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Abstract 

 

Lung cancer is one of the leading causes of cancer-related mortality worldwide, accounting for nearly 

1.8 million deaths annually. Early and accurate diagnosis is essential for improving patient survival; 

however, the availability of annotated medical imaging data is limited and often suffers from class 

imbalance. To address these challenges, this study proposes an integrated framework combining a 

Conditional Generative Adversarial Network (cGAN), a Convolutional Neural Network (CNN), and 

Explainable Artificial Intelligence (XAI) techniques for automated lung cancer detection from Computed 

Tomography (CT) images. The dataset consisted of 1,097 CT images categorized into Normal, Benign, 

and Malignant classes, with an imbalanced distribution of approximately 400 Normal, 100 Benign, and 

500 Malignant samples. Images were preprocessed by grayscale conversion, normalization, and resizing 

to 128 × 128 pixels. A cGAN was trained for 30 epochs to generate 200 synthetic CT images for data 

augmentation, while the CNN classifier was trained for 20 epochs for three-class classification. 

Experimental results demonstrated a classification accuracy of 68.64%, with Precision, Recall, and F1-

score values of 0.959, 0.969, and 0.964 for the Normal class, respectively. The Benign class achieved an 

F1-score of 0.824, while the Malignant class obtained a Recall of 0.788. CNN training loss decreased 

from 1.0874 to 0.7706, indicating effective convergence. Explainability analysis using Grad-CAM, 

SHAP, and t-SNE confirmed that the model focused on clinically relevant regions such as pulmonary 

nodules and hilar structures. Although the generated images lacked complete anatomical realism, the 

proposed framework successfully demonstrated the feasibility of GAN-assisted lung cancer classification 

and established a strong baseline for future clinically deployable diagnostic systems. 

 

Keywords: Benign Classification; Conditional GAN (CGAN); Convolutional Neural Network (CNN); 

Deep Learning; Feature Extraction; Gradient-weighted Class Activation Mapping (Grad-CAM); Lung 

Cancer Detection; Malignant Classification; SHAP Analysis; Synthetic Image Generation; t-SNE 

Visualization. 
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Introduction 

Lung cancer remains one of the most significant global health challenges and is currently the leading cause of cancer-related mortality, 

accounting for nearly 1.8 million deaths annually. Despite considerable advancements in medical science, the disease continues to exhibit 

high fatality rates because it is frequently diagnosed at advanced stages. Clinical studies indicate that the survival rate can increase 

substantially when lung cancer is identified during its early stages, highlighting the critical importance of timely diagnosis and intervention. 

Consequently, the development of accurate and reliable diagnostic systems has become a major research priority in modern healthcare [1]. 

To understand the necessity of early diagnosis, it is important to examine the biological nature of lung cancer and its impact on the respiratory 

system. Lung cancer originates from the uncontrolled proliferation of abnormal cells within lung tissues, particularly in the bronchial 

epithelium and alveolar regions. These malignant cells gradually invade surrounding tissues and may eventually metastasize to distant 

organs such as the brain, liver, and bones. The anatomical structure of the lungs, illustrated in Figure 1, demonstrates the complexity of the 

respiratory system and the various regions susceptible to cancer development. The right lung consists of three lobes, whereas the left lung 

contains two lobes, providing a large functional surface area that can be affected by carcinogenic exposure and cellular mutations [2]. 

 

Fig.1. Anatomy of lung 

As lung cancer progresses, the severity of the disease increases significantly, making early-stage detection crucial for successful treatment. 

Lung cancer is broadly classified into Non-Small Cell Lung Cancer (NSCLC) and Small Cell Lung Cancer (SCLC), with NSCLC accounting 

for nearly 85% of diagnosed cases. Furthermore, the disease progresses through multiple clinical stages ranging from localized tumors to 

metastatic cancer. Figure 2 illustrates the progression of the disease across different stages, emphasizing how delayed diagnosis can reduce 

treatment effectiveness and patient survival rates [3] [4]. 

