimensional implementation of CNNs that can successfully learn the discriminative features with the nodule
texture, density, and morphology [25].

One of the known drawbacks of typical convolutional operations, however, is that they have a small
receptive field, which can limit the ability of a model to incorporate contextual information. To curb this
shortcoming, the discipline has taken strategic adoption of attention mechanisms. The first attempts used
channel-wise attention to dynamically recapitulate the significance of feature maps [26]. The next step in the
direction of this is the creation of spatial attention gates, which not only improve the performance of CNNs in
diagnostic tasks but also create a comparable analytical operation that is closer to the subtle, feature-focused
reasoning of radiologists [27]. The next level of the basic CNNs is the creation of the spatial attention gates,
which not only enhance their performance on the diagnostic tasks but also help to create an analogous analytical
process, similar to the fine-tuned, feature-centric reasoning of radiologists [28]. Table 1 visualize the proposed
model compared with most relevant studies.

Table 1. Common ML models in Early Prediction of Thalassemia

Relevant Study Study Architecture Dataset Utilized Study Outcome
[18] 3D CNN attention LIDC-IDRI Improve sensitivity with attention
gates
[29] Hybrid CNN-Transformer  Private CT dataset =~ Modest Improvement over pure CNN
[19] SLR Multiple Datasets Inconclusive Superiority
This Study VIT & Transform Learning LIDC-IDRI Explicit comparison with controlled
condition

2.2. The Application of Transformer Architectures in Medical Image Analysis

The introduction of the Transformer architecture with its self-attention mechanism is a substantive
innovation in natural language processing, in part due to its ability to model the global context. Later on, the
innovation triggered a paradigm shift in the computer vision field with the emergence of the Vision
Transformer (ViT) [30]. The key idea behind ViT is a strategic break with the spatially local biases that have
always been enshrined in convolutional networks, instead, it promotes a model that learns representations of
visual representations as directly as possible via sequences of patches of images, thus making a model that
learns a globally comprehensive receptive field, data-driven in nature [21],[31].

The above long range dependence modeling ability was quickly realized in the field of medical imaging
to have immense diagnostic value [32]. It provides a possible scheme of capture of complex, distal structural
relationships in an image, such as the diagnostic interaction between a nodule in the lung and remote pleural
structures, which is frequently central to correct interpretation but introduces integration difficulties to
convolutional networks [33].

The first studies of the usage of Vision Transformers in the classification of medical images as presented
in original work supported this possibility [34]. However, they revealed clear Shortcomings when applied in
particular applications, like characterizing the lung nodules using the data of computed tomography (CT). The
main issue is that the architecture requires large datasets to offset its reliance on a priori spatial assumptions
[35]. Moreover, the computational requirements of implementing the self-attention mechanisms on high-
resolution and multi-slice CT volumes are a major practical limitation [36]. In response to these problems,
more recent studies have focused more on creating more efficient and hybrid systems combining the benefits
of convolutional feature extraction with a global contextual ability of self-attention, tailoring the process to the
special needs of medical data [37].

Numerous studies compare CNN vs. Transformer in the context of lung nodule classification. Here are
four significant ones: Zhang et al. (2024), A Comprehensive Comparison of Vision Transformers and
Convolutional Neural Networks for Pulmonary Nodule Classification in CT scans [38]. Chen et al. (2023)
propose transformer, based Models for 3D Medical Image Analysis [20]. Wang et al. (2024), report that Vision
Transformers Outperform CNNs in Medical Imaging analyzing [19]. Li et al. (2023), propose an efficient ViT
for Medical Image Classification [20].
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2.3. A Comparative Analysis of CNNs and ViTs for Pulmonary Nodule Detection

The comparison of the performance between Convolutional Neural Networks (CNNs) and Vision
Transformers (ViTs) in the classification of pulmonary nodules is an open field of study in the modern literature
[39]. Results of direct comparative studies are also equivocal. Some studies have shown that large scale pre-
training and high-end regularization by means of Vision Transformers is capable of superior discriminative
performance, in terms of the Area Under the Curve (AUC), allegedly by modeling less complex contextual
interactions in computed tomography (CT) imagery [40]. On the other hand, other empirical evidence indicates
that optimized CNN architectures are still very competitive even in cases of the limited dataset sizes, which is
further enhanced by meticulous optimization [30]. This lack of a clear best model can be seen in recent
systematic reviews which find that the best architectural design depends on the particular experimental
circumstances, such as the quantity of data to pre-train, and the fineness of the diagnostic goal. Therefore, the
issue is not one of pure supremacy, but rather of formulating the circumstances of each architecture winning
the day.

