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ABSTRACT 
This study evaluates the performance and reliability of a vision transformer (ViT) compared 
to convolutional neural networks (CNNs) using the ResNet50 model in classifying lung cancer 
from CT images into four categories: lung adenocarcinoma (LUAD), lung squamous cell car-
cinoma (LUSC), large cell carcinoma (LULC), and normal. Although CNNs have made signif-
icant advancements in medical imaging, their limited capacity to capture long-range depend-
encies has led to the exploration of ViTs, which leverage self-attention mechanisms for a more 
comprehensive global understanding of images. The study utilized a dataset of 748 lung CT 
images to train both models with standardized input sizes, assessing their performance through 
conventional metrics—accuracy, precision, recall, F1 score, specificity, and AUC—as well as 
cross entropy, a novel metric for evaluating prediction uncertainty. Both models achieved sim-
ilar accuracy rates (95%), with ViT demonstrating a slight edge over ResNet50 in precision and 
F1 scores for specific classes. However, ResNet50 exhibited higher recall for LULC, indicating 
fewer missed cases. Cross entropy analysis showed that the ViT model had lower average un-
certainty, particularly in the LUAD, Normal, and LUSC classes, compared to ResNet50. This 
finding suggests that ViT predictions are generally more reliable, though ResNet50 performed 
better for LULC. The study underscores that accuracy alone is insufficient for model compar-
ison, as cross entropy offers deeper insights into the reliability and confidence of model pre-
dictions. The results highlight the importance of incorporating cross entropy alongside tradi-
tional metrics for a more comprehensive evaluation of deep learning models in medical image 
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classification, providing a nuanced understanding of their performance and reliability. While 
the ViT outperformed the CNN-based ResNet50 in lung cancer classification based on cross-
entropy values, the performance differences were minor and may not hold clinical significance. 
Therefore, it may be premature to consider replacing CNNs with ViTs in this specific applica-
tion. 

 

1. INTRODUCTION 
Lung cancer is the leading cause of cancer-related deaths globally, with 2.5 million new cases diagnosed 

in 2022 [1]. Lung cancer is divided into small cell lung cancer and non-small cell lung cancer (NSCLC). 
NSCLC includes subtypes such as lung adenocarcinoma (LUAD), lung squamous cell carcinoma (LUSC), 
and large cell carcinoma (LULC). LUAD accounts for 85% of NSCLC cases, and patients often face chal-
lenges like drug resistance and recurrence. LUSC, which is linked to smoking, has a high mutation rate and 
genomic complexity. LULC has a molecular profile more similar to adenocarcinoma than squamous cell 
carcinoma and generally has a poorer prognosis than other NSCLC types. Identifying the histological type 
early is crucial for effective treatment and reducing mortality. Diagnosing lung cancer remains a significant 
challenge, primarily due to the asymptomatic nature of the disease in its early stages and the inherent diffi-
culty in distinguishing between benign and malignant lesions. Although computed tomography (CT) 
screening, particularly with its high sensitivity and detailed imaging capabilities, holds promise, its wide-
spread effectiveness is limited by challenges such as high false-positive rates and disparities in access to 
screening. These limitations underscore the need for ongoing research and innovation in diagnostic tech-
niques to enhance early detection and minimize unnecessary interventions. 

CT screening is useful for early lung cancer detection. However, advancements in CT technology have 
led to the detection of many microscopic nodules, increasing radiologists’ workload [2, 3]. The primary 
features of CT screening include its high sensitivity, detailed imaging capabilities, rapid processing, and 
associated radiation exposure. While CT screening is essential for diagnosing lung cancer, particularly in 
high-risk populations, it is crucial to balance the benefits of early detection with the risks of false positives 
and radiation exposure. Ongoing advancements in imaging technologies, coupled with the development of 
artificial intelligence (AI)-based diagnostic tools, are expected to address these challenges in the future. 
Computer-aided diagnosis (CAD) systems can assist in easing this burden. While chest CT CAD research 
has shown promise, challenges remain, such as a higher rate of false positives compared to physicians and 
limitations in improving system accuracy. 

