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Abstract

Critical challenges in medical diagnosis are being increasingly
addressed through applications of artificial intelligence. Accurate
detection and classification of non-small cell lung cancer (NSCLC)
nodules smaller than 3 mm, along with reliable recurrence risk
prediction, are essential for early diagnosis and improved patient
outcomes. However, these tasks remain technically challenging. Existing
approaches often struggle to detect and classify very small nodules
because of limited image resolution and inadequate feature
representation, which in turn negatively impacts recurrence risk
prediction. To address these limitations, this study proposes an
advanced deep learning framework that integrates a convolutional
neural network (CNN)-transformer hybrid model. The CNN component
extracts fine-grained local features from high-resolution computed
tomography (CT) scans, while the transformer captures long-range
contextual dependencies to enhance classification and prediction
performance. The experimental results demonstrate a detection
accuracy of 95% and a classification accuracy of 93% for nodules
smaller than 3 mm. Overall, the proposed framework achieves 96%
detection accuracy, 94% classification accuracy for small nodules, and
90% accuracy in recurrence risk prediction. Furthermore, the model
provides enhanced interpretability, thereby supporting clinical
decision-making. These findings indicate significant advancements in
early NSCLC diagnosis and treatment planning.

Keywords: Medical imaging; Non-small cell lung cancer; CNN-
Transformer; Generative adversarial network-based super-resolution;
Recurrence prediction; Machine learning.
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1. Introduction

Lung cancer remains among the leading causes of cancer-
related mortality worldwide, with non-small cell lung
cancer (NSCLC) accounting for approximately 85% of all
cases.ll The early detection and accurate classification of
NSCLC are crucial for improving patient prognosis and
tailoring effective treatment strategies. However,
detecting and classifying small nodules, particularly
those less than 3 mm in size,[2 pose significant challenges
because of the limitations of current imaging techniques
and computational models. Traditional imaging
modalities, such as computed tomography (CT) scans,
often suffer from resolution constraints that hinder
accurate visualization of small nodules.34 Moreover,
conventional machine learning models typically lack the
ability to effectively extract and integrate both local and
global features, leading to suboptimal detection and
classification performance.5si These limitations are
further compounded when predicting the risk of
recurrence, a critical factor in the long-term management
of NSCLC patients.

To address these challenges, the proposed research
introduces a novel, interpretable framework that
leverages advanced deep learning techniques to enhance
the detection, classification, and recurrence risk
prediction of small NSCLC nodules. Central to this
framework is the integration of a CNN-Transformer
hybrid model, which synergistically combines the spatial
feature extraction strengths of convolutional neural
networks (CNNs) with the long-range dependency
modeling capabilities of transformers. This hybrid
approach enables the model to capture intricate features
of small nodules with high precision, achieving a
detection accuracy of 95% and a classification accuracy
of 93%. In addition to the hybrid model, the framework
incorporates a generative adversarial network-based
super-resolution (SRGAN) technique to overcome the
resolution limitations of standard CT scans.sl The SRGAN
enhances the quality of low-resolution medical images by
generating  high-resolution counterparts, thereby
improving the sensitivity of nodules detection. This
method has demonstrated a fourfold increase in image
resolution, leading to a 20% improvement in detection
sensitivity for nodules less than 3 mm in size. The
framework also uses self-attention mechanisms to
dynamically focus on the most relevant regions of the
image, further increasing the detection accuracy by 10%.
To predict the risk of recurrence, long short-term
memory (LSTM) networks!”l are employed to analyze
temporal sequences of medical images, capturing the
progression of the disease over time and providing a
recurrence risk prediction accuracy of 88%.

To ensure the interpretability of the model’s
predictions, layer-wise relevance propagation (LRP) is
applied, generating heatmaps that highlight the critical
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regions influencing the predictions.l8l  This
interpretability aspect is vital for clinical adoption, as it
provides transparency and enhances the trust of medical
professionals in the model's outputs. In summary, this
research presents a comprehensive and interpretable
deep learning-based framework for early detection,
classification, and recurrence risk prediction of small
NSCLC nodules. By addressing the limitations of existing
methods and integrating state-of-the-art techniques such
as CNN-Transformer hybrids, the SRGAN, self-attention,
and LSTM networks, the proposed approach represents a
significant advancement in the field of medical imaging
and cancer prognosis.

1.1 Motivation and contribution

The detection and classification of NSCLC nodules,
particularly those smaller than 3 mm, are pivotal for early
diagnosis and subsequent treatment planning. These
small nodules often indicate early-stage malignancies,
and timely intervention can significantly improve patient
outcomes. However, current imaging techniques and
computational models exhibit limitations in terms of
their resolution and feature extraction capabilities, which
restrict their effectiveness in identifying and classifying
these minute nodules.! Furthermore, predicting the risk
of recurrence in NSCLC patients remains a formidable
challenge, as existing models often fail to capture the
complex temporal dynamics and heterogeneity of tumor
progression. These challenges necessitate the
development of a novel, integrated approach that not only
enhances the detection and classification accuracy of
small nodules but also provides reliable and
interpretable predictions of recurrence risk.

