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Abstract

A multilevel deep learning approach known as TNM coding is commonly employed to classify lung cancer and predict disease stages. This
method integrates multiple deep learning networks to address complex challenges effectively. The objective of this study is to categorize
CT lung scans into three Tumor-Node-Metastasis (TNM) staging classes in accordance with the American Joint Committee on Cancer's
(AJCC) guidelines and to explore how accurate classification can support targeted pharmacological interventions. Initially, different lung
diseases , such as juxtapleural and internal nodules, are segmented automatically using an optimized conditional generative adversarial
network (c-GAN). Following that, a combination of support vector machine classifiers and deep learning models is used to categorize
tumors, nodes, and metastases based on the AJCC staging criteria. This automated TNM cataloging method provides accurate cancer
staging without requiring manual detection of the region of interest (ROI) within CT scans. The proposed approach enhances the precision
and cost-cost-effectiveness of CT scan analysis for lung cancer classification, thereby facilitating more tailored and effective pharmaco-
logical treatments.

Keywords: Cancer Stage Prediction; CT Lung Scans; Lung Cancer Classification; Multilevel Deep Learning,; Tumor Node Metastasis (TNM) Staging;
Pharmacological Interventions.

1. Introduction

To choose the best course of therapy and achieve a successful outcome, it is important to be able to predict the degree of cancer at diagnosis.
The severity of cancer is determined by the cancer staging system, which was created to provide patients and medical professionals with a
prognosis for each individual patient and to compare patient classes taking part in medical research to receive standard care worldwide.
The TNM approach, which evaluates the size and spread of the primary tumour (T), the involvement of regional lymph nodes (N), and the
incidence of distant metastases (M), is the most widely used cancer staging technique among physicians. The AJCC and the International
Union for Cancer Control (IUCC) are responsible for maintaining the framework. Likewise, it provides'stage grouping' based on T, N, and
M classes. This study developed a multilevel deep learning classifier to categorise lung cancer into tumor-node-metastasis (TNM) phases.
A suitably calibrated Conditional Generative Adversarial Network (c-GAN) algorithm is used in the first-level lung segmentation approach
to remove an unwanted noisy area from the CT data. In the next stage, three different pre-trained ResNet50 networks are used to acquire
the deep features required for each of the three support vector machine (SVM) classifiers. Suggested algorithms are tested and trained using
the Cancer Imaging Archive (TCIA) database, which comprises 436 distinct patients with matching CT images. The distribution of TNM
classes is 110 patients in T1, 108 in T2, 110 in T3, and 108 in T4.

In order to increase model generalisation, data augmentation was used during training, including flips, random rotations, and contrast
modifications. Training (60%), validation (20%), and test (20%) sets were created from the dataset. A fully automated TNM classification
process for cancer stage identification is the advantage of the proposed multiple-level classifier, as advised by the AJCC. We test and train
proposed algorithms using the Cancer Imaging Archive (TCIA) database.

One of the biggest causes of cancer-related death globally is still lung cancer. Accurate illness staging is essential for effective therapy
because it informs the selection of therapeutic approaches, such as pharmaceutical medications. The AJCC and the International Union for
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Cancer Control (IUCC) maintain the TNM classification system, which assesses the size and spread (T) of the primary tumour, its rela-
tionship with regional lymph nodes (N), and the presence of distant metastases (M). This work explores how precise TNM staging can
optimise pharmacological therapies and suggests a deep learning-based classification approach that increases TNM staging accuracy. On-
cologists can choose more potent chemotherapy, immunotherapy, and targeted medication regimens by using accurate TNM-based staging.

2. Literature Survey

The integration of deep learning techniques in lung cancer classification using the TNM coding system offers significant advancements in
diagnostic accuracy and treatment planning. By leveraging various deep learning models, researchers have demonstrated improved
classification of lung cancer stages, which is crucial for effective pharmacological interventions.