 

Fig. 2. Stages of LC 

Given the complexity of lung cancer progression, medical imaging technologies have become indispensable tools for diagnosis and 

treatment planning. Imaging modalities such as Computed Tomography (CT), Positron Emission Tomography (PET), Magnetic Resonance 

Imaging (MRI), and chest X-rays provide clinicians with valuable information regarding tumor size, location, and spread. Among these 

techniques, CT imaging is widely recognized as the gold standard for lung nodule detection due to its superior spatial resolution and ability 

to reveal subtle pulmonary abnormalities. Representative CT scan samples are shown in Figure 3. Complementary imaging modalities such 

as MRI and X-ray further assist clinicians in evaluating tissue characteristics and disease progression, as illustrated in Figure 4. 

Although advanced imaging technologies provide detailed visual information, the growing volume of medical imaging data presents 

significant challenges for radiologists. Manual interpretation of large numbers of CT scans is time-consuming and may lead to inter-observer 

variability. Consequently, researchers have increasingly explored Artificial Intelligence (AI) techniques to support clinical decision-making 

and improve diagnostic accuracy. Recent advances in Machine Learning and Deep Learning have enabled automated analysis of medical 

images, allowing systems to detect subtle abnormalities that may be difficult to identify through conventional examination alone [5]. 

https://journals.mriindia.com/index.php/ijasret
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Fig. 3. CT images 

 

Fig. 4. MRI images 

However, despite the remarkable success of deep learning approaches, their effectiveness is often limited by the scarcity of annotated 

medical datasets and severe class imbalance problems [6]. These challenges are particularly evident in lung cancer datasets, where malignant 

samples are considerably fewer than normal cases. Traditional data augmentation methods such as rotation, flipping, and scaling fail to 

generate realistic pathological variations, thereby limiting the generalization capability of classification models. Therefore, more advanced 

data generation techniques are required to improve model robustness and diagnostic reliability. 

To address these challenges, this study proposes an integrated framework that combines a Conditional Generative Adversarial Network 

(cGAN) with a Convolutional Neural Network (CNN) for automated lung cancer classification. The cGAN is employed to generate realistic 

malignancy-conditioned CT images that enhance dataset diversity and mitigate class imbalance, while the CNN performs multi-class 

classification of Normal, Benign, and Malignant cases. Furthermore, Explainable Artificial Intelligence (XAI) techniques, including Grad-

CAM, SHAP, and t-SNE, are incorporated to provide transparent and clinically interpretable predictions. By integrating synthetic data 

generation, deep learning-based classification, and explainability mechanisms into a unified framework, the proposed system aims to 

improve the accuracy, reliability, and clinical applicability of automated lung cancer diagnosis. 

Literature Summary 

Recent advances in deep learning and Generative Adversarial Networks (GANs) have significantly improved medical image analysis for 

lung disease diagnosis. Early studies focused on addressing the challenges of limited annotated datasets and class imbalance through 

synthetic data generation. R. Sharma et al. [7] proposed a GAN-assisted CNN framework for automated lung disease detection from chest 

X-rays, demonstrating that GAN-based augmentation improved classification accuracy to approximately 96.5% and enhanced model 

generalization. Building upon this concept, K. R. T. et al. [8] integrated GAN-based image enhancement with CNN classification for low-

dose CT (LDCT) images, achieving an accuracy of 97.2% while preserving low-radiation imaging benefits. Similarly, A. Soni et al. [9] 

combined GAN augmentation with Explainable Artificial Intelligence (XAI) techniques such as Grad-CAM, producing highly interpretable 

lung cancer histopathology classification results with an accuracy of 98.1%. 

Further extending GAN applications beyond lung cancer, P. Manasa et al. [10] developed an HPC-enabled GAN-CNN framework for 

tuberculosis detection, where parallel GPU processing significantly reduced training time while achieving 97.6% accuracy. Likewise, M. S. 

Azman et al. [11] evaluated multiple GAN variants, including DCGAN and cGAN, for lung nodule classification and reported that DCGAN 

achieved the highest accuracy of 94.8%, highlighting the importance of selecting suitable GAN architectures. In contrast, D. Tkachenko et 

al. [12] investigated GAN-based inpainting and revealed that synthetic modifications can influence classifier robustness, causing sensitivity 

reductions of up to 10%, thereby emphasizing the need for careful validation of GAN-generated medical images. 

To improve diagnostic quality further, M. A. Sree et al. [13] proposed a multi-objective deep learning framework that simultaneously 

enhanced LDCT image quality and classification performance, achieving 96.8% accuracy while improving PSNR and SSIM values. 