In this context, the proposed research makes several
significant contributions to the field of medical imaging
and cancer prognosis. Some of the contributions are as
follows:

e The core of the proposed framework is a hybrid deep
learning model that combines convolutional neural
networks (CNNs) with transformers.

e The CNN-Transformer hybrid leverages the strengths
of both architectures: CNNs excel in extracting local,
spatial features from high-resolution medical images,
whereas transformers are adept at modeling long-range
dependencies and contextual relationships.

e By integrating these capabilities, the hybrid model
achieves superior performance in detecting and
classifying small NSCLC nodules. Additionally, the
framework incorporates a generative adversarial
network-based super-resolution (SRGAN) technique to
address the resolution limitations of traditional CT
scans.!10]

e The SRGAN enhances low-resolution images by
generating  high-resolution counterparts through
adversarial training, significantly improving the
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visualization and detection sensitivity for small nodules.
The use of self-attention mechanisms further enhances
the model's ability to detect subtle features that are
indicative of small nodules by dynamically focusing on
the most relevant regions of the image samples. This
approach increases the detection accuracy by allowing
the model to prioritize critical areas during the feature
extraction process.

e To predict recurrence risk, the framework employs
long short-term memory (LSTM) networks to analyze
sequential medical images over time, capturing the
temporal patterns associated with disease progression.
To ensure the interpretability of the model's predictions,
the framework utilizes layer-wise relevance propagation
(LRP).

e The proposed approach not only achieves high
detection and classification accuracies but also provides
transparent and reliable predictions of recurrence risk,
addressing a critical need in the management of NSCLC.

2. Literature review

The quest for accurate detection, classification, and
prognosis of lung cancer, particularly NSCLC, has been at
the forefront of medical research for years. Advances in
imaging technologies, computational methods, and data
analytics have driven significant progress in this field.
This review synthesizes findings from recent studies,
highlighting the diverse methodologies employed and
their corresponding results, with an emphasis on both
the achievements and limitations of each approach.
Through this synthesis, we aim to elucidate the current
state of lung cancer research and identify pathways for
future advancements. As shown in Table 1, the studies
under review encompass a variety of techniques ranging
from deep learning models and radiomics to multiple-
modal data integration and genetic analysis. For instance,
the work by Ghita et al. 111 focused on parameterizing
respiratory impedance in lung cancer patients using
forced oscillation lung function tests. This approach
improved the accuracy of lung function tests, yet its
applicability was limited to the specific technique
employed. In contrast, Wu et al. ¥l utilized multiple-view
adaptive weighted graph convolutional networks to
predict the efficacy of immunotherapy in NSCLC and
achieved enhanced prediction accuracy but required
extensive multiple-view data samples.

As shown in Table 1, automation and radiomics-based
methodologies have also received significant attention.
D'Arnese et al. 1% explored the automation of radiomics-
based identification and characterization of NSCLC,
leading to improved accuracy in identification and
characterization. However, this method is heavily
dependent on the quality of positron emission
tomography (PET) or CT images and samples. Similarly,
Tortora et al. 1'2 combined multimodal learning
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approaches for adaptive radiotherapy in NSCLC with
radiomics and pathomics, enhancing treatment
adaptation and personalization but at the cost of complex
data integration processes. Deep learning techniques
have been prominently featured in several studies. Chen
et al.131developed a 3D detection model for NSCLC using
a CNN with multimodality attention, significantly
improving detection accuracy in PET/CT images and
samples. Nevertheless, the high computational
requirements present a challenge for real-time scenarios.
Mohamed and Ezugwu 04 enhanced lung cancer
classification and prediction through deep learning and
multiple omics data, achieving high accuracy but
grappling with the high dimensionality of the data
samples.

On the analytical front, Qureshi et al. 51 visualized
protein—drug interactions to analyze drug resistance in
lung cancer, providing insights into key interactions but
limited them to specific protein—-drug data samples.
Alzubaidi et al. el devised a framework for lung cancer
detection using CT scan images, employing both global
and local feature extraction methods to improve
detection accuracy. However, this approach depends
heavily on high-quality CT scans. The integration of
genetic data and imaging has also shown promise. Wang
et al.1Mused a hybrid deep network to fuse image and
genomics data for diagnosing lung cancer subtypes,
resulting in improved diagnostic accuracy. However, this
method requires sophisticated data integration
techniques. Another notable study by Inoue et al. 118l
reevaluated prophylactic cranial irradiation in small cell
lung cancer through propensity score matching,
providing critical insights into the effectiveness of cranial
irradiation in clinical scenarios.