In recent years, AI techniques, particularly deep learning models, have become essential in automating 
image processing and have been increasingly recognized in the domain of medical imaging [4, 5]. Convolu-
tional neural networks (CNNs), a key AI technology, have brought about a transformation in medical im-
aging by effectively learning complex patterns, enabling the automated identification of diseases and abnor-
malities [6-9]. These advancements have led to significant improvements in a variety of medical imaging 
applications and modalities [10-12]. The typical architecture of CNNs consists of three key components: 
convolutional layers, pooling layers, and fully connected layers. Upon receiving an input image, the convo-
lutional layers extract features from it. Next, the pooling layers, often using max-pooling, reduce the size of 
the feature maps. Finally, fully connected layers, stacked at the end of the network, perform classification 
using a specific function, such as SoftMax [13-17]. Despite their impressive performance, CNNs have inher-
ent limitations and cannot naturally model explicit long-distance dependencies because of the constrained 
receptive field of their convolutional kernels [18]. 

Inspired by the remarkable success of transformer architectures in natural language processing, these 
techniques have become widely used in modern computer vision models. Since the introduction of vision 
transformers (ViTs), transformers have proven to be effective alternatives to CNNs for a variety of tasks, 
including image recognition, object detection, image segmentation, and image classification [18-21]. One 
significant theoretical advantage of ViT models over CNNs is their use of a self-attention mechanism, which 
allows them to gain a global understanding of an image rather than merely focusing on local features, as 
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CNNs do. 
ViTs have several advantages, including the ability to capture long-range dependencies, adapt to dif-

ferent input sizes, and enable parallel processing, making them well-suited for image-related tasks. However, 
ViTs also face challenges, such as high computational demands, large model sizes, scalability issues with 
large datasets, interpretability, and generalization performance. These factors underscore the importance of 
comparing ViTs with established CNN models [22]. 

Recent studies have reported comparisons of the performance evaluation of Vision Transformers 
(ViTs) and Convolutional Neural Networks (CNNs) in medical image classification across different modal-
ities [23-32]. Among these studies, some have focused on lung cancer. Fanizzi et al. [25] compared ViTs and 
CNNs for predicting the recurrence of non-small cell lung cancer. Based on their preliminary experimental 
results, they concluded that ViTs do not contribute to improving predictive performance for the addressed 
problem. Additionally, Gai et al. [26] conducted a comparative study on the performance of ViTs and CNNs 
for the automatic identification of lung cancer using a dataset of medical images. Their findings revealed 
that CNNs are more effective than ViTs when the dataset size is insufficient. In these two studies, commonly 
used evaluation metrics such as accuracy, specificity, precision, recall (or sensitivity), F1 score, and the area 
under the receiver operating characteristic curve (AUC) were employed to assess the performance of ViT 
and CNN models. 

However, existing evaluation metrics have limitations, such as a lack of transparency in CNN inferences 
and difficulty in estimating uncertainty in the results. Specifically, issues like uncertainty arising from outlier 
data, overconfident predictions, and covariate shift can potentially affect the reliability of the models. In 
image classification tasks using ViTs and CNNs, the softmax function is commonly employed to represent 
the output as a probability value. However, these outputs are often poorly calibrated, making it challenging 
to directly interpret the model’s predictions as probabilistic measures. Evaluating model uncertainty is cru-
cial for enhancing the transparency and reliability of predictions, improving data quality, and minimizing 
misjudgments. Methods such as Bayesian Neural Networks and Monte Carlo Dropout are widely recognized 
for estimating uncertainty in neural networks. However, these approaches face the challenge of excessive 
computational costs when applied to ViTs and CNNs. 

In this study, we propose the inclusion of cross entropy, commonly used as a cost function during the 
training of CNN models, as an additional metric to quantify uncertainty. This metric will be used alongside 
traditional evaluation matrices to specifically compare the classification performance of ViT and CNN mod-
els in detecting lung cancer in CT images. 

2. MATERIALS AND METHODS 
2.1. Dataset 

In our study, we utilized a publicly available dataset provided by the research community for non-profit 
purposes [33]. The dataset consists of 748 lung CT images, with 187 images each for LUAD, LULC, LUSC, 
and normal cases. Since all data were in the public domain and did not involve human patients, there were 
no ethical concerns, and obtaining informed consent was not required. An illustration of the image data is 
presented in Figure 1. 
 