Considering the abovementioned observations, there is a major gap in the literature: no one has performed
a controlled, rigorous study that compares the modern Vision Transformers with strong CNN baselines in lung
nodule malignancy classification in CT scans using the present transfer-learning settings. The use of old models
or datasets that have a low clinical relevance often compromises the previous comparisons. Another
translational obstacle is the under-investigated interpretability of ViT, as the focus on the attention-based
explanations has not been well-founded regarding the clinical aspects.

2.4. Identified Research Gap and Contribution

Medical imaging applications of Vision Transformers (ViTs) have been gaining momentum; however,
the existing literature still has a notable methodological sore point, namely, the lack of stringent, controlled,
and clear systematic comparisons of pre, trained ViTs versus established CNN baselines for the task of binary
lung nodule malignancy classification with CT data under the same experimental conditions. Single or several
of these issues are present in previous works: (1) different preprocessing pipelines, (2) dataset splits being
inconsistent, (3) no transfer learning protocols, (4) lack of statistical validation, and/or (5) the absence of a
comparison with powerful CNN baselines. Here, we fill these gaps by employing a tightly controlled
experimental procedure that allows for a fair competition between models and also sheds light on the
circumstances under which ViTs might bring about better results compared to CNNs in this particular
diagnostic challenge.

3. MATERIAL AND METHOD
3.1. Vision Transformer Architecture for Nodule Classification

Convolutional Neural Networks (CNNs) have traditionally been the mainstay of medical image analysis
[33]. However, their strong bias towards the extraction of local features makes them less capable of modeling
long, range contextual dependencies that are essential for diagnostic tasks [41]. A precise diagnosis of
pulmonary nodule malignancy requires not only the detection of local morphological changes (e.g. spiculation,
internal density) but also the evaluation of global anatomical context such as the nodule pleura, nodule vessels,
and nodule bronchi relationships [19],[42]. The Vision Transformer (ViT) architecture is a game changer as it
uses a self, attention mechanism that allows all parts of the image to directly and globally interact with each
other even from the first layers [43]. consequently, we explain how we have adapted the ViT architecture,
highlighting specifically its relevance, changes, and compromises for CT, based lung nodule classification.

3.2. Patch Embedding and the Challenge of Anatomical Continuity

The conventional ViT method essentially splits a whole image into a number of equally sized patches,
such as 1616 pixels [44]. These image patches are then mapped linearly to a latent embedding space. For
medical images, a key issue is that such patch, based segmentation of images could easily split continuous
anatomical structures and the boundaries of ailments, e.g., a mildly diffused edge between a ground, glass
nodule and the surrounding lung tissue. Therefore, we chose the patch size of 1616 pixels very cautiously for
our input images of 224224 in order to reconcile the contradictory requirements of purely local feature
preservation and exploiting the broader anatomical context of the local patch [45]. This patch size helps the
model to capture intra, nodule textures and other structural characteristics. It is a middle ground on the one
hand, it is small enough to enable the model to recognize the smallest details inside small nodules whose sizes
can be down to 3, 4 mm or ~20, 30 pixels in diameter at our working resolution, and, on the other hand, it is
big enough to provide each patch with a certain local context and, at the same time, not to drain the
computational resources. Most importantly, the self, attention mechanism of the model is the integration point
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of this disjointed information through the learning of the dependencies between the patches that together make
up a single nodule or the anatomical surroundings of the nodule [46].

3.3. Positional Encoding of Anatomically Structured Data

Chest CT scans have a strong consistent anatomical topology unlike natural images where object positions
are highly variable [47]. The lungs, mediastinum, and chest wall kept predictable relative positions. Standard
ViTs use learnable 1D positional embeddings to give the model the information about the sequence order. For
our task, these embeddings need to represent the 2D spatial layout of patches within the axial plane [48]. We
used the standard learnable positional embeddings, which gave the model the ability to learn the spatial
relationships that are relevant to our specific dataset. Nevertheless, we realize that more advanced 2D, aware
or relative positional encodings might capture the invariant anatomical layout of chest CTs even better, an idea
we pointed out for the future. Our present system has been able to learn the association between specific spatial
areas (such as peripheral vs. central lung zones) and different diagnostic contexts. The general structure of the
Vision Transformer model is shown in Figure 1.

