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Abstract- Lung cancer is the leading cause of cancer-related deaths worldwide, with early diagnosis often hindered by
morphological variations in histopathological images. The main problem is the difficulty in accurately and rapidly
distinguishing cancer types such as adenocarcinoma and squamous cell carcinoma from benign tissue. This research processes
histopathological images as input to produce a three-class classification: adenocarcinoma, squamous cell carcinoma, and benign
tissue. Early detection of lung cancer can improve survival rates by up to 50%, but manual diagnosis by pathologists depends
on subjective experience, causing errors of up to 20% in ambiguous cases. For example, in developing countries like Indonesia,
the shortage of pathologists exacerbates treatment delays. This gap demands a reliable automated approach to support more
timely clinical decisions. The developed solution involves implementing Vision Transformer (ViT) with two different
architectures: ViT-B/16 (base model with 86 million parameters) and ViT-L/16 (large model with 304 million parameters).
Histopathological images are processed through normalization and patch embedding of 16x16 pixels, then features are
extracted using self-attention mechanism. Models are trained with transfer learning from ImageNet-21k, applying fine- tuning
on lung cancer histopathological images dataset. The process includes data splitting into training (70%), validation (15%), and
testing (15%), as well as data augmentation to improve robustness. The ViT-B/16 model achieved testing accuracy of 98.40%
with F1-score of 0.984, while ViT-L/16 achieved accuracy of 98.18% with F1-score of 0.982. Both models demonstrated
perfect capability in detecting benign tissues (precision 1.00). The average AUC-ROC value reached 0.999 for ViT-B/16 and
0.998 for ViT-L/16, indicating very high discriminative power. The main contribution of this research is a comprehensive
comparison between two scales of Vision Transformer for automated lung cancer diagnosis, proving that the smaller model
(ViT-B/16) can achieve equivalent or better performance with higher computational efficiency.

Keywords: Lung Cancer Classification; Histopathological Image Analysis; Vision Transformer (ViT); Deep Learning in
Medical Imaging; Computer-Aided Diagnosis (CAD)

1. INTRODUCTION

Lung cancer is one of the deadliest diseases in the world, with an estimated 2.21 million new cases and 1.79
million deaths in 2020 according to the World Health Organization (WHO) Global Cancer Observatory
(GLOBOCAN). The disease is the leading cause of cancer death in men and the second leading cause of death in
women, making it a major medical problem [1]. Early and accurate diagnosis is crucial because the choice of
therapy depends on the type of histopathology of the cancer. Histopathological imaging plays an important role in
identifying specific types of cancer through microscopic images of tissues. However, manual interpretation of
these images depends on the expertise of the pathologist, is susceptible to subjective variation, and has a complex
process. Therefore, automate the classification of histopathological images by using Artificial Intelligence (Al)
offers an attractive solution to improve the accuracy and efficiency of diagnosis [2].

Based on previous research on the classification of lung cancer and colon using histopathological images with
the Convolution Neural Network (CNN) shows excellent results with architecture-textures Pre-trained like
MobileNetV2, Squirt201, VGG-19, InceptionRes-NetVV2and EfficientNetB6. MobileNetV2 achieved the highest
accuracy 0f 99.32% and F1 Score 99.2%, as well as the fastest execution time efficiency (3.597 seconds), followed
by Squirt201 (99.12%) and VGG-19 (98,00%). Techniques of regurgitation L1 and L2 applied to prevent
Overfitting while Transfer Learning speed up training and improve computing efficiency. MobileNetV2 proven to
be superior in accuracy, speed, and resource utilization. This approach has great potential for a fast and accurate
automated diagnosis system in medical practice [3].

For more than a decade, Deep Learning Such as Convolutional Neural Network (CNN) has been widely used
for the classification of medical images, but it has limitations to understanding global spatial connections in high-
resolution images. Transform Vision (ViT), provides a new approach by utilizing transformer architectures that
were originally built for natural language processing [4]. Transform Vision Featuring performance is competitive
in image classification in general and is beginning to be adapted for histopathological image analysis. However,
the classification of lung cancer using histopathological images is still relatively limited [2], mainly due to the lack
of studies that utilize Dataset specific and representative such as Lung Cancer (Histopathological Images) images
of various subtypes of lung cancer with data such as adenocarcinoma, Benign and Squamous cell carcinoma [5].

