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Abstract
Objective: This study aims to automatically classify lung conditions into normal,
non-small cell lung cancer (NSCLC), and small cell lung cancer (SCLC) using
[18F] FDG PET/CT images and deep learning.
Methods: PET/CT scans from 146 patients (1974 scans) were retrospectively
analyzed using two strategies: (1) transfer learning with pre-trained CNNs,
and (2) a custom CNN (Res-SE Net) incorporating residual and squeeze-and-
excitation (SE) modules. A patient-based data splitting approach was used to
avoid data leakage. Models were trained and validated at the scan level and
evaluated at the patient level using majority voting. Grad-CAM was employed to
generate lesion-localization heatmaps.
Results: Among the seven evaluated CNN models, the proposed Res-SE Net
demonstrated superior performance, achieving an accuracy of 91.67% and a
sensitivity of 92.00% in detecting NSCLC, and an accuracy of 90.14% with a
sensitivity of 90.00% for distinguishing SCLC cases. When tested on an exter-
nal dataset, the model attained an accuracy of 98.00% in binary classification
(Normal vs. Cancer). In the three-class classification task, the model achieved
an accuracy of 73.02% for NSCLC and 66.26% for SCLC.
Conclusion: These findings demonstrate the potential of Res-SE Net architec-
ture for accurate multi-class lung cancer classification using [18F] FDG PET/CT
images.
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1 INTRODUCTION

Lung cancer is the leading cause of cancer-related
deaths worldwide.1 It is crucial to have an accurate
diagnosis of lung cancer due to its low survival rate.2

There are two main types of primary lung cancer: small-
cell lung cancer (SCLC) and non-small-cell lung cancer
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(NSCLC). This category is based on the appearance of
cells in malignancy when viewed under a microscope.

There are several established procedures for diag-
nosing lung cancer, such as pathological assessment
and medical imaging. A computed tomography (CT)
scan lacks functional information, making it difficult to
identify low-contrast abnormalities.3 Positron emission
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tomography (PET) is commonly used for cancer imag-
ing. The increased metabolic activity of cancer cells
leads to greater uptake of radiopharmaceuticals, facil-
itating functional imaging.1 Using 18F-FDG PET/CT for
assessing the anatomical and metabolic characteris-
tics of malignancies can increase diagnostic accuracy.4

Despite the availability of advanced imaging techniques
such as PET-CT, the current methods for diagnosing
tumors may still be prone to errors.One significant draw-
back is the occurrence of False Positives (FP), which
can be caused by inflammation or infection due to other
lung diseases.Moreover,PET/CT scans may sometimes
result in False-Negative (FN) findings, particularly in
cases of low-growth lesions (primary or metastatic).5

Additionally, the process of investigating vast amounts
of data by clinicians could be time-consuming and
monotonous, which can lead to inaccurate diagnosis.

In recent times, Artificial Intelligence (AI) has made
remarkable strides in computer aided diagnosis (CAD),
particularly in the classification of biomedical images.
Various studies have been conducted to improve
radiology interpretation time by using computer-aided
detection (CADe) to identify missed tumors,6–8 detect
metastases,6 and enhance radiologist sensitivity for rec-
ognizing abnormalities.9 Presently, tumors are typically
diagnosed without the assistance of AI in clinical prac-
tice, which leads to issues such as poor reproducibility
even among professionals,10,11 and the consumption of
time and labor. By utilizing computer systems for auto-
matic cancer diagnosis, it can act as a doctor’s assistant
and reduce errors.12

Deep learning has several applications in medi-
cal imaging, such as differential pathology diagnosis,
pathology detection, and segmentation.13 CAD systems
can be used in various medical imaging modalities,
including nuclear medicine, CT scanning, MRI, and x-
ray radiography.7 A deep learning model has been
developed to diagnose pneumonia and pneumothorax
from chest x-ray images.14 Another system uses resid-
ual neural networks to classify lung cancer into its
subtypes from CT images.15 Additionally, convolutional
neural networks have been utilized to identify COVID-
19 in CT scans.16 Alves et al.17 investigated the use
of deep learning in 2D [18F] FDG-PET/CT to differenti-
ate between benign and malignant lung nodules. Their
model achieved a sensitivity of 80.00%, a specificity
of 69.23%, and an accuracy of 73.91%. Punithavathy
K et al. utilized PET/CT scans to distinguish between
NSCLC and healthy patients using several types of
conventional machine learning classifiers.18 Meanwhile,
Han et al.19 demonstrated that machine learning tech-
niques combined with radiomic features can also be
useful in differentiating between NSCLC subtypes.
Unlike radiomics, which has predetermined character-
istics, deep learning features are learned in tandem
with clinical problems. While previous research has
addressed distinguishing healthy individuals from either