Transformer Encoder

Vision Transformer (ViT)

Transformer Encoder
Patch + Position

== g dddild ded

Linear projection of Flattened Patches

P L A

Embedded Patches

Figure 1. Vision Transformer Model Architecture

3.4. The Self Attention Mechanism

The central element of ViT is the Multi, Head Self, Attention (MSA) that characterizes each Transformer
encoder layer. Considering a certain patch (or "token"), self, attention decides the weighted average of the
representations of all the other patches in the picture. The weights of the attention are parameters of the model
and indicate how much attention is given to other patches when the current one is encoded. Consequently, the
model is a perfect match for our diagnostic purpose:

3.4.1. Pleural Correlation

A nodule in contact with the pleura may reveal some unique malignant features (for instance, pleural tail).
If at all, a CNN can only get to know this relation after several pooling layers. ViT's attention mechanism is
able to simply and straightforwardly connect a patch with part of the nodule to patches that characterize the
pleural line even though they are far away, all within just one layer.

3.4.2. Vessel Convergence

Malignant nodules frequently lure vasculature which is then twisted. The model having a global receptive
field may relate a central nodule patch to patches which have converging vessels from different directions at
the same time, thus accounting for a complex radiological sign altogether. Here, ViT is capable of global
contextual reasoning right from the first layer which is an entirely different scenario from CNNs where such a
wide receptive field is only obtained gradually through the deep stacking of convolution and pooling
operations.

3.4.3. Model Selection

Based on the empirical evaluation of the trade, off between model capacity, computational cost, and
performance on our dataset (~2, 200 samples), we decided the ViT, Base setting (12 layers, 768 hidden
dimensions, 12 attention heads) was the most appropriate. In addition, the clarifications of the proposed model.
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1. Source Data: LIDC, IDRI is a dataset that comprises of 1, 018 CT studies with slice thickness ranging
from 1.25 to 3.0 mm.

2. Nodule Selection: Our carefully selected sub, group of 2, 186 nodules was gathered by applying
inclusion criteria (nodules >= 3mm with malignancy ratings from at least 3 radiologists).

3. Patch Generation: For each nodule, a bounding box was applied, and the area was cropped and then
resized to 224224 pixels Augmentation:

3.5. The Proposed Model Development

The proposed ViT-based model consists of six fundamental stages: data (image) acquisition, data
preprocessing, data partitioning into training and testing sets, inputting the training data into the Vision
Transformer (ViT), the classification phase, and finally, the evaluation phase. Figure 2 provides a detailed
illustration of the main stages of the proposed model. The subsequent subsections provide a detailed description
of each stage of the proposed model.

Data Collection Phase | Preprocessing Phase ProcessingPhase Transformer Phase I Classification Phase Evaluation Phase

Augmentation 15%Testing Recall

— ;
—
Image Cropping 70%Training
Non-Small Cell Lung
Vision Transformer Cancer
LIDC-IDRI > Image Resizing > 15%Validation —> Architecture — L
L Small Cell Lung Cancer

) SESIE g

Figure 2. Vision Transformer Model Workflow

3.5.1. Data Collection

The dataset in this research is from the public LIDC, IDRI (Lung Image Database Consortium and Image
Database Resource Initiative) which has 1018 thoracic CT scan studies in total. We took 2186 pulmonary
nodule cases from that collection and went through them. We use patch extraction and data augmentation
methodologies to process these cases and come up with 244, 527 image patches for training and testing of the
model. 2, 186 nodules represent single pulmonary nodules while 244, 527 images are the augmented and
patched versions used for deep learning model training.

3.5.2. Data Preprocessing
The preprocessing step is a preliminary part in the development of a sound and generalizable classifier.