Lung cancer is an urgent global health threat, with rising incidence and death rates, making it one of the
deadliest diseases in the world. Prompt and accurate diagnosis is crucial to improving a patient's chances of
survival, but manual interpretation of histopathological images is often slow, subjective, and relies on the expertise
of a limited number of pathologists [6]. This inconsistency in diagnosis can worsen a patient's prognosis, especially
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in areas with limited access to medical experts. Therefore, the development of artificial intelligence-based
automation methods, such as the Vision Transformer, is very important to overcome these challenges, speed up
the diagnosis process, improve accuracy, and ease the burden on the health system, so it is urgent to be immediately
researched and applied in medical practice [7].

Accurate and reliable diagnosis is essential for determining effective treatment strategies, particularly because
lung cancer subtypes such as adenocarcinoma, benign lesions, and squamous cell carcinoma exhibit distinct
characteristics and therapeutic responses [8]. Successfully applied Vision Transformer for brain tumor
classification based on Magnetic Resonance Imaging (MRI) data, thereby confirming the effectiveness of Vision
Transformers in medical applications [9]. Recent studies have reported that Vision Transformers achieved
accuracy levels of up to 100% in the classification of lung and colon cancers, outperforming conventional
Convolutional Neural Network models [10]. This approach has also received attention in recent reviews, which
highlight the potential of Vision Transformers to improve diagnosis and prognosis in lung cancer [11].

The use of histopathological images in lung cancer plays a crucial role in digital pathology for accurately
diagnosing and determining lung cancer subtypes, such as adenocarcinoma, benign lesions, and squamous cell
carcinoma [8]. This is crucial because each subtype exhibits distinct morphological characteristics, degrees of
malignancy, and differential responses to treatment [12]. Histopathological images are high-resolution digital
images obtained from tissue samples that have undergone specific staining procedures, most commonly using the
Hematoxylin and Eosin (H&E) technique. This method employs two primary dyes: hematoxylin, which has a
strong affinity for nucleic acids and stains cell nuclei in blue to purplish tones, and eosin, an acidophilic dye that
imparts pink to red coloration to the cytoplasm and extracellular matrix. The combination of these stains produces
a sharp visual contrast, making histopathological images highly valuable for identifying tissue structures,
classifying abnormal cells, and detecting early morphological alterations associated with various pathological
conditions, including cancer [13]. Histopathological images contain rich phenotypic information, encompassing
cellular morphological characteristics, tissue organization patterns, and indicators of pathological alterations
associated with a patient’s clinical condition [14]. In clinical practice, these images are used by pathologists to
assess tissue conditions; however, the evaluation process is still largely performed manually and relies heavily on
subjective interpretation. This may lead to inter-observer variability and increased workload [15].

Several studies have investigated deep learning approaches for lung cancer classification using
histopathological images. Kumar et al [16]. proposed an ensemble CNN approach that combines multiple deep
learning models and achieved an accuracy of 97.80%, demonstrating that integrating several architectures can
improve classification performance. lbrahim et al [17]. utilized the EfficientNet-B3 architecture, which is designed
to achieve high accuracy with efficient computational resources, and reported an accuracy of 97.10%. Meanwhile,
Masud et al [18]. developed a custom CNN model trained from scratch, achieving an accuracy of 96.33%. These
studies indicate that CNN-based methods are capable of achieving high classification performance in
histopathological image analysis for lung cancer detection. Therefore, this study aims to develop an automated
lung cancer classification system using the Vision Transformer (ViT) architecture on histopathological images.
Specifically, this research focuses on classifying three categories of lung tissue: adenocarcinoma, squamous cell
carcinoma, and benign tissue. In addition, this study evaluates and compares the performance of two Vision
Transformer architectures, namely ViT-B/16 and ViT-L/16, in terms of classification accuracy, F1-score, and
discriminative capability using AUC-ROC metrics. By analyzing the performance of these two models, this
research seeks to determine whether a smaller transformer architecture can achieve comparable or better
performance while maintaining higher computational efficiency for automated lung cancer diagnosis.