SCLC or NSCLC cases, developing a model capable of
accurately classifying among three categories—normal,
SCLC, and NSCLC—remains highly relevant for clinical
decision-making and screening applications.

Therefore, the main objective of this study is to
develop and evaluate deep learning models capable of
accurately classifying lung images into three clinically
significant categories: normal, SCLC, and NSCLC. To
achieve this, we implemented and compared two mod-
eling strategies: (1) fine-tuning several state-of -the-art
pre-trained CNN architectures, and (2) designing a cus-
tom CNN model from scratch, incorporating Residual
and squeeze-and-excitation (SE) blocks for enhanced
feature representation. Additionally, we employed class
activation mapping techniques to generate heatmaps
that visualize model attention and aid in clinical inter-
pretation.

The paper is organized in the following manner:
The “Materials and Methods” section explains the data
used and the technique employed. The Results section
contains the experimental findings. Lastly, the “Discus-
sion and Conclusion” section covers the discussion and
conclusion.

2 MATERIALS AND METHODS

This study consists of five main stages: data gather-
ing, pre-processing, data splitting, model development,
and model evaluation. During the pre-processing stage,
we applied image resizing, normalization, and data aug-
mentation. Data splitting was performed using k-fold
cross-validation (k = 5) to ensure robust performance
evaluation. For model development, we fine-tuned sev-
eral pre-trained networks and also designed a custom
CNN architecture incorporating Residual and SE atten-
tion modules. Model performance was assessed using
standard evaluation metrics, and heatmaps were gener-
ated to visualize class-discriminative regions. An overall
flow diagram of the proposed methodology is presented
in Figure 1.

2.1 Dataset

The study included patients who visited Kowsar hos-
pital between June 2019 and March 2025. A total of
146 patients (1974 2-D scans) were included in the
study. Out of these, 933 scans were classified as nor-
mal with no signs of malignancy, while 539 scans were
diagnosed as NSCLC, and 502 as SCLC. Overview of
data collection is presented in Figure S1. To further
assess the performance of our model, we evaluated it
on cases from The Cancer Imaging Archive (TCIA) that
met our inclusion criteria, consisting of 44 patients with
30 NSCLC cases (598 scans) and 14 SCLC cases (378
scans).20
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F IGURE 1 Overall flow diagram of the proposed methodology.

2.2 PET/CT imaging and labeling

After fasting for 6 h and waiting approximately 60–
80 min after receiving an intravenous FDG injection,
PET/CT images of the whole body were taken.Although
the whole body of the patients was scanned, only the
images relevant to the thorax were selected for the study.
All image labeling was performed by an experienced
specialist in nuclear medicine with over 30 years of
clinical experience. For cases that were ambiguous or
required further confirmation, the physician referred to
the patients’ official medical reports, which were avail-
able in their clinical records. These reports, prepared
by different attending physicians, provided an additional
reference to ensure accurate labeling. In instances of
uncertainty, the final labeling decision was made based
on a thorough review of both the image data and the cor-
responding clinical documentation.The PET/CT images
of the TCIA dataset were acquired under conditions sim-
ilar to those used in our study.Patients underwent fasting
for at least 6 h, and whole-body scans were acquired 60
min after intravenous injection of 18F-FDG. According
to the TCIA documentation, the annotation and labeling
of images were done by experienced radiologists.20

2.3 Image preprocessing and
augmentation

The Philips scanner provided 2D PET/CT image slices
with dimensions of 363 × 657 × 3. To remove unneces-
sary information, these images were cropped to achieve
image sizes of 245 × 457 × 3. The dataset had 1974
2D images, which were divided into a training set (80%)
and a test set (20%). The training set was further
divided into five folds for cross-validation. A random
sampling process was done at the patient level to pre-
vent biased estimations of test performance. So, there
is no data leakage between the training and test set.
To enhance the performance of the CNN models and
a balance between three groups, the training set under-
went data augmentation techniques such as rotation,
shift, and zooming. Furthermore, all images underwent
normalization using min-max scaling.