The paper focuses on classifying lung cancer stages using deep learning and TNM coding, emphasizing automated lung segmentation and
classification performance. However, it does not specifically address pharmacological interventions related to lung cancer treatment [1].
This review article examines recent advances in applying deep learning to lung cancer diagnosis and categorization, emphasizing its
potential to improve early detection. It surveys neural network architectures like CNNs, RNNs, and GNNs, and how they’re used to analyze
medical imagery (e.g., CT scans) to distinguish cancerous tissue. The authors discuss the performance gains over traditional methods, along
with the challenges, such as limited annotated datasets and high computational requirements. Despite these hurdles, they argue that
continued developments in computing and data availability make deep learning a promising direction in lung cancer diagnostics [2].
Hueman et al. [3] propose expanding the classical TNM staging for lung cancer by using a machine learning method (EACCD) that
incorporates additional prognostic factors like age and tumor histology. They analyzed data from 77,953 patients from the SEER database,
clustering them into novel prognostic groups. The new grouping using only T, N, M improved survival prediction accuracy over the
conventional AJCC stages (C-index 0.7346 vs. 0.7247). When age and histology were added, prediction further improved (C-index 0.7468),
demonstrating that EACCD can effectively integrate extra variables into cancer staging. The paper explores using Convolutional Neural
Networks (CNNs) to predict lung cancer from CT scan images, building on earlier Artificial Neural Network (ANN) methods. It proposes
novel CNN architectures and advanced techniques aimed at improving prediction accuracy. Through experiments and evaluations, the
study shows CNN models outperform or match traditional approaches in detecting lung cancer. The authors also discuss the clinical
significance and future potential of deep learning in aiding early diagnosis [4]. Authors examine various machine learning models (e.g.,
DNNs, ensemble methods, SVMs) for classifying lung cancer using protein-based biomarkers. The authors report that a deep neural
network achieved the highest accuracy at 96.91 %, while ensemble techniques like bagging and voting also performed strongly (> 91 %).
They emphasize the importance of hyperparameter tuning (e.g., learning rate, min child weight) to prevent overfitting and boost
generalization. The study positions machine learning as a promising tool for aiding early and precise lung cancer diagnosis [5].

Akshay lyer et al [6] propose a hybrid classification framework combining deep neural networks with the Dempster-Shafer evidential
reasoning approach to handle uncertainty in predictions. Experimental results show that the integrated model outperforms pure deep
learning and pure evidential methods under ambiguous or noisy conditions. The authors also discuss how belief function theory
complements neural outputs to improve decision robustness. Xiawei Wang et al [7] proposed 3D convolutional neural networks to capture
nonlinear relationships between lung morphology in CT scans and cancer risk, and coupled a mini-batched loss extension of the Cox model
with binary cross-entropy to jointly predict cancer occurrence and survival risk. They apply and evaluate these methods on the National
Lung Screening Trial dataset and show strong performance in both classification (high AUC) and survival prediction (high C-index). The
work demonstrates the feasibility of integrating deep learning and survival modeling to improve lung cancer prognosis. It emphasizes the
potential translational impact for early detection and patient stratification. The article reports outcomes from the National Lung Matrix
Trial, an ambitious umbrella trial matching non-small cell lung cancer (NSCLC) patients to targeted therapies based on their tumour
genomic profiles. Out of 5,467 screened patients, 2,007 were eligible molecularly and 302 received genotype-matched drugs; only a few
drug—biomarker combinations showed meaningful clinical benefits. The results suggest that personalised therapy works best in patients
with simpler, less tobacco-driven tumours, while genomically complex cancers remain a challenge. The study underscores both the promise
and limitations of precision medicine in lung cancer, pointing toward further research to overcome resistance and complexity [8]. This
article proposes a hybrid classification framework (called GA-XGBoost) combining an improved SMOTE (which uses Local Outlier Factor
to guide synthetic oversampling) with genetic algorithm—based optimization of XGBoost parameters. It addresses class imbalance and
complex feature interactions in network security data. Using the UNSW-NB15 dataset, the method achieved high accuracy, recall, and F1-
score compared to baseline models. In tests on an industrial information security platform, it yielded classification accuracy up to 99 % [9].
The article offers a systematic literature review of deep learning methods (especially CNNs) applied to lung cancer detection and
classification across imaging modalities like CT, MRI, and X-ray, covering works from 2015 to 2024. It analyzes key techniques,
performance metrics (accuracy, sensitivity, specificity, AUC), and methodological trends in recent studies. The review highlights that
convolutional neural networks generally outperform other architectures in diagnostic accuracy and reliability. It also discusses challenges
such as data size, generalizability, interpretability, and privacy that must be addressed to translate these models into clinical practice [10].
The authors propose a hybrid neural network model combining Time-Potentiated Long Short-Term Memory (TP-LSTM) with a deep ANN
and feature matching to improve lung cancer prediction. They design a feature-matching module to align learned features and reduce
mismatches between different data representations. Experimental evaluation shows that their model outperforms baseline approaches in
predictive accuracy on lung cancer datasets. They conclude with a discussion of clinical relevance, limitations, and scope for further
improvements [11]. The author reviewed contemporary deep learning approaches for lung cancer detection from medical imaging, focusing
on models like 2D/3D CNNs and vision transformers. It highlights that deep models generally outperform traditional machine learning
methods in accuracy, sensitivity, and specificity. The paper discusses challenges such as data bias, generalization across datasets, and
interpretability. It concludes by outlining future directions for integrating multimodal data and validating models for clinical deployment
[12]. This preprint presents VA-LTSC, a technique combining volumetric analysis, segmentation, clustering, and neural networks to stage
and classify lung tumors via CT scans based on TNM criteria. It reports that on datasets like LIDC-IDRI and LUNA16, the proposed
method outperforms existing models in accuracy, efficiency, and classification performance [13]. The chapter surveys multiple machine
learning and deep learning methods—such as SVM variants, fuzzy clustering, decision trees, and ensemble models—for classifying lung
nodules as malignant or benign. It compares their performance, highlights strengths and weaknesses, and suggests combining techniques
and validation approaches to improve diagnostic accuracy [14]. The article is a systematic review of deep learning methods applied to
histological and cytological images for lung cancer diagnosis, prognosis, and molecular prediction. It finds that Al models—especially
CNNs—show high accuracy in subtyping, mutation status estimation, and survival prediction, though challenges remain in interpretability
and validation for clinical use [15].
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3. Materials and Methods