The synthesis of methodologies and findings from
Table 1 reveals a landscape rich in innovation and
technological advancement in lung cancer research. The
diverse array of techniques employed across these
studies underscore the complexity of accurately
detecting, classifying, and predicting the prognosis of
lung cancer. While each method presents unique
strengths, certain limitations persist, suggesting areas
where future research can build upon these foundations.
One of the prominent themes across these studies is the
integration of various data types to increase the accuracy
and robustness of diagnostic and prognostic models. For
example, the fusion of imaging and genomics data, as
demonstrated by Wang et al. 17} significantly improved
the accuracy of lung cancer subtype diagnosis. This
method highlights the potential of multiple-modal data
integration to provide a more comprehensive
understanding of lung cancer, although it also highlights
the challenge of managing and analyzing such diverse
datasets effectively.

Deep learning models, particularly those employing
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Table 1: Review of existing methods.

Reference ~ Method used Findings Results Limitations
[9] Multiple View Adaptive  Predicted immunotherapy = Enhanced prediction Requires extensive
Weighted Graph efficacy for NSCLC accuracy for multiple view data
Convolutional immunotherapy
Networks response
[10] Automation of Automated identification Improved identification =~ Dependence on high-
Radiomics-Based and characterization of and characterization quality PET/CT images
Identification NSCLC using radiomics accuracy
[11] Parameterization of Parameterized respiratory  Improved lung function  Limited to forced
Respiratory Impedance  impedance in lung cancer test accuracy oscillation technique
patients
[12] RadioPathomics: Combined radiomics and Enhanced treatment Complex integration of
Multimodal Learning pathomics for adaptive adaptation and multimodal data
radiotherapy in NSCLC personalization
[13] Multimodality 3D detection of NSCLC Improved 3D object High computational
Attention-Guided 3-D using CNN and detection accuracy in requirements
Detection multimodality attention PET/CT images
[14] Deep Learning and Enhanced lung cancer Improved classification = High dimensionality of
Multiple Omics Data classification and and prediction accuracy  omics data
prediction using deep
learning
[15] Visualization of Analyzed protein-drug Identified key Limited to protein-drug
Protein-Drug interactions for lung interactions affecting interaction data
Interactions cancer drug resistance drug resistance
[16] Global and Local Developed a framework Enhanced detection Dependency on high-
Feature Extraction for lung cancer detection accuracy using quality CT scans
Framework using CT scans combined feature
extraction
[17] Image-Genomics Data Diagnosed lung cancer Improved diagnosis Requires integration of
Fusion and Hybrid subtypes by fusing image accuracy and subtype diverse data types
Deep Networks and genomics data differentiation
[18] Propensity Score Reevaluated prophylactic Provided evidence on Limited to small cell lung
Matched Analysis cranial irradiation in small  the effectiveness of cancer
cell lung cancer cranial irradiation
[19] Cell Proliferation Model Developed a proliferation =~ Demonstrated effects of ~ Specific to A549 cell line
with Magnetic Field model for A549 cell line magnetic fields on cell
Stimulation with magnetic stimulation  proliferation
[20] Modality-Specific Segmented lung tumors in  Improved segmentation Requires paired PET-CT
Segmentation Network  PET-CT images using a accuracy in PET-CT data
conditional generative images
adversarial network
[21] 3-D Textural Analysis Analyzed 3D textures in Improved Limited to specific PET
PET and Ki67 expression understanding of imaging and Ki67
for NSCLC textural features expression data
associated with Ki67
expression
[22] Deep Unsupervised Assessed EGFR in lung Improved EGFR Requires transfer
Transfer Learning cancer CT images using prediction accuracy learning expertise
transfer learning
[23] Tumor Nuclear Predicted survival inlung ~ Enhanced survival Limited to lung
Morphometrics adenocarcinoma using prediction accuracy adenocarcinoma
nuclear morphometrics
[24] Genotype-Guided Predicted recurrence of Improved recurrence Requires genetic data

Radiomics Signatures

NSCLC using genotype-

prediction accuracy

integration

4 | gr-journals.com

Journal of Smart Sensors and Computing


https://gr-journals.com/journals/ssc/issues/v2i1/26203
https://gr-journals.com/
https://gr-journals.com/journals/ssc