The 2D PET/CT selected images of the TCIA
dataset included 1103 images. These images initially
had dimensions of 512 × 512 × 3; after cropping

to remove unnecessary pixels, the final dimensions
became 318 × 512 × 3.

2.4 Model development

The Convolutional Neural Network (CNN) is a highly
effective algorithm used in computer science.21 CNN
layers consist of three main types:convolutional,pooling,
and fully connected layers.The convolutional layer,a key
component of CNNs, identifies input image features by
applying kernels. Pooling layers reduce the size of fea-
ture maps and network parameters by down-sampling
the output of convolutional layers using pooling kernels.
Fully connected layers are responsible for classifying
the input image and are typically found at the end of
each CNN network design. The output generated by
these layers can be used for image categorization (as
shown in Figure 2). In this study,we investigated two dis-
tinct modeling strategies.The first approach involved the
use of well-established pre-trained architectures such
as ResNet22; DenseNet23; Inception24 and Xception,25

while the second focused on the development of a
custom-designed CNN from scratch. The details of both
approaches are described in the following sections. The
selection of these architectures was driven by their
demonstrated efficacy in image classification, architec-
tural diversity,and broad acceptance within the research
community.

2.4.1 Model development using
pre-trained CNNs

Transfer learning offers a promising solution to over-
come data limitations in machine learning.26 It is a
technique that involves utilizing the learned features
from training a base network on a large dataset and
transferring them to a target network. The main idea
behind this technique is to apply the knowledge gained
from solving a task with abundant labeled data to
another task with fewer training examples. By doing
this, the target network can benefit from the param-
eters learned from solving a related task, and its
learning process does not start from scratch. In this
study, Six CNN models, including InceptionV3, Incep-
tionResNetV2, Xception, DenseNet201, ResNet101V2,
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F IGURE 2 Workflow of the model development using pre-trained convolutional neural networks. The pre-trained CNNs include frozen
convolutional layers for feature extraction, while the classifier layers are fine-tuned to perform lung cancer classification.

and ResNet152V2 were used. These architectures are
pre-trained networks on the ImageNet dataset, which
enabled them to learn a diverse set of low- and mid-level
features from a large-scale natural image repository.
Specifically, the convolutional base of each model was
initialized with ImageNet weights. Then we replaced the
last layers of these networks with the designed fully
connected networks (FCNs) illustrated in Figure 2. For
model adaptation, we customized the degree of fine-
tuning based on the architecture: the initial layers of
networks were frozen to preserve the generic features
learned on ImageNet, while a subset of higher-level lay-
ers (e.g., the top eight convolutional layers in Xception)
were left trainable to adapt to the domain-specific fea-
tures of PET/CT images. As shown in Figure 2, the
original classification heads were replaced with a cus-
tom series of dense layers, including fully connected
layers activated by ReLU and a final sigmoid-activated
node for binary/three-class cancer probability predic-
tion. The input size of the networks was adjusted to
245 × 457 to match the PET/CT image size, while
maintaining compatibility with the pre-trained back-
bone. Optimization was performed using Adam or SGD
optimizers, often with exponential learning rate decay
schedules to gradually reduce the learning rate dur-
ing training. These configurations allowed the model
to maintain stability while learning new representations
adapted to the PET/CT imaging task. Comprehensive
details regarding the fine-tuning procedures for each
network are presented in Table S1.

3 MODEL DEVELOPMENT USING
CUSTOM CNN (RES-SE NET)

To overcome the limitations observed with standard pre-
trained models in the context of our multiclass lung can-

cer classification task, we designed and implemented a
custom CNN from scratch. The custom-designed archi-
tecture, referred to as Res-SE Net, integrates two types
of convolutional blocks: (1) Residual blocks enhanced
with SE attention (Res-SE Block); Figure 3a, and (2)
Standard convolutional blocks without residual connec-
tions (Norm. Conv Block); Figure 3b. These two block
types are alternated throughout the network to effec-
tively capture both low-level and high-level features from
the input images. As illustrated in Figure 4, the network
begins with a Res-SE block that reduces spatial dimen-
sions (stride = 2), followed by alternating normal and
residual blocks with constant stride. Each block is fol-
lowed by MaxPooling and Dropout2D layers to improve
generalization and reduce overfitting.