2. RESEARCH METHODOLOGY

The methodology followed during this study includes the important steps in Vision Transformer as shown in Figure
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Figure 1: Research Methodology
2.1 Data Description

The LC25000 dataset comprises 25,000 color histopathological image samples of lung, indicating the presence
or absence of cancer [5]. Dataset contains the types of Histopathological Images adenocarcinoma, Benign and
Squamous cell carcinoma. All data is in the form of image files with a .jpg. 1

Table 1: Variables and Their Descriptions in the Dataset

Variable Description Sum
Adenocarcinoma Lung cancer adenocarcinoma 5000.
Benign benign lung cancer 5000.
Squamous Cell Carcinoma Squamous cell carcinoma cancer 5000.

2.2 Image processing

The image processing stage is a very important stage before the image is input into a model architecture
such as Vision Transformer (ViT). The main goal of this process is to prepare the image to match the model's
input and improve the quality of the data that will be used in the training. The following are commonly used
image processing techniques:

a. Pixel Normalization

Normalization is done by equalizing the scale of the pixel value of the image. The pixel value of a color image

is generally in the range of 0-255. Normalization will change it to a scale between 0-1 (with a division of 255)

or to a center value such as zero (zero-centered), depending on the frame of reference used.

a) Model convergence during training
By normalizing the pixel values to a specific range (e.g. [0, 1] or [1, 1]), the learning process becomes
faster as the distribution of data becomes more balanced and stable. This helps optimization work
more efficiently.

b) Improving numerical stability
Without normalization, pixel values that are too large or too small can cause instability in
computing, such as overflow or underflow, especially when backpropagation.

c) Equalize feature distribution between images
Images from different datasets can have very variable pixel distribution characteristics.
Normalization helps to equalize these distributions so that models can make better generalizations
about diverse data.

b. Resize / Rescale

The original image size often varies, whereas Vision Transformer (ViT) requires input that must be
divided into patches of fixed size, such as 16x16 pixels. Therefore, the image size must be changed to a specific
dimension, such as 224x224 or 384x384 in order for the process to the patch distribution to remain consistent
and consistent on the model architecture.The input structure may be damaged, and the performance of the
model will decrease. which states that all images need to have a fixed size in order to Patching and positional
encoding Can be applied well [4].

c. Patch Extraction

Specifically for Vision Transformer (ViT), images that have been resized are cut into small image chunks
of fixed size, such as 16x16 pixels. Each piece is then flattened into a one-dimensional vector and projected
into the embedding space before being fed to the transformer model [4]. Through this process, ViT is able to
process spatial information through a self-attention mechanism between the patches [19].

2.3 Split Data

The Lung Cancer image dataset (Histopathological Images) used in this study is divided into three
variables, namely Adenocarcinoma, Benign, Squamous Cell Carcinoma. To prevent overfitting to ensure
proper model evaluation, the data is divided into three parts with a certain proportion. A total of 70%
Training, 15% Validation, and 15% Testing. The data sharing process is carried out by stratified split, so that
it is possible to maintain the proportion of data distribution of each variable. The goal is to ensure that the
Training, Validation, and test class representation data are balanced, so that they reflect the overall data
distribution conditions.

2.4 Training
The training stage is the main stage in the development of the Vision Transformer (ViT) method, where
the modeling learns from the input data to produce a representation that is able to classify with high accuracy.
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The training is carried out by modeling images that have gone through the image processing process, so that they
are ready to be used as input data.
a. Image Input to Model

The processed image (resizing, normalizing, and splitting into patches) is then converted into a vector
representation through linear embedding and input into the transformer encoder. Each patch is coupled with
positional embedding so that the model knows the spatial sequence information between patches.
b. Forward Pass

During the forward pass, the input data moves through the layers in the Vision Transformer (ViT). Here, a
mechanism (self-attention) is applied between image patches to understand spatial and semantic relationships.
The output of this stage is the class prediction of the image.
c. Loss Function

In classification tasks, the loss function—usually cross-entropy loss—is used to compare the prediction
output with its actual label. This function calculates how much of a model's prediction error is compared to
the correct label.
d. Backpropagation and Optimizer

In the backpropagation process, the loss value is used to calculate the gradient of the model's parameters (such
as weight and bias). Optimizers (such as Adam or SGD) use this gradient to gradually update the network weight
with the goal of minimizing the loss value.
e. Epoch
Training is given periodically, or a full round, where the entire training dataset is used once. For efficiency, the
data is usually divided into mini batches so that the parameter update process is faster and more stable. In addition,
the model continues to adjust its parameters to improve the classification performance in each epoch [20].
2.5 Validation

The process of evaluating a model on a subset of data that is not used during training but comes from the

same dataset is known as validation. The purpose of validation is to monitor the model's performance during
training and prevent overfitting, i.e. when the model over-memorizes training data and cannot recognize new
patterns.