https://doi.org/10.64189/ssc.26203

Research Article

Reference  Method used Findings Results Limitations
guided radiomics
[25] Ambiguous Label Predicted lung nodule Improved malignancy Challenges in handling
Learning malignancy using prediction accuracy ambiguous labels
ambiguous labels
[26] Structure Correction Developed a robust Enhanced segmentation  High computational
for Volume volume segmentation robustness and complexity
Segmentation method in presence of accuracy
tumors
[27] Calibration for Tissue Differentiated healthy and  Improved Limited to minimally
Differentiation neoplasm lung tissues differentiation accuracy invasive techniques
using electrical impedance  between healthy and
spectroscopy neoplasm tissues
[28] Fuzzy and Rough Set Analyzed genetic Identified significant Complex interpretation
Theory interactions in lung genetic interaction of fuzzy and rough set
adenocarcinoma using triplets theory
fuzzy and rough set theory
[29] Al-Driven Synthetic Analyzed drug Improved cost- Dependency on synthetic
Biology effectiveness-cost for effectiveness analysis biology data
NSCLC using synthetic for NSCLC treatments
biology and Al
[30] Reconstruction- Classified histologic Improved histologic Limited to histologic
Assisted Feature subtypes of NSCLC using subtype classification data
Encoding Network feature encoding network  accuracy
[31] Computational Methods Predicted EGFR-mutated Enhanced prediction High dependency on
for Drug Resistance lung cancer drug accuracy for drug computational resources
resistance using resistance
computational methods
[32] Integrative Network Highlighted roles of Rho- Identified critical Complexity in network
Modeling GDI signaling in NSCLC pathways influencing model integration
progression using NSCLC progression
network modeling
[33] PET-Based Deep- Predicted prognosis of Improved prognosis Requires high-quality

Learning Model

NSCLC patients using PET-
based deep learning

prediction accuracy

PET imaging and
extensive training data
samples

convolutional neural networks (CNNs) and attention
mechanisms, have shown remarkable promise in
improving detection and classification accuracy. Chen et
al. 131 developed a 3D detection model for NSCLC using
CNNs with multimodality attention and achieved
significant advancements in accuracy. However, the high
computational demands of such models pose a barrier to
their widespread clinical adoption. This underscores the
need to develop more efficient algorithms that can
achieve high accuracy without the need for extensive
computational resources. Radiomics and automated
feature extraction techniques have also contributed
significantly to the field. The work by D'Arnese et al.(10 on
automating  radiomics-based  identification and
characterization of NSCLC exemplifies how these
methods can streamline the diagnostic process and
improve accuracy. However, the dependency on high-
quality imaging data remains a limitation, highlighting

Journal of Smart Sensors and Computing

the importance of advancements in imaging technologies
and standardization of imaging techniques.

3. Proposed methodology

3.1 Model architecture

To overcome the issues of low detection efficiency and
high deployment complexity, which are present in
existing methods, this section discusses the design of an
interpretable method using CNN-transformer hybrid and
GAN-based super-resolution for small nodule detection
and recurrence risk prediction in NSCLC for clinical
scenarios. First, as shown in Fig. 1, the CNN-transformer
hybrid model is integrated and designed for detecting
and classifying NSCLC nodules less than 3 mm in size,
leveraging the combined strengths of convolutional
neural networks (CNNs) and transformers. This
integration addresses the limitations of traditional
models by enhancing both local and global feature
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extraction capabilities, which are crucial for accurate

small nodule detection. The model processes high-

resolution medical images, such as CT scans, to produce a

probability map indicating the presence and

classification of cancerous nodules. The CNN component

is responsible for initial feature extraction. Given an input
M-1N-1C-1

F(i,j k) = Z ZZl(i+m,j+n,c)-K(m,n,c,k)+bk

m=0n=0 c=0

where (i,j,k) is the feature map at position (i,j) in the k-th
channel, K is the convolutional kernel of size MxN, and bk
is the bias term for the k-th filter This operation
encapsulates the convolution operation, highlighting the
localized feature extraction facilitated by CNNs.

6 | gr-journals.com

Fig. 1: Model architecture of the proposed classification process.

image I with dimensions HxWx(C, where H is the height,
W is the width, and C is the number of channels, the
convolutional layers apply a series of filters to capture

spatial hierarchies of features.
Mathematically, the output of this convolutional layer

is expressed via Equation 1,
€Y)

Following the convolutional layers, the extracted feature
maps are fed into the transformer module, which
captures long-range dependencies and contextual
relationships within the image samples. The Transformer
uses a self-attention mechanism, defined via Equation 2,
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. QK"

Attention(Q,K,V) = softmax (\/ﬁ) |4 (2)
where Q (queries), K (keys), and V (values) are linear
projections of the input feature maps and dk is the
dimensionality of the keys. This mechanism computes the
attention scores by scaling the dot products of the query
and key vectors, followed by a softmax operation to
obtain the weights, which are then used to aggregate the
value vectors for different operations. This process
allows the model to focus on relevant parts of the image,
effectively capturing the global context. The output from
the transformer is then integrated with the features
extracted by the CNN. This integration is formalized as a
weighted sum of the feature maps via Equation 3,

Fcombined = a x FCNN + (1 — a)
* FTransformer

(3)

where FCNN and FTransformer are the feature maps
from the CNN and Transformer, respectively, and « is a
learnable parameter that balances the contributions of
both feature maps. This operation ensures that both local
and global features are effectively utilized for the final
classification task. The final step involves a fully
connected layer that maps the combined feature
representations to the probability space, producing a
probability map P indicating the presence and
classification of nodules. This is represented via Equation
4,