3.1 Residual-SE block

Residual connections were introduced to address the
degradation problem in deep neural networks. In a
residual block, the input is directly added (via a skip
connection) to the output of the convolutional layers.
This shortcut pathway allows gradients to flow more
effectively during training and helps preserve low-level
features across the network layers.27 To enhance the
discriminative capacity of the network, particularly in
highlighting diagnostically relevant image regions, we
embedded SE attention modules within each residual
block.28 The SE mechanism introduces channel-wise
attention by first compressing spatial information using
global average pooling (squeeze),and then recalibrating
each channel with learned importance weights (excita-
tion). This enables the network to focus more strongly
on feature channels that are critical for identifying
disease-relevant patterns.As illustrated in Figure 3a, the
original feature maps obtained after two convolutional
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F IGURE 3 Schematic illustration of two primary building blocks: (a) Res-SE Block, which integrates residual connections with channel-wise
attention (squeeze-and-excitation), (b) Norm. Conv block consists of standard convolutional operations without skip connections.

F IGURE 4 Architecture of the custom-designed convolutional neural network (CNN) along with heatmap visualization. The model
alternates between two types of building blocks: Res-SE Blocks (Residual blocks with squeeze-and-excitation attention) and Normal
Convolutional Blocks. These are followed by a global average pooling layer and a fully connected classifier, which maps the extracted features to
the final class predictions (Normal, SCLC, NSCLC).

layers were rescaled using the learned channel-wise
weights from the SE attention block. This mechanism
effectively enhances feature channels that are most
relevant to the classification task—such as those asso-
ciated with tumor characteristics—while suppressing
less informative or redundant features. This mecha-

nism introduces minimal computational overhead while
enabling the model to dynamically focus on the most
diagnostically relevant patterns, a critical aspect when
dealing with subtle visual differences among cancer
types. The details of the SE blocks are presented in
Figure 3a.
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3.2 Standard convolutional block

Each Res-SE Block in the proposed architecture is fol-
lowed by a standard Convolutional block (Norm. Conv
Block), which consists of two sequential 3×3 convo-
lutional layers, each followed by batch normalization
and LeakyReLU activation. Unlike the residual blocks,
these standard blocks do not include skip connections or
attention mechanisms.This alternation between Res-SE
and Norm. Conv blocks contributes to a richer feature
representation, enabling the network to better distin-
guish between small cell,non-small cell,and normal lung
tissue patterns.

Following the final convolutional stage, a global aver-
age pooling layer compresses the spatial dimensions
to 1 × 1, producing a 512-dimensional feature vector
(see Figure 4).This vector is then passed through a fully
connected classification head comprising a dense layer
(512→256) with LeakyReLU activation and dropout
(p = 0.6), followed by a final dense layer (256→num of
classes) that outputs softmax probabilities correspond-
ing to the three classes:normal,SCLC,and NSCLC.The
custom CNN model was trained for 200 epochs using a
batch size of 64, a learning rate of 0.001with a weight
decay of 1e-4 for regularization.

3.3 Heat map generation using
Grad-CAM

To visualize class-specific attention and identify diag-
nostically relevant regions in the input images, we
applied Gradient-weighted Class Activation Mapping
(Grad-CAM).29 This method analyzes the sensitivity
of the model’s predictions to various spatial regions
within the image by computing gradients with respect
to the feature maps of the final convolutional layer.
Grad-CAM generates a heatmap that highlights the
image regions most influential to the model’s decision—
typically corresponding to abnormal tissue structures or
lesions. These visual explanations not only help clin-
icians interpret the AI’s focus but also validate that
the model is attending to anatomically and patholog-
ically meaningful areas. Importantly, the effectiveness
of Grad-CAM depends on the spatial resolution of the
final convolutional feature maps. If excessive pooling
or downsampling occurs in the network, the resulting
maps may lose critical localization detail. Therefore,
in our model, we carefully preserved spatial informa-
tion by maintaining a sufficiently high-resolution feature
map in the last convolutional layer before global aver-
age pooling. This design ensures that the generated
heatmaps retain meaningful spatial correspondence to
the original image—enabling reliable visualization of
potential disease areas. Technically, we computed the
gradients of the predicted class score with respect to the
selected convolutional feature maps. These gradients