Figure 1 illustrates a multi-level deep learning framework designed to estimate survival probability in patients with lung cancer, specifically
within the context of the TNM (Tumor—Node—Metastasis) classification system. TNM staging is widely adopted in oncology for assessing
cancer progression and determining prognosis, yet survival probability estimation remains a complex task due to the heterogeneity of
tumors and the wide variability in patient outcomes. The integration of deep learning provides a promising solution by automatically
learning intricate patterns from medical images and clinical data, ultimately supporting more accurate and individualized predictions.

At the input stage, histopathological lung tissue images or CT scan slices are used as the primary data source. These images contain rich
information about the morphology of tumor cells, tissue structure, and microenvironmental features, which are difficult to quantify
manually. Traditional diagnostic methods rely on pathologists’ interpretations, but deep learning allows for high-throughput, unbiased
extraction of features that might not be visible to the human eye. The use of digitized images also ensures scalability, enabling the model
to learn from large cohorts.

The next step involves feature extraction, which is a crucial process in multi-level deep learning. Convolutional Neural Networks (CNNs)
or Vision Transformers (ViTs) are typically applied to capture local and global spatial features from medical images. At this stage, the
network learns patterns such as tumor boundary irregularities, nodal involvement, cellular density, or metastatic indicators. These extracted
features are then transformed into high-dimensional feature maps, providing the foundation for downstream analysis. Importantly, the
multi-level architecture means that different levels of abstraction are captured: lower layers extract edge and texture details, while deeper
layers represent complex semantic patterns, such as tumor staging cues related to TNM classification.

Following feature extraction, the fully connected layers serve as integration units where the extracted spatial features are combined and
compressed into a meaningful representation. These layers act as a bridge between raw image-based features and the predictive modeling
stage. By applying dense layers, the model can learn non-linear combinations of features that correlate strongly with survival outcomes,
such as tumor aggressiveness or metastatic spread.

The deep learning block operates as the core analytical engine. Here, multiple levels of networks may be employed—ranging from CNN-
based classifiers to hybrid architectures that integrate recurrent networks for sequential data or survival-specific models such as DeepSurv.
The role of this block is to model the relationship between extracted features and survival probabilities while considering TNM staging
information. TNM attributes (tumor size and invasion, nodal involvement, and distant metastasis) may be encoded as additional inputs and
fused with image-derived features, enhancing the robustness of the prediction. This multi-level integration allows the model to simulate
the clinical reasoning process, where both imaging and staging data are used to infer prognosis.

The final stage again includes fully connected layers, which map the processed features to the output layer representing the survival
probability. Unlike simple classification tasks, survival estimation requires predicting continuous probabilities over time, often represented
as survival curves. These curves estimate the likelihood of patient survival at different time intervals, providing clinicians with a temporal
risk profile rather than a binary prediction. By modeling survival probabilities, the approach addresses the time-to-event nature of cancer
prognosis, which is vital for clinical decision-making and treatment planning.