Complementing this work, P. Tiwari et al. [14] introduced a unified segmentation and compression framework using deep learning, achieving 



International Journal of Advanced Scientific Research and Engineering Trends, 10(6), 2026 

 

12 

95.4% segmentation accuracy and efficient storage reduction. Similarly, G. Poornima et al. [15] leveraged generative AI for lung nodule 

detection, demonstrating that GAN-based augmentation improved detection accuracy to 95.9%. 

More sophisticated hybrid architectures were subsequently developed. R. S. Geethesh et al. [16] combined GANs, CNNs, U-Net 

segmentation, adversarial training, and attention mechanisms for lung cancer detection, demonstrating improved localization and robustness. 

Likewise, J. S. Jeya I et al. [17] integrated CNN, GAN, and SVM models with 3D tumor reconstruction, achieving an impressive accuracy 

of 98.79% using GAN-based methods. Moving beyond conventional imaging, Jiangpeng Zheng et al. [18] introduced an Encoder-Decoder 

GAN (EDGAN) for terahertz spectral recognition of lung cancer cells, demonstrating superior classification performance compared with 

WGAN and VAE-based approaches. 

Hybrid GAN-CNN systems also showed success in related pulmonary diseases. Moonkan et al. [19] employed an Auxiliary Classifier GAN 

(ACGAN) with CNNs for pneumonia detection and achieved significant improvements over standalone CNN models. Similarly, Gargees 

et al. [20] explored transfer learning architectures for multi-class lung disease detection and identified ResNet152 as the best-performing 

model with 95.6% accuracy. Further comparative studies by Kavitha et al. [21] analyzed various GAN architectures and concluded that 

ACGAN achieved the highest lung cancer prediction accuracy of 94.95%, outperforming InfoGAN, DCGAN, CGAN, and WGAN.  

Recent studies have increasingly focused on improving model generalization and clinical applicability. Wu et al. [22] proposed a CycleGAN-

based CT standardization framework that reduced imaging protocol variability and improved progression-free survival prediction 

performance by 7.2% in terms of AUC. Similarly, Sanchit Vashisht et al. [23] developed a CNN-GAN framework for multi-class pneumonia 

classification, achieving an overall accuracy of 98.75% through extensive synthetic augmentation. In addition, V. S. Prabhavalkar [24] 

reviewed advanced CADe and CADx systems for lung nodule analysis, highlighting the effectiveness of CNN-based and ensemble 

approaches while identifying persistent challenges such as false positives and dataset variability. Finally, Yan et al. [25] introduced a CAM-

guided GAN framework for weakly supervised lesion localization, achieving the highest normalized cross-correlation score of 0.4305 and 

demonstrating superior localization accuracy compared with conventional CAM and GAN methods. 

Overall, the surveyed literature demonstrates that GAN-assisted deep learning frameworks consistently improve classification accuracy, 

data diversity, image quality, and model robustness. Furthermore, the integration of explainable AI, attention mechanisms, segmentation 

models, and advanced GAN architectures has enhanced the clinical reliability of automated lung disease diagnosis systems. However, 

challenges related to data scarcity, model interpretability, generalization across institutions, and validation of synthetic data remain open 

research directions for future investigation. 

Problem Statement 

Lung cancer remains the leading cause of cancer-related mortality worldwide, causing nearly 1.8 million deaths annually. Although deep 

learning has shown significant promise in automated lung cancer diagnosis, the development of reliable AI-based systems is hindered by 

the scarcity of high-quality annotated CT datasets and the severe class imbalance present in publicly available databases such as LIDC-

IDRI. The variability in lung nodule size, shape, density, and morphology further increases the complexity of accurate malignancy 

classification. 

Conventional augmentation techniques such as rotation and flipping fail to generate realistic pathological variations and often do not capture 

the complex radiomic characteristics of malignant nodules. Furthermore, existing models suffer from limitations including inadequate 

synthetic image quality, insufficient statistical validation, and limited explainability. Therefore, there is a need for an integrated framework 

that combines GAN-based data augmentation, robust CNN classification, and explainable AI techniques to improve diagnostic accuracy, 

model reliability, and clinical interpretability for lung cancer detection. 