2.6 Testing and Classification

The model is tested with never-before-seen test data after training is complete. The results of these
tests are measured by performance metrics such as accuracy, precision, F1 Score, and recall. The purpose of
the test was to evaluate the model's ability to generalize new data. This process is crucial to ensure that the
model not only memorizes training data but also learns to recognize patterns.

2.7 Data Augmentation

Data augmentation aims to virtually expand the number of training samples by manipulating the original
image. This technique is important to avoid the risk of overfitting and helps the model to learn more features
in general. Some common augmentation techniques include:

a) Rotation
Rotate the image randomly, e.g. £15¢.
b) Flipping
Flip the image horizontally or vertically.
c) Zooming
Zoom in on specific parts of the image.
d) Cropping
Cropped a portion of the image randomly.
Data Augmentation is commonly used during training (on-the-fly) Real-time. This makes it easier to
dynamically create data variations without the need to store larger versions of the dataset, thus reducing the
storage memory load. It is evident that this technigque not only increases the size and diversity of the data but
also improves its capabilities to be applied to the model Deep Learning Overall [21].
2.8 Vision Transformer Design Model
The model used in this study is based on Transform Vision (ViT), a neural network structure that adapts
the principle of Transform- Mer of the natural language processing process (Natural Language Processing) a-
for image processing. Design ViT Split the image into Patch small and convert it into a vector representation
through Embedding. Attention mechanism (Attention Mechanism) processes these representations in order to win-
A Spatial Relationship Between Patch. Design ViT allows the model to Understand the visual context
thoroughly, even in the structure of the image complex.
a. ViT-B16

One of the basic versions of the Vision Transformer architecture is the ViT-B16, which is a Base Vision
Transformer with a 16x16 pixel patch. This module consists of twelve layers of transformer encoder, twelve
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self-attention heads, and about 86 million parameters. The 16 x 16 patch was chosen because it allows for
capturable spatial details and computational efficiency. ViT-B16 is suitable for experiments with medium-
sized datasets and scenarios where training efficiency is still considered due to the number of parameters and
depth. Because of its balance between accuracy and computational complexity, ViT-B16 is used as the standard
baseline in many studies. Without requiring enormous computing resources, these models can produce excellent
visual representations [22].
b. ViT-L16

The Vision Transformer Large (ViT-L16) variant with a patch size of 16x16 pixels, has a much larger
capacity than the ViT-B16, and has 24 layers of encoder, 16 self-attention heads, and about 307 million
parameters. Although the patch size remains 16x16 pixels, the greater depth and number of parameters allow
it to study more complex and thorough visual features. Although it offers higher accuracy, the ViT-L16
requires greater computing capacity, both in terms of memory and training time, making it ideal for
classification tasks involving large and complex datasets. As a result, the use of this model is usually adjusted
to the scale of the project and the availability of resources [23].
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Figure 2: Transformer Vision Architecture

2.9 Linear Projection of Flattened Patches

To ensure a consistent input structure, each image is broken down into fixed-sized patches, such as 16 x
16 pixels. Next, each patch is flattened into a one-dimensional vector and projected to a higher dimension
using linear projection. The project produced a representation of the initial features of the patch, which was
used as an input for the encoder transformer block [24]. Through a self-attention mechanism, this
representation allows the model to understand and process spatial and semantic information from the image.