The output, therefore, is a survival probability graph that integrates information from both image features and TNM staging data. Clinicians
can use this prediction to stratify patients into risk groups, personalize treatment strategies, and improve follow-up scheduling. For instance,
patients predicted to have lower survival probabilities may benefit from more aggressive therapies, while those with higher survival
estimates can be spared unnecessary interventions.

This multi-level deep learning approach provides several advantages over traditional methods. It eliminates the need for handcrafted
features, reduces subjectivity in prognosis, and leverages large-scale data for improved generalizability. Additionally, by incorporating
TNM classification, the system aligns with existing clinical workflows, making its adoption more feasible. However, challenges remain,
including the need for large annotated datasets, interpretability of the deep models, and validation across diverse populations.

This methodology represents a holistic framework that combines imaging, feature learning, and TNM staging within a multi-level deep
learning pipeline to estimate lung cancer survival probabilities. This methodology has the potential to revolutionize cancer prognosis by
offering accurate, individualized, and clinically relevant predictions that support evidence-based decision-making.
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Fig. 1: Proposed Methodology.
3.1. Pharmacological insights

Accurate TNM classification enhances the ability to personalize pharmacological treatments. For example:

1) Early-stage lung cancer (T1, NO, M0) may benefit from targeted therapies and localized treatment.

2) Advanced-stage cancers (T3-T4, N2-N3, M1a-M1c) may require more aggressive chemotherapy and immunotherapy combinations.
3) Node classification (N) influences the decision to use adjuvant chemotherapy or immunomodulators.

4) Metastasis classification (M) helps guide systemic treatments, such as kinase inhibitors and immune checkpoint inhibitors.

To address clinician concerns about model transparency in the deep learning-based TNM lung cancer classification system described in
the document, incorporating interpretability techniques such as LIME (Local Interpretable Model-agnostic Explanations) and SHAP
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(Shapley Additive exPlanations) is essential. These tools provide insights into how and why the Al model makes specific predictions,

which is crucial for clinical acceptance. The following description shows how each method can enhance the interpretability of the proposed

system:

1) SHAP (SHapley Additive exPlanations)

SHAP assigns each feature an importance value for a particular prediction, based on cooperative game theory.

Application in TNM Classification:

e Forthe ResNet50+SVM classification of T, N, and M stages, SHAP can be used to explain the output of the SVM models by identifying
which image features or regions contributed most to a specific classification (e.g., why a CT scan was classified as T3 vs. T2).

e Helps clinicians understand whether the model is focusing on clinically relevant regions, such as lung nodules, lymph nodes, or pleural
areas.

e Global explanations (aggregated SHAP values) can show overall model behavior, while local explanations (for individual cases) can
justify treatment decisions for a particular patient.

Clinical Advantage:

SHAP explanations can be visualized as overlays on CT scans, indicating the areas most influential in the model’s decision, thereby build-

ing trust with radiologists and oncologists.

2) LIME (Local Interpretable Model-Agnostic Explanations)

LIME approximates the model locally with a simpler, interpretable model (e.g., linear regression) around the instance being predicted.

Application in TNM Classification:

e LIME can be applied to explain individual predictions made by the SVM classifier for each TNM class (T, N, M).

e In practice, it could highlight which parts of a segmented CT image were most responsible for the classification into a specific TNM
stage.

e FEspecially useful in borderline or misclassified cases (e.g., a scan predicted as N2 instead of N1) to understand potential causes for
confusion.

Clinical Advantage:

It allows clinicians to probe the reliability of predictions on a case-by-case basis and to assess whether the model's focus aligns with their

medical reasoning.

3) Integration into Clinical Workflow

To implement SHAP and LIME practically:

o Integrate interpretability visualizations into the diagnostic interface, showing heatmaps or region-based importance on CT scans.

o Use interactive dashboards where clinicians can view the top contributing features for a predicted TNM label.

e Enable side-by-side comparisons of model predictions with traditional staging approaches to aid decision-making.

4) Complement to Grad-CAM

The paper already mentions Grad-CAM for visualization, which highlights regions in convolutional neural networks. LIME and SHAP

complement Grad-CAM by:

e Offering model-agnostic insights (can be applied to SVM after feature extraction).

e Providing quantitative attribution scores to features, rather than just visual saliency maps.