 
Figure 1. An example of image data. (a) LUAD (adenocarcinoma); (b) LULC 
(large cell carcinoma); (c) LUSC (squamous cell carcinoma); (d) Normal. 
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2.2. Model Architecture 

In recent years, many deep CNN architectures, such as VGG [34], GoogLeNet [35], and ResNet [36], 
have demonstrated excellent performance in image classification tasks. In this study, we chose ResNet50 as 
the network model. This choice is based on our use of the same network in a previous study [37], which 
facilitates a direct comparison of results with ViT. 

2.2.1. CNN-Based ResNet 
Residual networks (ResNets), introduced by He et al. [36], represent a significant advancement in deep 

convolutional neural network (CNN) architectures. Among these, ResNet50 is particularly well-known. It 
comprises 16 residual blocks, each containing several convolutional layers with residual connections, as well 
as pooling layers, fully connected layers, and a softmax output layer for classification. 

In this study, we selected the CNN-based ResNet50, which is widely used in medical imaging, and con-
ducted learning through fine-tuning. Specifically, we utilized a pre-trained ResNet50 model initially trained 
on natural images and retrained the entire network using lung CT images. During fine-tuning, we did not 
freeze any layers, allowing all weights to be updated. A four-class classification was performed by replacing 
and training the final fully connected layer and the last classification layer with new configurations suited to 
the number of categories. 

To conform to ResNet50’s structural requirements, the input data size was standardized to 224 × 224 
pixels using bicubic interpolation. The mini-batch size was set to 10, and the Adam optimizer (which com-
bines momentum SGD and RMSprop) was employed. During retraining with CT images, parameters were 
adjusted such that the learning rate increased in the newly replaced fully connected layer, decreased in the 
transfer layers, and decreased after every 5 epochs. 

To prevent overfitting, an L2 regularization term was incorporated into the loss function. The number 
of epochs was determined by evaluating validation accuracy after each iteration. Retraining was halted if the 
accuracy did not surpass the highest accuracy achieved in the last 5 consecutive validations. 

2.2.2. Vision Transformer 
In this study, we classify lung CT images into “LUAD,” “LULC,” “LUSC,” and “normal” categories 

using the vision transformer (ViT) model. Specifically, we adopt the B-16 variant of the ViT model without 
modifications. This variant comprises 12 stacked transformer encoder blocks and uses a patch size of 16 × 
16. The overall architecture is illustrated in Figure 2, and the details of the network are as follows. 

The ViT processes image data by dividing it into small patches. The initial layer of the network is the 
patch encoder, which transforms the input image into multiple flattened patches. To retain structural and 
spatial information, positional embeddings are then added to these patches. This sequence is supplemented 
with a [class] embedding and fed into the transformer encoder. 

The transformer encoder, following the architecture proposed by Vaswani et al. [38], consists of multi-
headed self-attention layers and multilayer perceptron blocks, with layer normalization applied before each 
block. This normalization helps reduce training time and improve generalization performance. The encoder 
outputs feature vectors corresponding to the input patches. As with standard methods, we use the first fea-
ture vector related to the [class] embedding to represent the entire sequence. 

Finally, a learnable linear layer processes this feature vector, generating a binary output vector, which 
is then passed to the softmax activation function. 

2.3. Evaluation Metrics 

In this work, in addition to the commonly used standard metrics, we employ cross entropy as a perfor-
mance evaluation metric to quantify uncertainty in image classifiers. 

2.3.1. Standard Measures 
The performance of classification models is typically assessed using standard metrics. A confusion  
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Figure 2. Overview of the ViT model. The image is divided into 16 × 16 patches, and each patch is 
flattened. Learnable parameters are added through weighting (E), followed by class (CLS) embedding 
and position embedding, before being input into the transformer encoder. 
 
matrix is crucial for this evaluation, as it provides the basis for calculating these metrics [39]. It includes four 
possible outcomes: true positive (TP), false negative (FN), false positive (FP), and true negative (TN). The 
following standard metrics were used in this study, along with the area under the receiver operating charac-
teristic curve (AUC). 