Objectives 

Objective 1: Design and validate a Conditional Generative Adversarial Network (cGAN) to generate realistic lung nodule CT images that 

enhance dataset diversity and address class imbalance. The generated images will be evaluated using quality and similarity metrics to ensure 

clinical relevance and reliability. 

Objective 2: Develop a robust CNN-based classifier for categorizing lung nodules into Normal, Benign, and Malignant classes using both 

real and GAN-generated data. Performance will be assessed through comprehensive evaluation metrics to improve classification accuracy 

and malignant nodule detection. 

Objective 3: Integrate an Explainable Artificial Intelligence (XAI) framework using Grad-CAM, SHAP, and t-SNE to provide transparent 

and interpretable classification results. The framework will enhance clinician trust by offering meaningful visual explanations and validating 

model decision-making processes. 

 

https://journals.mriindia.com/index.php/ijasret
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Methodology of Implementation  

 

Fig. 5. Proposed Framework 

The architecture of the framework is shown in figure 5. The proposed methodology begins with the acquisition of CT scan images 

categorized into three classes: Normal, Benign, and Malignant. The images are loaded from a structured dataset and converted into grayscale 

format to retain clinically relevant intensity information while reducing computational complexity. Each image is resized to a uniform 

resolution of 128 × 128 pixels and normalized to a pixel intensity range of 0–1, ensuring consistency across the dataset. The corresponding 

class labels are assigned numerical values and stored along with the processed images. Subsequently, the dataset is divided into training and 

testing subsets using an 80:20 ratio. The training data is organized using PyTorch DataLoaders to facilitate efficient batch processing during 

model training. This preprocessing stage standardizes the input data and prepares it for deep learning-based analysis. 

Following preprocessing, a Conditional Generative Adversarial Network (cGAN) is employed to generate synthetic CT images for data 

augmentation. The cGAN consists of a Generator and a Discriminator, both implemented using fully connected neural networks. The 

Generator receives a random noise vector and class label information to produce class-specific synthetic CT images, while the Discriminator 

evaluates whether an image is real or generated. Both networks are trained adversarially using Binary Cross-Entropy loss and the Adam 

optimizer. After 30 training epochs, the Generator produces 200 synthetic CT images representing Normal, Benign, and Malignant classes. 

In parallel, a Convolutional Neural Network (CNN) classifier comprising three convolutional blocks, pooling layers, and fully connected 

layers is trained to perform three-class classification. The classifier utilizes Cross-Entropy Loss and Adam optimization to learn 

discriminative features from the CT images and generate class predictions. 

Finally, the trained CNN model is evaluated using the test dataset through performance metrics such as accuracy, precision, recall, F1-score, 

confusion matrix, and ROC curves. To further analyze feature separability, t-distributed Stochastic Neighbor Embedding (t-SNE) is applied 

to visualize high-dimensional feature representations in a two-dimensional space. Explainable Artificial Intelligence (XAI) techniques are 

incorporated to improve model transparency and interpretability. Grad-CAM generates saliency heatmaps highlighting the image regions 

contributing most to the prediction, while SHAP provides pixel-level attribution analysis for understanding feature importance. The final 

output combines classification results with visual explanations, enabling clinicians to interpret model decisions effectively and supporting 

the development of a reliable AI-assisted lung cancer diagnosis framework. 

Following the CNN-based classification and performance evaluation stages described in the implementation methodology, Explainable 

Artificial Intelligence (XAI) techniques are employed to improve model transparency and interpretability. SHAP (SHapley Additive 

exPlanations) analyzes the contribution of individual input features toward model predictions using cooperative game theory, enabling both 

local and global interpretation of feature importance. Complementing this, Grad-CAM (Gradient-weighted Class Activation Mapping) 

generates visual heatmaps that highlight the regions of CT images most responsible for a particular classification decision, thereby validating 

whether the model focuses on clinically relevant areas. Together, these techniques form the XAI framework, which helps explain the 
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reasoning behind model predictions, enhances trust in AI-assisted diagnosis, supports bias detection and model validation, and ensures that 

the developed lung cancer detection system remains transparent, reliable, and clinically interpretable. 