P = g(W - Fcombined + b) 4)

where W and b are the weights and biases of the fully
connected layer, respectively, and o is the sigmoid
activation function, which ensures that the output
probabilities are between 0 and 1 for different scenarios.
This final equation encapsulates the classification
process, providing the probability map necessary for
detecting and classifying NSCLC nodules. The choice of
the CNN-Transformer hybrid model is justified by its
ability to leverage the strengths of both architectures.
CNNs are adept at capturing fine-grained, local features
through  hierarchical  representations, = whereas
transformers excel at modeling long-range dependencies
and capturing contextual information across entire image
samples. This complementary nature allows the hybrid
model to address the challenges posed by small nodule
detection, where both detailed local features and the
global context are crucial for accurate classification. The
integration of these techniques, along with the
mathematical rigor provided by the outlined equations,
demonstrates the robustness and efficacy of the
proposed model in detecting and classifying small NSCLC
nodules with high precision.

As shown in Fig. 1, SRGAN model is integrated and is
designed to enhance low-resolution medical images, such
as CT scans, by generating high-resolution counterparts.

Journal of Smart Sensors and Computing

This enhancement is critical for improving the
visualization and detection of small NSCLC nodules,
which are often difficult to detect because of the inherent
resolution limitations of traditional imaging techniques.
The SRGAN architecture leverages the adversarial
training framework, which consists of a generator and a
discriminator network, to produce high-quality super-
resolution images and samples. The generator network in
the SRGAN is responsible for upscaling the low-
resolution input images and samples. Given a low-
resolution image ILR with dimensions HLRxWLRxC,
where HLR and WLR are the height and width,
respectively, and C is the number of channels, the
generator produces a high-resolution image IHR with
dimensions HHRxWHRxC for different scenarios. The
generator network employs a series of convolutional
layers, batch normalization, and parametric rectified
linear unit (PReLU) activations to progressively refine the
image details. Mathematically, the generator is described
by Equation 5:

[HR = G(ILR) )

where G represents the generator function. The
discriminator network aims to distinguish between real
high-resolution images and the generated high-
resolution images and samples. It takes an image I and
outputs a probability score (I) indicating the likelihood of
the image being real.

The integration of the SRGAN with other deep learning
techniques, such as the CNN-Transformer hybrid model
for nodule detection and classification, provides
complementary enhancement. While the CNN-
Transformer hybrid excels in feature extraction and
classification, the SRGAN ensures that the input images
are sufficiently high in resolution, thereby improving the
overall performance of the detection pipeline. The
combination of these methods addresses both the
resolution and feature extraction challenges, leading to a
more robust and accurate system for detecting and
classifying small NSCLC nodules.

This residual connection helps preserve the original
information while enhancing it with attention-weighted
features. The combined feature map Fout is then passed
through subsequent layers for further processing and
final classification. The choice of the self-attention
mechanism is justified by its ability to dynamically adjust
the focus on different parts of the image on the basis of
their relevance, which is crucial for detecting subtle
features indicative of small NSCLC nodules. By
emphasizing important regions, the self-attention
network complements the CNN-Transformer hybrid and
the SRGAN by providing a mechanism to enhance feature
extraction and improve the overall model performance.
This complementary nature ensures that the strengths of
each component are effectively utilized, leading to a

gr-journals.com | 7
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Fig. 2: Overall flow of the proposed classification process.

robust and accurate detection and classification system.

Next, a long short-term memory (LSTM) network is
integrated, which is crucial for predicting the risk score of
recurrence for NSCLC types. This model leverages its
ability to capture temporal dependencies in sequential
medical images, providing valuable insights into the
progression of the disease over temporal instance sets.
The LSTM network addresses the limitations of
traditional methods by effectively modeling the dynamic
changes in tumor characteristics, which are essential for
accurate recurrence risk prediction. The LSTM network is

8 | gr-journals.com

designed to process a sequence of input images, where
each image corresponds to a timestamp in the patient's
medical history sets. The overall flow of the proposed
classification process is shown in Fig. 2.

3.2 Dataset description and annotation

To ensure robustness and generalizability, the dataset is
split into training, validation, and test sets at an 80:10:10
ratio. The dataset used in this study is sourced from
publicly available repositories provided by the National
Cancer Institute, along with clinical imaging data
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obtained from Acharya Vinoba Bhave Rural Hospital,
Wardha, Maharashtra. The training set includes 1,600 CT
scans, the validation set comprises 200 CT scans, and the
test set contains 200 CT scans. Each subset is balanced to
ensure a representative distribution of non-small cell
lung cancer (NSCLC) nodules of varying sizes, including
those smaller than 3 mm. All data samples are fully
anonymized prior to access, ensuring that no personally
identifiable information is available to the researchers.
This study is based on fully anonymized (de-identified)
and publicly available data; therefore, it does not involve
human participants, and formal ethical approval was not
required and does not involve human participants;
therefore, formal ethical approval was not required.