The above methodological procedures are essential towards normalizing input data, dampening the effects of

noise and other extraneous artifacts, and, thus, improving the predictive power of the model [34]. A well-

designed pre-processing pipeline is very essential in protecting data quality and integrity, which are vital to the
validity and reliability of the computational methodology [35]. The framework implemented consists of three
distinct sub-processes, which are image cropping, dimensional resizing and data augmentation.

e Image Cropping: To mitigate unnecessary computational overhead and enhance feature relevance, pre-
processing must address the non-informative regions prevalent in medical images, such as empty space
and homogeneous backgrounds [49]. These areas contain no diagnostically useful information and may
introduce confounding noise that hinders model generalization [50].

e Image Resizing: This operation standardizes all images to a fixed spatial resolution of 224x224 pixels, a
prerequisite to satisfy the input constraints of the Vision Transformer (ViT) architecture [51]. This
requirement arises from the model's fundamental operation of segmenting the input into a grid of non-
overlapping patches, typically 16x16 pixels in size. Consequently, the image's height and width must be
evenly divisible by this patch dimension. Uniform resizing guarantees dimensional homogeneity across
the dataset, enables computationally efficient batch operations, and preserves the integrity of the patch
embedding sequence. These factors collectively underpin the stability of the training procedure and the
resultant model performance [52].

e  Augmentation: Prior to model training, data augmentation techniques were exclusively applied to the
training subset to artificially expand the effective size of the dataset. This practice is employed to enhance
model generalization, as deep learning architectures typically require a large and diverse set of training
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samples to achieve robust performance and mitigate the risk of overfitting [53]. The augmentation process
generates plausible variations of the original images through a set of label-preserving transformations.
These included geometric manipulations such as horizontal flipping, minor rotations, and translational
shifts, as well as photometric adjustments to brightness and contrast. Critically, due to the sensitive nature
of medical imaging data, all transformations were constrained to ensure the preservation of clinically
relevant, pathological features. Any operation with the potential to distort subtle diagnostic indicators was
deliberately excluded.

3.5.3. Processing Phase

A stringent protocol of data splitting was used, according to which training 70%, validation 15 and test
set 15 were used in the dataset. The training set was used to learn models, the validation set was used to change
hyperparameters and provide early stopping, and the test set was used completely independent of the training
process to give final and unbiased results of the overall performance of the model on generalization. This
strategy is critical to ensure that overfitting is avoided as well as to ensure that the metrics giving the result are
a true reflection of the generalizable performance of the model. Figure 3 outlines the steps to be followed in
training and assessing the ViT framework.

Start
Y
LIDC-IDRI
Dataset
__________________ l I SR l
#  Training 70 % ~ Validation 15 % Testing 15 %
Y
No ViT Model X

Y

Trained ViT Model

If
Accuracy Satisfied

L Accuracy
- Precision
Evaluation = i
F1-Score
- Recall

Figure 3. Training and Testing Process of the Proposed ViT Model

4. RESULT AND DISCUSSION
This article presents the experimental findings and analytical validation of the suggested Vision
Transformer model, assessing its ability to differentiate between benign and malignant lung nodules. The
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findings, model interpretability, and possible limitations are thoroughly discussed after the results are
methodically compared against a robust DenseNet-121 baseline.

4.1. Experimental Results

The diagnostic performance of a refined ViT-Base architecture was quantitatively compared to a
DenseNet-121 baseline using a comprehensive five-fold cross-validation process applied to a carefully selected
cohort of 2,186 pulmonary nodule instances to thoroughly benchmark the proposed framework. The models
were evaluated based on several key metrics to ensure a robust comparison. Table 2 summarizes the
experimental results, which are presented as mean values with corresponding standard deviations obtained
from the cross-validation folds.

As indicated from Table 2, The proposed ViT model outperformed the DenseNet-121 baseline (AUC-
ROC = 0.921) with a higher mean AUC-ROC of 0.945. This primary finding suggests that the ViT model
exhibits superior capability in distinguishing between benign and malignant nodules between benign and
malignant nodules across all classification thresholds. Additionally, the ViT model consistently outperformed
all other reported metrics, such as sensitivity (0.902 vs. 0.873), the value of was F1-score (0.891 vs. 0.862),
and the accuracy (0.917 vs. 0.889). With DenseNet-121 showing a slight, statistically insignificant advantage
(0.931 vs. 0.928), the specificity of the two models was similar.