were then globally averaged across spatial dimensions
to obtain importance weights for each channel. By per-
forming a weighted sum of the feature maps using these
weights,we obtained a class-specific heatmap.The final
heatmap was then upsampled to match the resolution
of the input image. Notably, this process can also be
effectively implemented using the pytorch_grad_cam
library.

3.4 Patient-level classification

In this study, the proposed networks were primarily
trained and evaluated on individual scan-level (slice-
based) images. However, for clinical relevance and
robust performance assessment, we additionally per-
formed a patient-based evaluation. In this approach,
for each patient, the model generates predictions for
all corresponding image slices. A majority voting strat-
egy is then applied to determine the final predicted
label for the patient. An illustration of this patient-level
decision-making process is provided in Figure 5.

4 RESULTS

We implemented the pre-trained CNN models using the
Keras framework with TensorFlow as the backend,while
the custom Res-SE Net architecture was developed and
trained using the PyTorch library. To assess the effec-
tiveness of the proposed classification methodology,
we used various metrics such as accuracy, sensitiv-
ity, specificity, and area under the receiver operating
characteristic (ROC) curve (AUC). For all the model
performance results the thresholding approach for sen-
sitivity and other metrics is argmax-based thresholding,
where the predicted class is the one with the highest
predicted probability. This means a fixed implicit thresh-
old derived from the maximum probability is used rather
than an explicit probability threshold for each class.
Furthermore, we calculated AUC for each class using
one-vs-rest ROC curves leveraging the predicted class
probabilities.

In addition to the primary three-class classification
task, we also conducted a binary classification (can-
cer vs. healthy) as an initial baseline. The experimental
results using pre-trained and our custom Res-SE mod-
els for three-class classification are reported in Table 1.
The full results of the binary task using pre-trained and
our custom Res-SE models,are also provided in Table 2
and the Figure S2.An effective way to assess the perfor-
mance of diagnostic tests is by plotting the true positive
rate (TPR) against the false positive rate (FPR) on a
graph, which is called the ROC curve. The diagnostic
accuracy of a study is enhanced when the AUC is closer
to 1.30 So, we obtained the ROC curve and confusion
matrix, as indicated in Figure 6. For further evaluation
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F IGURE 5 Patient-level prediction using majority voting. The final label for each patient is determined based on the most frequent
prediction across all corresponding scan slices.

TABLE 1 Performance of CNN models for three-class lung cancer classification (Normal, NSCLC, SCLC). The table summarizes the
evaluation metrics obtained for each model on the test set, highlighting their ability to differentiate between healthy cases and two major lung
cancer subtypes.

Model Accuracy Precision Sensitivity Specificity AUC

Xception model 88.91 85.84 93.71 83.91 93.23

ResNet101V2 model 88.17 87.32 89.85 86.43 93.64

ResNet152V2 model 89.90 88.78 91.78 87.93 95.90

InceptionResNetV2 model 81.77 81.22 83.57 79.89 89.68

InceptionV3 model 91.13 89.76 93.23 88.94 95.20

DenseNet201 model 83.49 81.25 87.92 78.89 90.18

Our proposed Res-SE Net 100 100 100 100 1

Our proposed Res-SE Net (External Test) 98.00 99.89 98.36 98.97 99.52

TABLE 2 Performance of CNN models for two-class lung cancer classification (Normal and lung cancer (NSCLC/SCLC)). The table
summarizes the evaluation metrics obtained for each model on the test set, highlighting their ability to differentiate between healthy cases and
two major lung cancer subtypes.