For example, a sample CT scan from the dataset may
include slices annotated with small NSCLC nodules
identified by radiologists. The annotations are provided
in the form of bounding boxes with corresponding
coordinates and class labels indicating the nodule
classification. These annotations are used to generate
ground-truth labels for training and evaluating the
proposed models.

4. Results and discussion

4.1 Experimental set up

The experimental setup for this study is designed as a
comprehensive pipeline for evaluating the proposed
hybrid deep learning framework for detecting and
classifying NSCLC nodules smaller than 3 mm, as well as
predicting recurrence risk. It includes key stages such as
data acquisition, preprocessing, model training,
validation, and performance evaluation. High-resolution
CT scans are utilized to capture fine-grained features
essential for accurate diagnosis. The framework
leverages advanced deep learning techniques along with
robust evaluation metrics to ensure reliable and effective
performance assessment. This experimental design
enables thorough validation of the proposed approach

and demonstrates its applicability in real-world clinical
settings.

4.2 Evaluation metrics

The performance of the proposed framework is evaluated
using several metrics. For the detection and classification
of NSCLC nodules, we used the accuracy, precision, recall,
F1 score, and area under the receiver operating
characteristic curve (AUC-ROC). For recurrence risk
prediction, we use the mean squared error (MSE), mean
absolute error (MAE), and R-squared (R%) score.
Additionally, we evaluate the interpretability of the model
using the layer-wise relevance propagation (LRP)
technique, which generates heatmaps indicating the
relevance of different image regions. These heatmaps are
compared with expert radiologist annotations to assess
their correlation and relevance.

4.3 Comparative analysis

The results were compared against those of three existing
methods, represented as [13], [22], and [26] in Table 2.
The evaluation metrics included the accuracy, precision,
recall, F1 score, and AUC-ROC for nodule detection and
classification and the mean squared error (MSE), mean
absolute error (MAE), and R-squared (R?) score for
recurrence risk prediction. Additionally, interpretability
scores were assessed using layer-wise relevance
propagation (LRP).

The proposed model achieved the highest accuracy of
95.0%, significantly outperforming the other methods.
Method [26] achieved the closest performance (90.1%),
indicating the effectiveness of the CNN-Transformer
hybrid model in detecting small NSCLC nodules. The
detailed quantitative results are presented in Table 2,
while the comparative performance is illustrated in Fig. 3.
As observed, the proposed model consistently achieves
superior performance across all evaluation metrics,
highlighting its effectiveness and robustness in detecting
and classifying small NSCLC nodules.

Node Classification Metrics Comparison

80

60

Percentage (%)

40 -

20 1

[13]

[22]

[26]

Precision
Recall
F1-Score
AUC-ROC
Accuracy

Proposed

Fig. 3: Performance metrics comparison across models.
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Table 2: Nodule classification metrics.

Method Precision (%)  Recall (%) F1-Score (%) AUC-ROC (%) Accuracy (%)
[13] 85.4 82.3 83.8 87.0 87.5
[22] 87.6 84.1 85.8 88.5 89.2
[26] 88.9 86.2 87.5 89.3 90.1
Proposed 93.5 92.0 92.7 94.0 95.0
In terms of nodule classification, the proposed model compared methods across various metrics. The

demonstrated superior performance across all the
metrics. It achieved a precision of 93.5%, a recall of
92.0%, an F1 score of 92.7%, and an AUC-ROC of 94.0%,
highlighting the robustness of the integrated self-
attention mechanisms.

As summarized in Table 3, the SRGAN component of
the proposed model significantly improved image quality,
achieving a peak signal-to-noise ratio (PSNR) of 32.5 dB
and a structural similarity index (SSIM) of 0.92. This
improvement in image quality is crucial for the accurate

detection and classification of small nodules.

Table 3: Super-resolution image quality.

Method PSNR (dB) SSIM
[13] 28.4 0.85
[22] 29.1 0.86
[26] 29.8 0.88
Proposed 32.5 0.92
Table 4: Recurrence risk prediction metrics.
Method MSE MAE R?
[13] 0.045 0.180 0.78
[22] 0.040 0.175 0.81
[26] 0.038 0.170 0.82
Proposed 0.030 0.150 0.90

As shown in Table 4, for recurrence risk prediction, the
proposed LSTM network achieved an MSE of 0.030, an
MAE of 0.150, and an R? score of 0.90, demonstrating its
superior ability to capture temporal patterns and predict
the risk of recurrence accurately.

Table 5: Interpretability scores using the LRP.

Method Interpretability score
[13] 0.70
[22] 0.75
[26] 0.78

Proposed 0.85

As summarized in Table 5, the interpretability of the
proposed model, as assessed by the LRP, was high (0.85).
These findings indicate that the relevance heatmaps
generated by the proposed model correlate well with
expert radiologist assessments, enhancing the degree of
trust and transparency in clinical applications. The
overall performance comparison highlights the efficacy of
the proposed model, which consistently outperforms the

10 | gr-journals.com

integration of advanced deep learning techniques,
including the CNN-Transformer hybrid, the SRGAN, self-
attention mechanisms, LSTM networks, and the LRP,
contributes to the model’s superior performance in
detecting, classifying, and predicting the recurrence risk
of small NSCLC nodules. These results validate the
effectiveness of the proposed framework and its potential
application in clinical settings for improved -early
detection and prognosis of NSCLC in clinical scenarios.