3. RESULTS AND DISCUSSION

3.1 Experimental Results

This section presents the experimental results of the proposed Vision Transformer model for lung cancer
classification using histopathological images. The first experiment evaluates the performance of the Vision
Transformer model using the ViT-B/16 architecture. In this approach, input histopathological images are divided
into 16x16 pixel patches and processed through a self-attention mechanism to capture global contextual features
within the images. The model was trained using transfer learning with pretrained weights from ImageNet and fine-
tuned on the lung cancer histopathological image dataset. The evaluation was conducted using training, validation,
and testing datasets to ensure reliable performance assessment, and the overall evaluation metrics obtained from
the ViT-B/16 model are presented
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a. Overall Evaluation Metrics

This subsection presents the overall evaluation results of the ViT-B/16 model for lung cancer classification using
histopathological images. The model performance is evaluated using several metrics, including accuracy, loss,
precision, recall, F1-score, and AUC, across the training, validation, and testing datasets. The results are
summarized in Table 2.

Table 2. Overall Model Evaluation Metrics

Metric Training Validation Test

Accuracy 0.9858 0.9916 0.9871
Loss 0.0369 0.0222 0.0364
Precision (Weighted) 0.9859 0.9916 0.9872
Recall (Weighted) 0.9858 0.9916 0.9871
F1-Score (Weighted) 0.9859 0.9916 0.9871
AUC (Macro Average) 0.9998 0.9998 0.9995

This initial interpretation shows that the model has a very good performance, shown by the test accuracy of 98.40%
which belongs to the excellent category. The overfitting gap value of -0.70% means that the validation accuracy
is slightly higher than that of training, so that the model does not experience overfitting and is stable during the
training process. Meanwhile, the generalization gap of 0.93% is still relatively small, showing that the model
performance in the test data remains consistent and there is no significant decrease compared to the validation
data.

b. Classification Report Per-Class

This subsection presents the classification report of the ViT-B/16 model on the test dataset. The evaluation includes accuracy,
recall, F1-score, and support for each class, namely adenocarcinoma, benign, and squamous cell carcinoma. The detailed results
are presented in Table 3.

Table 3.Classification Report on Data Test

Class Accuracy Recall F1 Score Support
Adenocarcinoma 0.9878 0.9733 0.9805 750
Benign 1.0000 1.0000 1.0000 750
Squamous Cell Carcinoma 0.9737 0.9880 0.9808 750
Macro Average 0.9872 0.9871 0.9871 2250
Weighted Average 0.9872 0.9871 0.9871 2250

c. Confusion Matrix

An evaluation table that displays the percentage of correct and false predictions for each class. Rows usually show
the original label, while columns show the model's predictions. The percentages in each cell describe the proportion
of data that falls into that category, making it easy to see how accurately the model recognizes a particular class
and which parts are still often mispredicted.

Confusion Matrix (Raw Counts) Confusion Matrix (Normalized)
ViT-B/16 ViT-B/16

97.60% 2.27%
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Figure 3. Confusion Matrix Numerical ViT-B/16

1. Numerical table confusion matrix
An evaluation table that displays the number of true and false predictions in each class. Rows typically represent
actual labels, while columns represent the model's predicted results. Values such as True Positive, False Positive,
False Negative, and True Negative are shown in the form of numbers, so we can clearly see in which classes the
model works well and where the model is still often wrong.

Table 4. Confusion Matrix (Number per class)

True Class Pred: Aden Pred: Beni Pred: Squa | Total
Adenocarcinoma 732 1 17 750
Benign 0 750 0 750
Squamous Cell Carcinoma 18 0 732 750

2. Miisclassification:
1)  Most confused pair: Squamous Cell Carcinoma : Adenocarcinoma (18 instances)
2) Least confused pair: Benign : adenocarcinoma (1 instance)
d. Training Curves
1. Loss curves (training validation)
Two important stages in the process of training the model. Training is used to create a learning model from
data, adjusting weights to be able to recognize patterns. Validation is used to evaluate the performance of
the model on data that is not trained, so that we can monitor whether the model has generalized well or is
overfitting.

Training and Validation Loss Training and Validation Accuracy
ViT-B/16 ViT-B/16

25 50 75 100 125 150 175 200 25 50 75 100 125 15.0 1.5 200
Epochs Epochs

Figure 4. Loss curves (training validation) and Accuracy curves (training validation)

2. Numerical table confusion matrix
These observations show that models began to converge very quickly, i.e. from the first epoch, indicating
an effective learning process. However, the best performance in the new validation data was achieved in
the 19th epoch with a validation accuracy of 99.47%, so the model continued to experience a steady increase
after the initial convergence. In addition, there are no signs of overfitting because the training and validation
curves are close, suggesting that the model is able to generalize well on new data.
e. ROC Curves and AUC Scores
ROC Curves and AUC Scores are used to evaluate the model's ability to distinguish between positive and
negative classes. The ROC Curve illustrates the relationship between the True Positive Rate and the False Positive
Rate at various thresholds, so we can see the model's performance across decision boundaries. AUC (Area Under
the Curve) indicates the area under the ROC curve; The closer it is to 1, the better the model's ability to classify
consistently across multiple thresholds.