NSCLC SCLC Normal
Network Accuracy Sensitivity Specificity AUC Accuracy Sensitivity Specificity AUC Accuracy Sensitivity Specificity AUC

InceptionV3 78.36 67.35 83.57 0.88 73.44 66.06 77.55 0.82 94.43 86.73 98.07 0.99

Inception-
ResNetV2

76.39 50.00 88.89 0.88 74.43 74.31 74.49 0.85 97.38 97.96 97.10 0.99

Xception 74.10 45.92 87.44 0.81 72.79 67.89 75.51 0.75 94.10 97.96 92.27 1

DenseNet201 75.08 47.96 87.92 0.80 73.77 78.90 70.92 0.83 97.38 91.84 100.00 0.99

ResNet152V2 71.80 19.39 96.62 0.85 68.85 92.66 55.61 0.86 96.39 90.82 99.03 1

Our proposed
Res-SE Net

91.67 92.00 95.85 0.99 90.14 90.00 95.88 0.98 98.98 99.00 100 1

Our proposed
Res-SE Net
(External Test)

73.02 73.08 54.35 0.73 66.26 41.99 78.88 0.69 98.49 98.98 98.44 1

of the results, heat maps were generated for normal,
NSCLC and SCLC cases using Grad-CAM approach
(Figure 7).

We evaluated the patient-level performance using our
proposed Res-SE Net, which achieved the highest clas-
sification accuracy in the previous experiments.For each

patient in the test dataset, predictions were generated
for all corresponding scans,and the final label was deter-
mined through majority voting.This approach resulted in
100% accuracy, sensitivity, and specificity at the patient
level. Although a few individual scans were misclas-
sified, the aggregated decision consistently matched
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F IGURE 6 Performance of the proposed Custom Res-SE Net model. The ROC curve (a) illustrates the model’s ability to distinguish
between classes, while the confusion matrix (b) shows the classification results on the test set, highlighting the distribution of true and predicted
labels.

F IGURE 7 Class-specific regions of the input images visualized using heatmaps with color intensities ranging from dark blue to red. Red
areas indicate regions with strong relevance to the predicted class. (a, d) Sample from an NSCLC case and its corresponding heatmap; (b, e)
Sample from an SCLC case and its corresponding heatmap; (c, f) Sample from a normal case and its corresponding heatmap.

the ground truth, confirming the robustness and clinical
reliability of the Res-SE Net model.

As previously mentioned, several images from the
TCIA dataset were used to assess the models’ per-
formance on an unseen external dataset. Since all
these images were from patients with lung cancer,
and no normal images were included, metrics such as
precision, specificity, and area under the ROC curve
(AUC) could not be calculated. Models were tested

on this external dataset, and only those demonstrating
significant performance are reported here. The Incep-
tionV3, ResNet152V2, and Xception and our proposed
model for distinguishing lung cancer achieved classifi-
cation accuracies of 80.22%, 77.43%, and 76.83%, and
98.00%, respectively. Furthermore, the model reached
an accuracy of 73.2% for NSCLC,while the performance
for SCLC was notably lower,reflecting the greater clinical
challenge in detecting this subtype.
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5 DISCUSSION AND CONCLUSION

Accurate diagnosis of lung cancer is crucial for pro-
viding appropriate care and treatment to patients.
Medical imaging tests are commonly used for can-
cer diagnosis, and PET/CT imaging is a popular
method that provides both anatomical and functional
information. However, cancer diagnosis from medical
images has limitations and is susceptible to errors.
Fortunately, recent developments in AI, particularly
in medicine, have shown promising results. Accord-
ingly, a computer-aided diagnosis system has been
designed to diagnose lung cancer from 2D PET/CT
images.

In this study,we developed and evaluated deep learn-
ing models for the three-class classification of lung
cancer using [18F] FDG-PET/CT images, aiming to
differentiate between normal, NSCLC, and SCLC. Addi-
tionally, we developed a binary classification model to
distinguish healthy individuals from patients with lung
cancer.

In the model development phase, pre-trained net-
works performed well in binary classification tasks (nor-
mal vs.cancer);however,they failed to deliver acceptable
performance in the more challenging three-class clas-
sification, particularly in distinguishing between NSCLC
and SCLC. This limitation can be attributed to two main
factors: (1) the dataset for NSCLC and SCLC was
relatively small, limiting the network’s ability to learn
class-specific features; and (2) pre-trained networks,
while powerful,are often overly complex for small, imbal-
anced datasets, which can lead to overfitting or poor
generalization.