Accuracy: Accuracy is a commonly used metric because it takes into account all values in the confusion 
matrix, i.e., TP, FN, FP, and TN. It measures the proportion of correctly classified elements relative to all 
cases, defined as: 

TP TNAccuracy
TP TF FP FN

+
=

+ + +
                              (1) 

Precision: Precision compares the number of true positive values to all elements classified as positive, 
both true and false, and is defined as: 

TPPrecision
TP FP

=
+

                                   (2) 

Recall: Recall (also called as sensitivity) measures the number of true positive values in relation to all 
positive cases and is defined as: 

TPRecall
TP FN

=
+

                                    (3) 

Specificity: Specificity measures how many cases classified as negative are actually negative and is de-
fined as: 

TNSpecificity
TN FP

=
+

                                  (4) 
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F1 score: The F1 Score is the harmonic mean of precision and recall, representing both values in a single 
metric, and is defined as: 

2F1score 1 1
Recall Precision

=
+

                              (5) 

AUC: The AUC reflects how effectively the probabilities of the positive classes are distinguished from 
those of the negative classes. 

2.3.2. Cross Entropy 
Cross entropy measures the difference between two probability distributions [40-45]. In machine learn-

ing and deep learning, it’s often used to evaluate how close the predicted probabilities from a model are to 
the actual probabilities. Essentially, cross entropy quantifies the gap between these two distributions. 

The cross entropy between these two distributions is given by the following formula: 

( ) ( ) ( ), logexH p q p x q x= −∑                              (6) 

where p is the true distribution, q is the predicted distribution, and x ranges over all possible outcomes.  
Cross entropy measures the amount of information lost when using the predicted distribution to esti-

mate the true one [40-45]. It helps evaluate the effectiveness of a classification model that outputs probabil-
ities between 0 and 1. In simple terms, cross entropy shows how close the predicted distribution is to the 
actual one. A perfect match results in zero cross entropy, while larger differences result in higher values. 
Therefore, cross entropy is a useful metric for assessing the performance of classification models. When 
evaluating the classification performance of two models using cross entropy, the entropy values of both 
models are compared. A lower cross entropy value indicates that the model is more confident in its predic-
tions, which typically corresponds to higher accuracy. Conversely, a higher cross entropy value signifies 
greater uncertainty in the predictions, leading to lower accuracy. A numerical example demonstrating the 
use of cross entropy for evaluating the quality of a deep learning classifier in a multi-class classification 
context is available in the literature [37]. 

Using cross entropy for evaluating the quality of a deep learning classifier offers several advantages [40-
46]. First, cross entropy is highly sensitive to errors and penalizing confident but incorrect predictions more 
severely than predictions that are close to the correct answer. This sensitivity enhances its usefulness for 
accurate classification. Second, cross entropy thoroughly assesses the model’s confidence in its predictions 
and measures how well the predicted probabilities match the actual data. This helps in interpreting the clas-
sifier output probabilistically. Third, the logarithmic scaling of cross entropy penalizes even small errors, 
encouraging the model to make more confident and accurate predictions. 

3. RESULTS 
In this study, we constructed ViT and ResNet50 models to classify lung cancer using CT images, eval-

uating their performance and visualizing data distribution to examine decision-making ambiguity. The ex-
periments were conducted by setting the same number of training data for both ViT and ResNet50 models 
and performing 10-fold cross-validation. The total count of the 10 subsets is shown as a confusion matrix in 
Figure 3. The accuracy of each model, averaged over the 10 subsets, was 0.953 and 0.945, respectively. The 
AUCs were 0.991 and 0.988, respectively. The conventional evaluation metrics, calculated from Figure 3 
(assuming each lesion as positive), as well as the proposed metric, “cross entropy,” are presented in Table 1 
and Table 2. 

The accuracy and cross-entropy values for the 10 subsets obtained through 10-fold cross validation are 
shown in Table 3 and Table 4. For each subset, the same data (image sets) were used in both models. 