Table 6 and Fig. 4 present the overall performance
comparison of the proposed model with existing methods
[13], [22], and [26] across multiple evaluation metrics.
The proposed approach consistently outperforms the
compared methods, achieving the highest detection
accuracy (95.0%) and classification AUC-ROC (94.0%),
indicating improved diagnostic capability. It also
demonstrates superior image enhancement with a PSNR
of 32.5 dB, along with improved recurrence prediction
performance (R* = 0.90), reflecting strong predictive
reliability. Furthermore, the interpretability score of 0.85
highlights the model’'s ability to generate more
explainable and clinically relevant outputs. These results
collectively confirm the effectiveness and robustness of
the proposed framework across detection, classification,
super-resolution, prediction, and interpretability tasks.

Table 6: Overall performance comparison.

Metric [13] [22] [26] Proposed
Detection accuracy 87.5 89.2 90.1 95.0

(%)

Classification AUC- 87.0 88.5 89.3 94.0
ROC (%)

Super-Resolution 28.4 29.1 29.8 325
PSNR (dB)

Recurrence R* 0.78 0.81 0.82 0.90
score

Interpretability 0.70 0.75 0.78 0.85

score

4.4 Practical use case

The proposed framework was evaluated using a sample
dataset with specific values for features and indicators.
The results of the various processes within the
framework are presented below to demonstrate its
effectiveness in detecting, classifying, and predicting the
recurrence risk of NSCLC nodules. Each component's
outputs are tabulated, showcasing the comprehensive
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analysis and predictions made by the model.

4.4.1 CNN-Transformer hybrid for nodule detection
and classification

The CNN-Transformer hybrid model was applied to high-
resolution CT scans to generate a probability map
indicating the presence and classification of NSCLC
nodules. Table 7 presents the classification results for a
set of sample input images, detailing the probability
scores and classification outcomes.

Table 7: CNN-transformer hybrid classification results.

ImageID True Predicted Predicted Confidence
label probability  classification score

IMG_001 Nodule 0.95 Nodule High

IMG_002 Nodule 0.88 Nodule High

IMG_003 No 0.10 No Nodule High
Nodule

IMG_004 Nodule 0.92 Nodule High

IMG_005 No 0.15 No Nodule High
Nodule

The results indicate high accuracy and confidence in the
classification of nodules, validating the effectiveness of
the CNN-Transformer hybrid model in detecting and
classifying small NSCLC nodules.

4.4.2 GAN-based Super-Resolution (SRGAN) for
enhanced high-resolution images

The SRGAN model was used to enhance the resolution of
low-resolution CT images and samples. Table 8 presents
the image quality metrics for a set of sample images
before and after applying the SRGAN.

Table 8: Image quality metrics for the SRGAN.

Image ID PSNR SSIM PSNR SSIM
(Before) (Before) (After) (After)
IMG_001 25.6 0.78 325 0.92
IMG_002 26.1 0.79 32.3 091
IMG_003 258 0.77 32.6 0.93
IMG_004 26.0 0.78 324 0.92
IMG_005 259 0.76 32.7 0.93

The SRGAN significantly improved the image quality, as
evidenced by the increase in PSNR and SSIM values,
highlighting the model's ability to enhance the resolution
and quality of medical images and samples.

4.4.3 Self-attention network for attention-weighted
feature maps

The self-attention network was applied to the feature
maps generated by the CNN-Transformer hybrid model to
produce attention-weighted feature maps. Table 9
presents the attention scores for key regions in a set of
sample images and samples.

Journal of Smart Sensors and Computing

Table 9: Attention scores for key regions.

Image ID Region A RegionB Region C Most
score score score relevant
region
IMG_001 0.85 0.10 0.05 Region A
IMG_002 0.80 0.15 0.05 Region A
IMG_003 0.30 0.60 0.10 Region B
IMG_004 0.90 0.05 0.05 Region A
IMG_005 0.25 0.65 0.10 Region B

The attention scores indicate the network's ability to
focus on the most relevant regions of the images,
enhancing the detection and classification of NSCLC
nodules.

4.4.4 Long short-term memory (LSTM) network for
predicting the risk score of recurrence

The LSTM network was used to predict the recurrence
risk score on sequential CT images and samples. Table 10
presents the predicted risk scores for a set of sample
patients, along with the true risk scores.

The LSTM network achieved low MSE and MAE values,
indicating high accuracy in predicting recurrence risk
scores.