Table 2. Overall Evaluation of the Proposed ViT with DenseNet-121 Baseline

Deep Based Model Balanced Accuracy Sensitivity F1-Score Specificity AUC-ROC
ViT-Base (Proposed) 3D CNN attention 0917 +0.014 0.902+0.016 0.891+0.018 0.928 +£0.015
DenseNet-121 (Baseline)  Hybrid CNN-Transformer  0.889 + 0.019 N/A 0.862 +0.021  0.931+0.013

4.2. Discussion
4.2.1. Performance Evaluation and Interpretation

The observed performance advantage of the Vision Transformer (ViT) architecture can be largely
explained by its natural ability for global contextual understanding through self, attention mechanisms.
Convolutional neural networks (CNNs) require a series of pooling operations to gradually enlarge the receptive
fields while ViT is able to handle all image patches together in parallel, thus allowing to capture long, range
dependencies right at the beginning [14],[41]. Such a property of the architecture is very helpful in the
pulmonary nodule malignancy assessment task since in reality nodule diagnosis mostly relies on complex
morphological correlations involving a nodule and distant anatomical landmarks like pleural attachments,
vessel convergence, or mediastinal interfaces, etc., which are difficult enough for CNNss to integrate as a whole.
The ViT's higher sensitivity of 0.902 against 0.873 for DenseNet, 121 is a clinically rather significant gain,
especially in screening situations where missing a positive case could have serious consequences for a patient's
prognosis. On the other hand, the DenseNet, 121 baseline has a little better specificity (0.931 vs. 0.928), which
indicates the model is very good at detecting true negatives.

4.2.2. Critical Analysis of Class Imbalance

The LIDC, IDRI dataset is highly imbalanced, with benign nodules substantially outnumbering malignant
cases (roughly 70:30 ratio in our curated subset). Such imbalance in the data calls for some considerations
about the evaluation of the model. It is important to note that both models have very high specificity, but this
metric by itself cannot separate true discrimination capacity from a mere majority class bias. In order to resolve
this issue thoroughly, we show in Table 3 some extra evaluation metrics that provide more information when
the conditions are imbalanced.

Table 3. Performance Metrics Accounting for Class Imbalance

Model Balnanced Accuracy Mathews Correlation Coffecient (MCC) F2-Score AUC
Proposed ViT 0.915+£0.013 0.831 = 0.021 0.908+0.016  0.928+0.014
DenseNet-121 0.892+£0.017 0.789 £ 0.025 0.881+0.019  0.903 +0.018

The ViT model is clearly better when it comes to all the imbalance, aware metrics. To give a balanced
example, even when the two classes are unbalanced, the Matthews Correlation Coefficient (MCC) still a
statistically significant advantage of the transformer model over the CNN one has been found (0.831 vs. 0.789,
p < 0.05). Moreover, Precision, Recall AUC, which provides more useful information than ROC, AUC in the
case of class imbalance, is on the side of the ViT model (0.928 vs. 0.903). The F2, score, which concentrates
more on recall than on precision, is also another proof of the ViT's improved ability to correctly detect
malignant cases even when they are the least represented class in the dataset. The good result of the DenseNet-
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121 baseline also confirms the usefulness of deep convolutional architecture in this task, and it can be
considered a strong benchmark. It has a high specificity and this implies a high degree of reliability in the
correct rejection of benign nodules. Nevertheless, the more balanced performance of the ViT in most of the
metrics, particularly the statistically significant increase in the AUC-ROC and F1-score, highlight the potential
of the ViT to be a more potent producer of an architecture in this particular domain.

4.2.3. Interpretability Through Attention Visualization

A significant advantage of the Transformer architecture is its inherent interpretability. By visualizing the
self-attention maps from the final encoder layer, we can glean insights into the model's decision-making
process as shown in Figure 4. As indicated of Figure 4, a close examination of attention maps indicates that for
malignant nodules which were rightly identified, the model mainly zeroes in on cancer diagnostic relevant
areas such as spiculated margins, internal texture heterogeneities, and via pleural surfaces (Figure 4(A)). On
the other hand, for benign nodules, attention is either scattered across the whole nodule or focused on features
like smooth margins and homogeneous internal density (Figure 4(B)). On the one hand, the model's attention
also reveals its vulnerability. False negative examples (Figure 4(C)) show how the attention is moving towards
different anatomical structures like vessels and airways instead of picking up subtle cancerous features. This
kind of pattern indicates that sometimes the model gets the attention caught at prominent but non, diagnostic
features of the images. On the contrary, in false positive cases (Figure 4(D)), the model might put too much
weight on benign irregularities or inflammatory changes that is misinterpreted as malignancy markers. Table
4 visualize quantitative analysis of attention patterns.