Figure 4 shows the data distribution of Subset No. 9, which has an identical accuracy of 0.946 in both 
Table 3 and Table 4, after dimensionality reduction using t-SNE. This represents the results of a 4-category  
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Figure 3. Confusion matrices: Total count of the 10-fold cross-validation. (a) Vit 
Model: accuracy 0.953, AUC 0.991; (b) ResNet 50 Model: accuracy 0.945, AUC 0.988. 

 
Table 1. Cross entropy and existing evaluation metrics. Results of ViT when considering each lesion as 
positive. 

 Cross Entropy Precision Recall F1 Specificity 

LUAD 0.212 0.921 0.941 0.931 0.97 

LULC 0.271 0.959 0.907 0.932 0.991 

Normal 0.055 0.995 1 0.997 0.998 

LUSC 0.149 0.947 0.947 0.947 0.98 

Average 0.172 0.955 0.949 0.952 0.985 

 
Table 2. Cross entropy and existing evaluation metrics. Results of ResNet 50 when considering each 
lesion as positive. 

 Cross Entropy Precision Recall F1 Specificity 

LUAD 0.527 0.913 0.893 0.903 0.971 

LULC 0.242 0.952 0.952 0.952 0.984 

Normal 0.032 0.984 0.995 0.989 0.995 

LUSC 0.25 0.952 0.947 0.949 0.984 

Average  0.263 0.95 0.947 0.948 0.984 

 
classification, where the clusters are divided into four groups, but the misclassified data points appear as 
isolated points. The arrows and numbers in Figure 4 indicate the average information entropy (in bits) of 
the misclassified data, reflecting the uncertainty (ambiguity) in the 4-category classification. This allows for  
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Table 3. Cross entropy and accuracy of the Vit model. 

 
Accuracy 0.947 0.96 0.947 0.974 0.974 0.974 0.96 0.974 0.946 0.879 0.953 

Subset No. 1 2 3 4 5 6 7 8 9 10 Average 

Cross 
entropy 

LUAD 0.418 0.018 0.113 0.181 0.373 0.137 0.201 0.048 0.303 0.41 0.22 

LULC 0.143 0.511 0.776 0.307 0.051 0.062 0.216 0.031 0.378 0.195 0.267 

Normal 0.028 0.002 0.16 0.000 0.145 0.026 0.000 0.000 0.000 0.197 0.056 

LUSC 0.275 0.024 0.004 0.008 0.037 0.24 0.224 0.414 0.088 0.155 0.147 

Average 0.216 0.139 0.263 0.124 0.152 0.117 0.16 0.123 0.192 0.24 0.172 

 
Table 4. Cross entropy and accuracy of the ResNet50 model. 

 
Accuracy 0.973 0.92 0.933 0.987 0.973 0.907 0.92 0.973 0.946 0.919 0.945 

Subset No. 1 2 3 4 5 6 7 8 9 10 Average 

Cross 
entropy 

LUAD 0.360 1.144 0.587 0.046 0.106 0.677 1.391 0.000 0.767 0.393 0.547 

LULC 0.015 0.708 0.541 0.028 0.003 0.064 0.009 0.004 0.591 0.422 0.238 

Normal 0.000 0.000 0.005 0.000 0.032 0.785 0.802 0.493 0.079 0.259 0.246 

LUSC 0.000 0.000 0.000 0.000 0.327 0.005 0.000 0.000 0.000 0.000 0.033 

Average 0.094 0.463 0.283 0.018 0.117 0.383 0.550 0.124 0.359 0.268 0.266 

 
an evaluation of the model’s performance, whether it outputs results with ambiguity or misclassifies data 
with high confidence. 

For example, when the entropy is 2.0, it means that the model has no understanding of the 4-category 
classification (no confidence at all). When the entropy is 1.0, it indicates that the model has equal confidence 
between two categories (making it difficult to decide between them). With an entropy of 0.5, the model has 
slightly higher confidence in one category and lower confidence in the others. When the entropy is 0.2, the 
model has high confidence in one category, and when the entropy is 0, it can be interpreted as the model 
having absolute confidence in one category. 