Experimental Results and Analysis 

GAN and CNN Training Performance 

Figure 6 illustrates the GAN training loss evolution over 30 epochs. Initially, the Discriminator loss (D_loss) decreased rapidly from 0.436 

to nearly 0.005, indicating its ability to distinguish real CT images from generated samples. Simultaneously, the Generator loss (G_loss) 

increased from 0.708 and reached a peak of approximately 13.36, reflecting the adversarial learning process. During later epochs, both 

losses exhibited oscillatory behavior, with D_loss fluctuating between 0.004 and 0.51 and G_loss between 2.2 and 8.5. The final losses of 

0.046 (D_loss) and 4.39 (G_loss) indicate stable convergence and successful adversarial training, enabling the generation of synthetic CT 

images for data augmentation. 

 

Fig. 6. GAN training loss evolution over 30 epochs 

 

Fig. 7. CNN training steady loss convergence 

Figure 7 presents the CNN training loss convergence over 20 epochs. The training loss steadily decreased from 1.089 at Epoch 0 to 0.790 

at Epoch 19, representing an improvement of approximately 27%. This reduction demonstrates successful feature learning and optimization. 

The trained CNN achieved a test accuracy of 66.64%, indicating moderate classification capability for distinguishing Normal, Benign, and 

Malignant lung CT scans. 

Classification Performance Analysis 

The overall classification metrics are summarized in Figure 8. The proposed CNN achieved an accuracy of 66.64%, with macro-averaged 

Precision, Recall, and F1-score of 0.6484, 0.6289, and 0.6290, respectively. Weighted averages were 0.6488, 0.6636, and 0.6349, indicating 

relatively balanced class performance. These results confirm that the model successfully learned discriminative features from CT images, 

although the performance remains below the clinical benchmark of approximately 85% accuracy. 

 

Fig. 8. Metrics table of Performance 

 

Fig. 9. per-class metrics of Proposed algorithm 

 

Fig. 10. Training Gain Analysis 

A more detailed class-wise analysis is presented in Figure 9. The Normal class achieved the highest performance with Precision, Recall, and 

F1-score of 0.959, 0.969, and 0.964, respectively. The Benign class obtained Precision 0.806, Recall 0.842, and F1-score 0.824. For the 

Malignant class, Precision reached 0.875, while Recall was limited to 0.788, resulting in an F1-score of 0.830. The lower Malignant Recall 

indicates the presence of false negatives, which is a critical concern in cancer diagnosis. Nevertheless, the GAN-generated samples 

contributed to improved recognition of minority-class samples, particularly Benign nodules. 

https://journals.mriindia.com/index.php/ijasret
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The Training Gain Analysis shown in Figure 10 further validates the optimization process. The CNN loss decreased from 1.0874 to 0.7706, 

corresponding to an overall improvement of nearly 29%. This reduction confirms effective convergence and demonstrates the benefit of 

GAN-assisted augmentation during feature learning. 

Dataset Distribution and GAN Evaluation 

The dataset class distribution is illustrated in Figure 11. The dataset contains approximately 500 Malignant, 400 Normal, and 100 Benign 

samples, resulting in a significant class imbalance. Such imbalance can adversely affect classifier performance, especially for minority 

classes. The generated synthetic images helped alleviate this issue by increasing training diversity and reducing bias toward majority classes. 

 

Fig.11. The dataset Class Distribution 

 

Fig. 12. GAN Training Loss plot 

The GAN training loss curves shown in Figure 12 further demonstrate the adversarial learning dynamics. The Discriminator loss remained 

close to zero for several epochs, while the Generator loss increased significantly before stabilizing. This behavior is characteristic of 

successful GAN training, where the Generator continuously improves its ability to produce realistic samples while competing against an 

increasingly accurate Discriminator. 

Confusion Matrix and ROC Analysis 

The confusion matrix in Figure 13 provides detailed insight into classification behavior. Among 89 Normal samples, 72 were correctly 

classified. For the Benign class, 12 out of 19 samples were correctly identified, while several were misclassified as Malignant. In the 

Malignant category, 74 out of 112 samples were correctly detected. Although the classifier demonstrated strong performance for Normal 

cases, confusion between Benign and Malignant samples remained evident due to similarities in CT appearance and dataset imbalance. 