Table 5. AUC Scores per Class and Macro Average for ViT-L/16 Model in Test Set

Class AUC Score Interpretation
Adenocarcinoma 0.9988 Excellent
Benign 1.0000 Excellent
Squamous Cell Carcinoma 0.9989 Excellent
Macro Average 0.9993 Excellent

1) 0.90-1.00: Excellent
2) 0.80-0.90: Good
3) 0.70-0.80: Fair
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4) 0.60-0.70: Poor (Less)

5) 0.50-0.60: File (Failed)
f. Additional Metrics

In addition to classification accuracy, the evaluation also considers computational performance to ensure

the model is suitable for use in real-time clinical applications. Measurements were made using a GPU (e.g. Kaggle
accelerator) with a batch size of 32 and an input of 224x224x3. The following is a summary of the computer
performance metrics obtained.

Table 6. ViT-L/16 Model Compute Performance Metrics on Test Sets

Metric Value
Inference Time per Image 8.94 ms
Total Inference Time (2250 images) 20.12 seconds
Model Size ~330 MB
Training Time (20 epochs) 0.95 minutes

The inference time per image of 8.94 ms indicates high efficiency for batch processing, with a total of 20.12
seconds for the entire test set (2,250 images), suitable for the integration of fast diagnostic systems. The 330 MB
model size is relatively light for cloud storage, although training takes only 0.95 minutes thanks to pre-training
and optimal hyperparameters, it supports the scalability of ViT-L/16 compared to the ViT-B/16 baseline (which
has a size of ~150 MB and training ~0.7 minutes)

3.1.1 Experiment Result 2: ViT-L/16

a. Overall Evaluation Metrics

The overall performance of the proposed model is evaluated using several metrics, including accuracy, loss,
precision, recall, F1-score, and AUC. These metrics are calculated on the training, validation, and testing datasets
to assess the model's learning capability and generalization performance. The detailed evaluation results are
presented in Table 7.

Table 7. Overall Evaluation Metrics of the Model

Metric Training  Validation Test
Accuracy 0.9774 0.9862 0.9818

Loss 0.0600 0.0406 0.0403

Precision (Weighted) 0.9774 0.9862 0.9821
Recall (Weighted) 0.9774 0.9862 0.9818
F1-Score (Weighted) 0.9774 0.9862 0.9818
AUC (Macro Average) 0.9996 1.0000 0.9996

The initial interpretation shows that the model has excellent performance, as can be seen from the 98.18% test
accuracy which is included in the excellent category. An overfitting gap value of -0.88% means that the
validation accuracy is slightly higher than the training accuracy, so the model does not show an overfitting
mesh. Meanwhile, the generalization gap of 0.44% between validation and test is very small, indicating that
the model is able to generalize stably on new data and does not experience a significant decrease in
performance.

b. Classification Report Per-Class
This subsection presents the classification performance of the model for each class on the test dataset. The
evaluation includes accuracy, recall, F1-score, and support values for the three classes: adenocarcinoma, benign,
and squamous cell carcinoma. The detailed classification results are summarized in Table 8.
Table 8. Classification Report on Data Test

Class Accuracy Recall F1 Score Support
Adenocarcinoma 0.9876 0.9573 0.9722 750
Benign 1.0000 1.0000 1.0000 750
Squamous Cell Carcinoma 0.9586 0.9880 0.9731 750
Macro Average 0.9821 0.9818 0.9818 2250
Weighted Average 0.9821 0.9818 0.9818 2250
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c. Confusion Matrix

This evaluation table shows the percentage of correct and false predictions for each class. Typically, rows
represent the actual labels and columns represent the results of the model's predictions. Each cell contains a
percentage of data in that category, so we can see how well the model recognizes each class and which classes
are still often mispredicted.