4. DISCUSSION AND CONCLUSIONS 
In this study, we used the ViT model and the ResNet50 model to perform a four-class classification of 

lung cancer. As shown in Figure 3, the accuracy of both models is approximately 95%. Numerically, both 
models demonstrate equivalent performance. However, the confusion matrix reveals that the ResNet50 
model has more misclassifications in the LUAD class, suggesting that its utility as a four-class lung cancer 
classification model may be limited. Thus, it is difficult to compare the usefulness of models based solely on 
accuracy. Therefore, conventional metrics such as recall, precision, and F1 score are employed for evaluating 
the performance of deep learning models. 

Table 1 and Table 2 show the performance evaluation results of the classification models used in this 
experiment. The precision for each class is slightly higher in the ViT model, except for the LUSC class. In 
general, this suggests that the ViT model accurately detects the positive class without false detection. On the 
other hand, the ResNet model has a higher recall for the LULC class, meaning that it misses fewer instances 
of the LULC class. The F1 score, which balances recall and precision, is useful when one is high and the  
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Figure 4. Data distribution of Subset No. 9. The arrows and numbers indicate the misclassified data 
and their entropy (in [bits]). (a) 3D data distribution of the ViT model; (b) 2D data distribution of the 
ViT model; (c) 3D data distribution of the ResNet50 model; (d) 2D data distribution of the ResNet50 
model. 
 
other is low. However, in this experiment, the F1 score is higher for the ViT model in the LUAD and Normal 
classes, while it is higher for the ResNet50 model in the LULC and LUSC classes. Specificity is a metric that 
evaluates how well false detections are minimized. In this experiment, the ViT model has higher specificity 
in the LULC and Normal classes, while the ResNet model is higher in the LUAD and LUSC classes. These 
results make it difficult to compare the performance of the two models. Thus, using only conventional eval-
uation metrics derived from the confusion matrix has limitations in comparing the performance of deep 
learning models. 

The second column of Table 1 and Table 2 shows the cross entropy for each class, calculated from the 
probability distributions output by the models. Cross entropy is used as a metric to measure the discrepancy 
between the model’s output probability distribution and the true class distribution (target distribution). A 
smaller value (closer to 0) indicates that the model’s predictions are closer to the target distribution and are 
therefore more accurate. In other words, it quantitatively represents how reliable the model’s predictions 
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are. From Table 1 and Table 2, the average cross entropy value is 0.172 for the ViT model and 0.263 for the 
ResNet50 model. This result suggests that the ViT model is closer to the true probability distribution and is 
a less uncertain model. Similarly, assuming each lesion as positive, the ViT model can be interpreted as 
having lower uncertainty than the ResNet50 model in the classification of LUAD, Normal, and LUSC, while 
the ResNet50 model has lower uncertainty for LULC. Thus, by using cross entropy as an evaluation metric, 
it is possible to compare uncertainty between multiple models and across classes within a single model, 
allowing for assessment from the perspective of reliability. 

On the other hand, deep learning models are affected by the quality and quantity of the training data. 
Table 3 and Table 4 show the cross entropy of the 10 subsets in the 10-fold cross validation for the ViT and 
ResNet50 models. In Table 4, subset No. 7 shows a cross-entropy value of 1.391 for the LUAD class, which 
is significantly higher compared to the LUAD values in other subsets. This value indicates that the predic-
tions for the LUAD class are uncertain (ambiguous), suggesting that there is room for improvement. These 
results imply that by using cross entropy as a metric, it is possible to revise the training process and improve 
the quality of the data. 

Additionally, Table 3 and Table 4 show that even when accuracy is the same, the average cross entropy 
is not equivalent. This suggests that the uncertainty within the models differs, even if the classification ac-
curacy is identical. For instance, in subset No. 9, the accuracy for both models is 0.946, but their cross-
entropy values differ. In subset No. 9, the cross entropy for the LUAD, LULC, and Normal classes is lower 
in the ViT model compared to the ResNet50 model. This indicates that the ViT model is closer to the target 
distribution (more accurate with lower uncertainty) than the ResNet50 model. Conversely, in the LUSC 
class, the higher cross entropy value for the ViT model suggests that the ResNet50 model is more accurate. 