To address this, we required a model that is not
only lightweight but also capable of focusing on lesion-
relevant features. Therefore, we designed a custom
CNN architecture combining residual connections and
SE attention modules. The residual connections help
reduce optimization difficulties in deeper networks,while
the SE blocks enhance the network’s ability to focus
on the most informative feature channels. This hybrid
architecture—Res-SE Net—proved more effective in
distinguishing between normal, NSCLC, and SCLC
classes in our dataset. The purpose of inserting Norm.
Conv Block between Res-SE Blocks is twofold: (1) They
allow the network to further refine the feature maps
extracted by the preceding residual-attentive block,
adding nonlinear transformations without increasing
architectural complexity. (2) They help to balance model
regularity and depth, preventing over-dependence on
shortcut connections, and enabling the network to learn
both enhanced (attention-weighted) and plain hierar-
chical features. This design enables the network to
retain spatial and contextual information more effec-
tively, enhance feature representation by emphasizing
informative channels, and maintain stable gradient flow
in deeper layers. Compared to standard pre-trained

models, Res-SE Net demonstrated competitive per-
formance, particularly in the multiclass setting, while
offering a more interpretable and architecture-tailored
solution for PET/CT-based lung cancer classification.

A notable strength of the proposed CAD system lies
in its ability to analyze PET/CT images at both the slice
and patient levels. This dual-level analysis reduces the
likelihood of overlooking small lesions, which often con-
tribute to false-negative results in standard radiological
assessments. Furthermore, by generation of heatmaps,
the system localizes cancerous regions, providing inter-
pretable visualizations that can assist clinicians in
verifying model outputs.

To further examine the generalizability of the Res-SE
Net, we evaluated the model using NSCLC and SCLC
cases from the TCIA dataset, combined with normal
cases from our internal cohort.The model achieved high
accuracy for normal detection (98.49%, AUC = 1.0),
confirming its robustness in discriminating cancer ver-
sus non-cancer cases. For NSCLC, the accuracy was
73.02% (AUC = 0.73), whereas performance for SCLC
was lower (accuracy 66.26%, AUC = 0.69). These find-
ings suggest that while the proposed model generalizes
well for binary cancer detection, distinguishing between
NSCLC and SCLC across different cohorts remains
challenging. The relatively limited number of external
SCLC cases, together with overlapping imaging fea-
tures of SCLC and NSCLC,may have contributed to this
reduced performance. Future work with larger and more
balanced multi-center datasets is required to improve
subtype classification.

Several recent studies have explored the application
of deep learning in classifying lung cancer subtypes;
however, most focus either on binary classification18

or on distinguishing NSCLC subtypes without including
SCLC or healthy controls.31,32

Punithavathy K et al.18 utilized machine learning tech-
niques to classify NSCLC and healthy populations. As
SCLC is known to be the most aggressive type of
lung tumor with high metastatic potential, making diag-
nosis a crucial problem. Besides, machine learning
algorithms require handcrafted features,which is a labo-
rious process that is sensitive to changes in image
acquisition, pre-processing, and feature calculation. So,
comparison with existing literature affirms the competi-
tive performance of the proposed model. Prior studies
utilizing deep learning for lung cancer diagnosis from
PET/CT images reported accuracies ranging from 73%
to 89%.17,18 The higher accuracy achieved in this study
can be attributed to the development of our proposed
Res-SE Net, data augmentation, and careful patient-
level data splitting, which mitigated data leakage and
overfitting.

Despite these promising results, several limitations
must be acknowledged. The dataset size, while com-
prehensive, remains relatively small, potentially limit-
ing the model’s capacity to generalize to rare lung
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cancer subtypes. Additionally, integrating clinical data,
such as patient history and biomarkers, with imaging
data could lead to more holistic diagnostic models.
In conclusion, this study presents a robust CAD sys-
tem capable of accurately diagnosing lung cancer
from 2D PET/CT images, with the potential to aug-
ment clinical workflows and reduce diagnostic errors.
Continued advancements in deep learning (3D classi-
fication) and access to larger, diverse datasets will be
pivotal in translating this technology into routine clinical
practice.
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