Confusion Matrix (Raw Counts) Confusion Matrix (Normalized)
VIiT-L/16 ViT-L/16

100.00% % H

2
g .
3
3
g
=

True Label

m

Squamous Cell Carcinama

Squamous Cell Carcinoma Adenocarcinoma Squamaus Cell Carcinoma

perign
Predicted Label

Figure 5. ViT-L/16 Numerical Matrix Confusion

enign
Predicted Label

d. Numerical table confusion matrix

This evaluation table shows the number of correct and correct predictions for each class. Generally, rows
represent the actual label, while columns show the results of the model's predictions. Numbers such as True
Positive, False Positive, False Negative, and True Negative are clearly displayed, so that we can know which
classes well predicted and which parts are are still subject to model error.

Table 9. Confusion Matrix (Number per class)

True Class Pred: Aden Pred: Beni Pred: Squa  Total
Adenocarcinoma 718 0 32 750
Benign 0 750 0 750
Squamous Cell Carcinoma 9 0 741 750

Classification error analysis was carried out based on the confusion matrix of the test set (2,250 samples), to
identify the dominant error patterns and potential model improvements. The main errors occur in pairs of
classes that have high visual similarities in histopathological images, such as the texture of cancer cells that
overlap between adenocarcinoma and squamous cell carcinoma. The total misclassification was 41 instances
(1.82% of the total sample), with benign perfectly classified (O errors). Here's a summary of the analysis:
1. Most Confused Pair: Adenocarcinoma and Squamous Cell Carcinoma (32 instances, 1.42% of
the total).
2. Least Confused Pair: Squamous Cell Carcinoma and Adenocarcinoma (9 instances, 0.40% of the
total).
Details of All Classification Errors:
1. Adenocarcinoma and Squamous Cell Carcinoma: 32 instances (1.42% of the total).
2. Squamous Cell Carcinoma and Adenocarcinoma: 9 instances (0.40% of the total).
This error is caused by similar cell morphological features (e.g., glandular patterns in both classes), although
ViT-L/16's self-attention manages to minimize the overall error. Recommendation: Augment specific data
(e.g., histopathological staining variations) or fine-tuning with attention visualization to focus on the region-
of-interest, to reduce false positives/negatives in the confused pair.
e. Training Curves

1. Loss curves (training validation)

Two important stages in the process of training the model. Training is used to create a learning model
from data, adjusting weights to be able to recognize patterns. Validation is used to evaluate the
performance of the model on data that is not trained, so that we can monitor whether the model has
generalized well or is overfitting.
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Figure 6. Loss curves (training validation) and Accuracy curves (training validation)

Observations of the ViT-L/16 model training curves showed rapid and stable convergence, with no significant signs of
overfitting. The loss curve and the accuracy of training and validation were close to each other over 20 epochs, indicating
a good generalization of the histopathological dataset. Here are the key takeaways from the observations:
1) Epoch of Convergence: 3rd Epoch (significant loss decline after this epoch).
2) Best Validation Accuracy: 99.20% at epoch 19.
3) Overfitting Mark: None and The training and validation curves are close to each other.
a) Training Progress Details:
1) Total epoch trained: 20.
2)  Final training loss: 0.0600.
3) Final validation loss: 0.0406.
4)  Final training accuracy: 97.74%.
5) Final validation accuracy: 98.62%.
6) Best validation loss: 0.0259 at epoch 19.
b) Learning Trend Analysis:
1) Trend validation loss: Stable/convergent (slope: 0.000387).
2) Recommendation: Training is well converged, ready for deployment.
This analysis is based on the plot of the loss curve and the accuracy generated during fine-tuning, with an Early Stopping
callback that prevents over-tuning. The low slope on validation loss confirms the model's stability, supporting the hypothesis
that ViT-L/16 provides superior performance without overfitting the histopathological image of lung cancer.
f. ROC Curves and AUC Scores
to assess how well the model distinguishes positive and negative classes. The ROC Curve displays the relationship
between the True Positive Rate and the False Positive Rate at various threshold values, so that the model's performance
can be seen across the decision limits. Meanwhile, AUC (Area Under the Curve) shows the area below the curve; A value
that is closer to 1 indicates the model's better ability to classify consistently on various thresholds.