- A . 79 \ <
v Chﬁct Malighant Classificati'_oﬁ

() False Negative Case XX False Positive Case

Figure 4. Attention Map Visualization for ViT Model

Table 4. Quantitative Analysis of Attention Patterns.

Mean IoU with % Attention on % Attention on .
Case Type N Radiology Masks Nodule Background Attention Entropy
Entropy True Positive ., 0.72 40.11 68.4+9.2 18.346.7 2.1 +04
Malignant
Entropy True Positive | g 0.65£0.13 542+10.1 328489 28 0.5
Benign
False Negative 23 0.28 £0.09 23.1+4.7 61.2+11.3 34 +£0.6
False Positive 31 0.31 £0.10 29.5+8.1 58.7+10.8 32 +0.5

5. LIMITATIONS AND FUTURE WORK

Even though the results indicate strong potential, the generalizability of the conclusions is tempered by
certain limitations inherent in the study's design. First, the use of 2D patches from the axial plane discards
potentially valuable 3D spatial information and texture features available in the coronal and sagittal planes or
across adjacent slices. In future direction, the authors plan will tend to developing a full 3D ViT architecture

Aya Ahmed Hashim (A Comparative Study of Vision Transformers and Convolutional Neural Networks for
Lung Nodule Malignancy Classification in CT Imaging)



950 Buletin Ilmiah Sarjana Teknik Elektro ISSN: 2685-9572
Vol. 8, No. 4, August 2026, pp. 941-953

to leverage the volumetric nature of CT data fully. Second, while the LIDC-IDRI dataset is a valuable public
resource, its annotations are based on subjective radiologist assessments. Incorporating histopathological
confirmed ground truth labels could further validate the model's performance. Finally, the computational cost
of training and fine-tuning large ViT models remains non-trivial. Exploring more efficient attention
mechanisms or distillation techniques could enhance the practical deploy ability of such models in clinical
settings.

6. CONCLUSION

This study successfully demonstrated the efficacy of a Vision Transformer architecture for binary
classification of lung-nodule malignancy in CT scans. The ViT model significantly outperformed a strong
DenseNet-121 CNN baseline, achieving a mean AUC-ROC of 0.945. For comparison, the DenseNet-121
baseline model achieved an AUC-ROC of 0.921 (+0.015). The higher AUC-ROC of the ViT model
demonstrates its superior performance in distinctive between the two classes “benign and malignant lung
nodules”. ViT global self-attention mechanism was effective in the process of capturing long-range
dependencies within the image data and resulted in the enhanced diagnostic accuracy. Interpretability of the
model was further increased by the visualization of attention that provided qualitatively convincing evidence
that the learned representations are morphologically relevant diagnostic cues. These results firmly indicate that
Vision Transformers are currently a very promising future of the next generation of computer-aided diagnosis
systems in the field of radiology, and it may help in the early and accurate diagnosis of lung cancer.

The Vision Transformer (ViT) model showed better accuracy in the task of classifying the lung nodule
malignancy when compared to the previous model by not only achieving better AUC, ROC (0.945 vs. 0.921)
but also obtaining the advantages of imbalance, aware metrics such as MCC (0.831 vs. 0.789) and Precision,
Recall AUC (0.928 vs. 0.903). The interpretability of the model can be better understood by attention
visualization, however, dismantling the model's focus pattern through a critical lens uncovers both the strengths
and the weaknesses of it. The transformer's global self, attention mechanism makes it possible to identify the
long, term relationships which are valuable in assessing the malignancy, however, the model getting distracted
occasionally by features that are not diagnostic signals indicates that there is a need for further refinement.
Such results relegate the Vision Transformers (ViTs) to be the outstanding candidates for the bases of the CAD
systems of the next generation, if special attention is given to the problem of class imbalance which is typical
of medical imaging datasets.
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