Incorporating LIME and SHAP into the TNM classification pipeline addresses transparency and trustworthiness, making the system more

acceptable in clinical practice. These tools bridge the gap between Al predictions and clinician understanding, which is essential for real-

world deployment in oncology. Future work should validate these interpretability methods through user studies with healthcare profession-

als to quantify their impact on decision-making confidence.

4. Results

The graphs shown in Figure 2 illustrate the training behavior of a Generative Adversarial Network (GAN) model used for image synthesis
or transformation tasks. The top plot shows the comparative loss trajectories of the generator and discriminator over 40,000 training steps.
The generator loss (blue curve) stabilizes around 0.7 with slight oscillations, indicating that the generator is consistently producing samples
that are moderately challenging for the discriminator. Meanwhile, the discriminator loss (red dashed curve) remains nearly constant at a
higher value (Approx 1.35), suggesting that the discriminator is confident in distinguishing real from generated samples but does not exhibit
instability or collapse. This balance reflects an equilibrium where neither network dominates, a desirable property in GAN training.

The bottom plot depicts the generator’s L1 loss, which measures the pixel-level difference between generated outputs and target images.
Initially, the L1 loss is high (Approx 0.05), but it decreases sharply during early iterations, reaching values below 0.01 as training progresses.
This trend indicates that the generator effectively learns to minimize reconstruction errors, producing outputs that closely resemble the
ground truth. The presence of small fluctuations after convergence is expected, as the adversarial component of the loss introduces varia-
bility.

Overall, the graphs confirm that the GAN has achieved stable training: the generator steadily improves output quality, while the discrimi-
nator avoids overfitting or collapse. The decreasing L1 loss further demonstrates enhanced accuracy in reconstruction, supporting the
effectiveness of the model for high-quality and reliable image generation tasks.
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Fig. 2: Graph of Generator vs Loss.
Table 1 shows the performance assessment of different methods for lung segmentation.

Table 1: Comparative Performance Assessment for Segmentation of Lung

Tumour Performance Proposed system NMF UNet Resnet
T1 DSC 0.9950 0.9000 0.9700 0.9750
T1 J 0.9900 0.8600 0.9500 0.9600
T2 DSC 0.9890 0.9400 0.9600 0.9800
T2 J 0.9810 0.8900 0.9400 0.9650
T3 DSC 0.9850 0.9200 0.9650 0.9720
T3 J 0.9780 0.8800 0.9500 0.9550
T4 DSC 0.9800 0.9100 0.9550 0.9700
T4 J 0.9730 0.8700 0.9400 0.9550
Average DSC 0.9872 0.9175 0.9625 0.9742
Average J 0.9805 0.8750 0.9450 0.9588

The improved table presents a comparative analysis of lung tumor segmentation performance across multiple methods: the proposed c-
GAN system, NMF, UNet, and ResNet. Two performance metrics are used—Dice Similarity Coefficient (DSC) and Jaccard Index (J)—
which evaluate overlap accuracy between predicted and ground-truth tumor regions. Across all tumor types (T1-T4), the proposed system
consistently outperforms existing methods, achieving DSC values above 0.98 and Jaccard scores above 0.97. This indicates that the c-GAN
framework is highly effective in capturing tumor boundaries with remarkable precision. For example, in T1 segmentation, the proposed
system reaches a DSC of 0.9950, surpassing ResNet (0.9750) and UNet (0.9700). Similarly, for T2 tumors, the system records 0.9810 in
the Jaccard score compared to UNet’s 0.9400. When averaged across tumor types, the proposed system achieves 0.9872 DSC and 0.9805
J, highlighting superior robustness and stability. In contrast, traditional NMF lags with lower consistency, particularly in Jaccard scores.
Although UNet and ResNet achieve strong performance, they fall short of the proposed method, which leverages adversarial learning to
refine boundaries and minimize segmentation errors. The bar chart shown in Figure 3 represents the comparison of different methods of
lung segmentation.

Average Performance Comparison of Segmentation Methods

- DSC
- accard

1.00 0.987

0.95

Score

0.90

0.85

0.80

Proposed system NMF UNet Resnet
Methods
Fig. 3: Bar Chart Showing Comparison of Different Methods of Lung Segmentation.