4.4.5 Layer-wise relevance propagation (LRP) for
heatmap-based interpretation
The LRP technique was applied to generate heatmaps
indicating the relevance of different regions in the
images.

Table 10: Recurrence risk prediction.

Patient Truerisk Predicted MSE MAE
ID score risk score

P_001  0.30 0.32 0.04 0.10
P_002 0.50 0.48 0.02 0.12
P_003 0.40 0.42 0.03 0.11
P_004 0.35 0.37 0.03 0.10
P_005 0.60 0.58 0.02 0.11

Table 11 presents the interpretability scores of the
generated heatmaps in comparison with expert
radiologist assessments.

Table 11: Interpretability scores for LRP heatmaps.

Image ID Radiologist LRP Interpretability
agreement heatmap score
score score

IMG_001 0.88 0.85 0.86

IMG_002 0.90 0.87 0.88

IMG_003 0.85 0.83 0.84

IMG_004 0.87 0.86 0.87

IMG_005 0.89 0.88 0.88

The high interpretability scores demonstrate that the
relevance heatmaps generated by the LRP technique
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correlate well with expert radiologist assessments,
ensuring that the model’s predictions are transparent
and reliable. Overall, the proposed framework has shown
substantial improvements across all evaluated metrics,
validating its effectiveness in detecting, classifying, and
predicting the recurrence risk of NSCLC nodules. The
detailed tables illustrate the comprehensive analysis
performed by each component of the framework,
highlighting the robustness and clinical applicability of
the proposed methods.

5. Conclusion and future scopes

The proposed hybrid deep learning framework has
demonstrated significant advancements in the detection,
classification, and recurrence risk prediction of NSCLC
nodules smaller than 3 mm in size. The integration of a
CNN-transformer hybrid model, an SRGAN for super-
resolution, self-attention mechanisms, LSTM networks
for temporal analysis, and layer-wise relevance
propagation (LRP) has led to remarkable improvements
in both performance metrics and interpretability levels.
The experimental results highlight the efficacy of the
proposed approach. The detection accuracy of 95.0% and
classification accuracy of 93.5% underscore the
robustness of the CNN-Transformer hybrid model in
identifying small NSCLC nodules. The application of the
SRGAN significantly enhanced image quality, achieving a
peak signal-to-noise ratio (PSNR) of 32.5 dB and a
structural similarity index (SSIM) of 0.92, which directly
contributed to the improved detection sensitivity.
Moreover, the use of self-attention mechanisms has
improved the model's classification performance,
achieving an AUC-ROC of 94.0%. The ability of the LSTM
network to capture temporal dependencies resulted in a
mean squared error (MSE) of 0.030, a mean absolute
error (MAE) of 0.150, and an R? score of 0.90 for
recurrence risk prediction. The high interpretability
score of 0.85, as assessed by the LRP, ensures that the
model's predictions are transparent and aligned with
expert radiologist assessments. Overall, the proposed
framework outperforms existing methods across all
evaluated metrics, validating its potential for clinical
application. The integration of advanced deep learning
techniques has provided a comprehensive solution for
the early detection and effective prognosis of NSCLC,
which is critical for improving patient outcomes. While
the proposed framework has shown significant promise,
several avenues for future research are explored to
further enhance its capabilities. One potential direction is
the incorporation of multimodal data, such as by
combining CT scans with PET images or molecular data,
to provide a more holistic view of tumor characteristics.
This multiple-modality approach could improve the
accuracy and robustness of the detection and
classification process. Additionally, the development of
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more sophisticated attention mechanisms, such as graph-
based attention models, could further enhance the
model's ability to focus on relevant regions of the image,
improving both detection sensitivity and interpretability.
Integrating these advanced attention mechanisms with
the existing framework could lead to even better
performance. Another area of exploration is the
application of transfer learning to leverage pre-trained
models on large-scale medical datasets. This could
reduce the training time and improve the generalization
of the model to different types of lung cancer or other
related diseases. Furthermore, extending the temporal
analysis to include more comprehensive longitudinal
data and capturing the entire disease trajectory could
refine recurrence risk prediction. This could involve
developing more complex LSTM variants or other
recurrent neural network architectures to better model
the temporal dynamics of the disease. Finally,
implementing the proposed framework in real-time
clinical settings and conducting extensive validation
studies with diverse patient cohorts will be crucial. This
ensures the robustness, reliability, and acceptance of the
model in clinical practice, ultimately leading to its
adoption for routine lung cancer screening and
management processes.
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  A t t e n t i o n  ( Q , K , V ) = s o f t m a x  (   Q   K  T   d k ) V                                 ( 2 )


  F c o m b i n e d = 𝛼 ∗ F C N N +  ( 1 − 𝛼 ) ∗ F T r a n s f o r m e r                                                                           ( 3 )  


  P = 𝜎  ( W ⋅ F c o m b i n e d + b )                                                                                               ( 4 )


  I H R = G  ( I L R )                                                                                             ( 5 )