Table 10.: AUC Scores per Class and Macro Average for ViT-L/16 Model in Test Set

Class AUC Score Interpretation
Adenocarcinoma 0.9994 Excellent
Benign 1.0000 Excellent
Squamous Cell Carcinoma 0.9994 Excellent
Macro Average 0.9996 Excellent

1) 0.90-1.00: Excellent

2) 0.80-0.90: Good

3) 0.70-0.80: Fair

4) 0.60-0.70: Poor (Less)

5) 0.50-0.60: File (Failed)
g. Additional Metrics

In addition to classification accuracy metrics, the evaluation also includes computational aspects to assess the feasibility
of deploying the model in real-time clinical applications. This metric is measured on GPU hardware (e.g., Kaggle accelerator)
with a batch size of 32 and inputs of 224 224 3. Here's a summary of the company's performance metrics:
Table 11. ViT-L/16 Model Compute Performance Metrics on Test Sets

Metric Value
Inference Time per Image 24.28 ms
Total Inference Time (2250 images) 54.63 seconds
Model Size ~1.2GB
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Training Time (20 epochs) 2.59 minutes

The inference time per image of 24.28 ms indicates high efficiency for batch processing, with a total of 54.23
seconds for the entire test set (2,250 images), suitable for the integration of rapid diagnostic systems. The 1.2
GB model size is relatively light for cloud storage, although the training only takes 2.59 minutes thanks to
pre-training and optimal hyperparameters, supporting the scalability of ViT-L/16 compared to the baseline
of ViT-B/16 (which has a size of ~150 MB and training ~0.7 minutes).
3.2 Discussion

The experimental results show that both Vision Transformer architectures achieve high performance in
lung cancer classification using histopathological images. The ViT-B/16 model achieved a test accuracy of
98.40%, while the ViT-L/16 model achieved 98.18%, indicating that both models are highly effective in
distinguishing adenocarcinoma, benign tissue, and squamous cell carcinoma. The AUC values close to 1.0
also confirm the excellent discriminative capability of the models. From the classification results, the benign
class was perfectly classified, while minor misclassifications occurred between adenocarcinoma and
squamous cell carcinoma. This confusion is likely caused by similarities in histopathological morphology
between the two cancer subtypes. However, the overall error rate remains very low, demonstrating the
robustness of the proposed approach. In comparison, although ViT-L/16 has a larger architecture and more
parameters, the ViT-B/16 model achieved slightly better testing accuracy and faster computational
performance. This suggests that a smaller Vision Transformer architecture can provide comparable or even
better results while maintaining higher computational efficiency. Therefore, ViT-B/16 can be considered a
more practical model for real-world clinical applications where computational resources and inference time
are important factors. Overall, these findings confirm that Vision Transformer models are effective for
automated lung cancer classification and have strong potential to support computer-aided diagnosis systems
in digital pathology.

4. CONCLUSION

This study successfully developed and evaluated a Vision Transformer (ViT)-based approach for lung cancer
classification using histopathological images. The proposed system was designed to classify three types of lung
tissue: adenocarcinoma, squamous cell carcinoma, and benign tissue. Two Vision Transformer architectures,
namely ViT-B/16 and ViT-L/16, were implemented and compared to analyze their classification performance and
computational efficiency. The experimental results demonstrate that both models achieved excellent performance
across multiple evaluation metrics. The ViT-B/16 model achieved a testing accuracy of 98.40% with an F1-score
of 0.984, while the ViT-L/16 model obtained an accuracy of 98.18% with an F1-score of 0.982. In addition, both
models produced very high AUC values close to 1.0, indicating strong discriminative capability in distinguishing
between the three lung tissue classes. The classification results also show that benign tissues were perfectly
recognized, while minor misclassifications occurred between adenocarcinoma and squamous cell carcinoma due
to similarities in morphological features. A comparison between the two architectures indicates that the ViT-B/16
model provides slightly better accuracy while requiring lower computational resources, making it more efficient
for practical deployment. Overall, the findings confirm that Vision Transformer models are highly effective for
automated lung cancer classification. This approach has strong potential to support computer-aided diagnosis
systems and assist pathologists in improving diagnostic accuracy and efficiency in digital pathology.
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