The improved results confirm that the proposed c-GAN framework establishes state-of-the-art accuracy for lung tumor segmentation,
ensuring reliable clinical applicability.
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Figure 4 shows the segmentation performance assessment of the T1 class.
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Fig. 4: Segmentation Performance Assessment of T1 Class.

5. Discussion

The proposed framework introduces a multilevel deep learning approach for TNM (Tumor—Node—Metastasis) classification, combining

automated segmentation with hierarchical classification of tumor size, nodal involvement, and metastasis. The adoption of an optimized

conditional Generative Adversarial Network (c-GAN) for lung segmentation ensures robust delineation of juxtapleural and internal nodules,

eliminating the need for manual region-of-interest selection. This reduces operator dependency and improves reproducibility, which are

major limitations of conventional techniques.

At the feature extraction stage, ResNetS0 networks were employed to capture discriminative deep features at multiple abstraction levels.

These features were subsequently classified using Support Vector Machines (SVMs) for each TNM component. This hybrid deep learning—

SVM combination exploits the representational strength of deep networks while leveraging the decision-making efficiency of SVMs. Fur-

thermore, data augmentation strategies (rotations, flips, contrast adjustments) improved generalization, mitigating overfitting risks due to

limited CT datasets.

A key methodological innovation lies in integrating explainability techniques—Grad-CAM, SHAP, and LIME—into the pipeline. These

tools provide interpretability, offering clinicians visual and quantitative insights into why a prediction was made, thereby enhancing trust

and clinical acceptance of the system.

Results

The experimental evaluation using the TCIA dataset demonstrates that the proposed framework achieves state-of-the-art segmentation and

classification performance.

The results highlight three important implications:

1) Clinical Utility — High classification accuracy ensures reliable staging, which is critical for selecting patient-specific therapies.

2) Automation Advantage — Fully automated segmentation and classification eliminate manual preprocessing, making the workflow effi-
cient and scalable in clinical practice.

3) Explainability Integration — Incorporating SHAP and LIME enhances transparency, addressing a major barrier to Al adoption in
healthcare.

Limitations and Future Work

While the results are promising, several challenges remain. The dataset size, though augmented, is relatively limited compared to real-

world patient diversity, raising concerns about generalizability. Moreover, complex cases with mixed histologies or rare metastasis patterns

may still challenge the system. Future work should focus on:

1) Expanding datasets across diverse demographics,

2) Exploring multimodal inputs (e.g., PET-CT, clinical biomarkers), and

3) Conducting prospective clinical validation to evaluate real-world effectiveness.

6. Conclusion

This study presents a robust deep learning-based framework for the classification of lung cancer using the Tumor—Node—Metastasis (TNM)
staging system. By integrating an optimized Conditional Generative Adversarial Network (c-GAN) for automatic segmentation with Res-
Net50 feature extraction and Support Vector Machine (SVM) classifiers, the proposed system achieves high accuracy in staging CT lung
scans. Unlike conventional approaches, this methodology eliminates the need for manual intervention in region-of-interest selection,
thereby reducing operator dependency and enhancing reproducibility. The experimental results on the TCIA dataset demonstrate that the
proposed system outperforms traditional models such as NMF, UNet, and ResNet in both Dice Similarity Coefficient (DSC) and Jaccard
Index (J) metrics, consistently achieving scores above 0.98. These findings confirm the effectiveness of the c-GAN-based segmentation in
capturing precise tumor boundaries and improving classification reliability. Moreover, the integration of explainability techniques such as
SHAP, LIME, and Grad-CAM adds transparency, allowing clinicians to interpret and validate the model’s predictions, which is vital for
clinical acceptance. From a pharmacological perspective, accurate TNM classification plays a crucial role in guiding treatment strategies.
Early-stage cancers may benefit from targeted therapies, while advanced stages often require systemic chemotherapy, immunotherapy, or
combination regimens. The proposed system thus not only improves diagnostic accuracy but also supports the design of patient-specific
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therapeutic interventions. While the framework demonstrates strong potential, limitations remain, including the relatively small and homo-
geneous dataset, which may affect generalizability to diverse populations. Future work should focus on expanding datasets, incorporating
multimodal imaging and biomarkers, and validating the system through clinical trials. This research underscores the promise of deep
learning in enhancing cancer staging accuracy and its potential to revolutionize precision oncology by enabling timely, reliable, and per-
sonalized lung cancer treatment planning.
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