Figure 4 visualizes these data distributions. Each point in the figure represents a single image data, and 
the four color-coded clusters indicate the classification results of the four lesion classes by the model. Mis-
classified data appear as isolated points. Figure 4(a) and Figure 4(b) show the data distribution of subset 
No. 9 for the ViT model, while Figure 4(c) and Figure 4(d) show the data distribution of subset No. 9 for 
the ResNet50 model. Since the model outputs are probabilities, the mean information (entropy) was calcu-
lated here as a measure of data distribution and model interpretability. 

In the ViT model shown in Figure 4(a) and Figure 4(b), one point (corresponding to one image) with 
a true label of LUSC (purple) is located near the LUAD (red) cluster, with an entropy value of approximately 
0.5. This indicates that the ViT model, while having relatively high confidence that the image belongs to the 
LUAD (red) class (and lower confidence in other classes), made an uncertain decision and misclassified it. 
A similar interpretation can be made for the point where LULC (blue) was misclassified as LUAD (red) with 
an entropy value of 0.430. On the other hand, another point where LULC (blue) was misclassified as LUAD 
(red) with an entropy value of 0.261 suggests that the model had high confidence in the LUAD (red) classi-
fication (with only slight uncertainty) when making the incorrect classification. On the other hand, the point 
where LUAD (red) was misclassified as LULC (blue) with an entropy value of 0.042 can be interpreted as a 
confident error. From this perspective, in the ResNet50 model shown in Figure 4(c) and Figure 4(d), the 
data where LUAD (red) was misclassified as LULC (blue) with an entropy value of 0, and the data where 
LULC (blue) was misclassified as LUSC (purple) with an entropy value of 0.06, can also be considered as 
errors made with strong confidence. This indicates that the model is over-confident (outputting a high score 
despite being incorrect in its prediction). 

In the two images where LUSC (purple) was misclassified as LUAD (red) in Figure 4(c) and Figure 
4(d), the entropy values for both are above 1.0. This indicates that the model is equally confident between 
the two classes out of the four, resulting in indecision. Naturally, uncertainty is also present in the correct 
predictions. The cross-entropy method proposed in this study quantitatively represents these and is used 
for performance evaluation.  

Current ViTs face several limitations that affect their performance and usability [47-51]. They require 
substantial computational and memory resources, making them challenging to deploy in resource-limited 
environments. ViTs also demand large amounts of training data, which raises concerns about their efficiency 
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compared to traditional models. The fixed-size patch grid used in ViTs limits their flexibility in real-world 
applications, and quantization can lead to performance degradation, complicating their use in low-resource 
settings. Additionally, ViTs may produce underconfident predictions due to nonlinear responses, which can 
hinder decision-making. These challenges underscore the need for further research to improve the efficiency 
and adaptability of ViTs. 

Our study has some limitations. First, due to computational resource constraints, the ViT and ResNet50 
models were fine-tuned using pre-trained models on the ImageNet 2012 dataset (with a resolution of 384 × 
384 and over 14 million images). If the models are pre-trained on a larger dataset (on the order of billions), 
the prediction results and uncertainty could significantly change. Therefore, the usefulness of the proposed 
method, which evaluates performance using cross-entropy, needs to be further validated. Second, we used 
an open-source dataset, which is easily accessible but may have labeling errors that we couldn’t completely 
eliminate. Third, the potential bias within a single training dataset may limit the generalizability of the study 
findings to other datasets. Fourth, the relatively small dataset size of 748 CT images may have impacted the 
generalizability of the deep learning model results. To further optimize the model applications, it is im-
portant to validate the models using larger and more diverse datasets. Future research should focus on this 
aspect. 

In conclusion, while the ViT outperformed the CNN-based ResNet50 in lung cancer classification from 
chest CT images, the performance differences were small and may not be clinically significant. Although 
ViTs have shown superior results in general imaging datasets, these findings suggest it may be premature to 
replace CNNs with ViTs in this specific application. Nonetheless, this study highlights the potential of ViTs 
and lays the groundwork for future advancements in the field. 
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