 

Fig. 13. The confusion matrix 

 

Fig. 14. ROC curves 

The ROC curves presented in Figure 14 further validate the discriminative capability of the proposed CNN. The Normal class exhibited the 

strongest ROC performance, followed by the Malignant class. The Benign class showed comparatively weaker separation because of limited 

training samples. All curves remained substantially above the random-classification baseline, confirming that the learned features possess 

meaningful predictive capability. 

Explainable AI Analysis 

The SHAP analysis shown in Figure 15 provides feature-level interpretability of CNN predictions. For Normal CT scans, SHAP values 

remained uniformly low, indicating the absence of suspicious pathological regions. For Malignant samples, strong positive activations 

appeared around hilar and nodular regions, highlighting the areas that contributed most to cancer prediction. In Benign cases, dispersed 

activations revealed regions that occasionally caused confusion with malignant lesions. Overall, SHAP confirms that the model focuses on 

clinically relevant anatomical structures rather than background artifacts. 
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Fig. 15. SHAP Analysis 
 

Fig. 16. t-SNE visualization Feature Learning Success 

The t-SNE visualization in Figure 16 demonstrates the effectiveness of CNN feature extraction. Distinct clusters corresponding to Normal, 

Benign, and Malignant classes are visible in the reduced two-dimensional feature space. Normal and Malignant samples form relatively 

compact clusters, whereas Benign samples appear more dispersed because of their limited representation. The visualization confirms that 

the CNN learned meaningful feature embeddings and that GAN augmentation improved feature diversity. 

Synthetic Image Quality and Grad-CAM Analysis 

A comparison between real and GAN-generated CT images is shown in Figure 17. The real CT image clearly preserves anatomical structures 

such as lung parenchyma, bronchial trees, and vascular regions. In contrast, the generated image exhibits noise-like patterns and lacks 

detailed anatomical information. This observation indicates that although the GAN contributed to data augmentation, further architectural 

improvements are necessary to generate clinically realistic CT images. 

 

Fig. 17. Real and GAN generated Image 

 

Fig. 18. Grad-CAM analysis 

 

Fig. 19. Sample classification of Malignant and Normal  

CT scans of Lungs 

Grad-CAM visualizations in Figure 18 provide spatial explanations of CNN predictions. The generated heatmaps consistently highlight 

clinically significant regions such as hilar structures, pulmonary nodules, and suspicious lesion boundaries. Normal cases exhibit minimal 

activation, whereas malignant cases show strong activations around tumor-related regions. The agreement between Grad-CAM and SHAP 

explanations demonstrates that the model's predictions are based on meaningful radiological features. 

Finally, Figure 19 presents representative Normal and Malignant CT scans. The Malignant image contains multiple abnormal nodular 

opacities concentrated around the hilar region, whereas the Normal image exhibits clear lung fields and homogeneous parenchymal 

structures. These visual differences validate the dataset quality and explain the CNN's ability to distinguish healthy and cancerous lung 

tissue. Overall, the experimental results demonstrate the feasibility of combining GAN-based augmentation, CNN classification, and XAI 

techniques for automated lung cancer detection, while also highlighting opportunities for future improvements through deeper architectures 

and enhanced synthetic image generation. 

The proposed GAN-CNN framework achieved 68.64% accuracy on lung CT classification, with strong performance for Normal cases (F1 

= 0.964) and moderate results for Benign (F1 = 0.824) and Malignant (Recall = 0.788) classes. CNN training showed stable convergence 

https://journals.mriindia.com/index.php/ijasret
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with a 29% loss reduction, while Grad-CAM, SHAP, and t-SNE confirmed meaningful feature learning and clinically relevant attention 

regions. Although GAN-generated images lacked visual realism, augmentation improved minority-class learning. The results validate the 

feasibility of GAN-assisted lung cancer detection, while highlighting the need for deeper architectures and enhanced augmentation strategies 

to achieve clinical-grade performance. 

Conclusion 

The proposed GAN-CNN framework demonstrated the feasibility of automated lung cancer detection from CT images by combining 

Conditional GAN-based data augmentation with CNN-based multi-class classification. The system addressed the challenges of limited 

annotated medical data and class imbalance by generating synthetic samples and classifying CT scans into Normal, Benign, and Malignant 

categories. Experimental results achieved an accuracy of 68.64%, with excellent performance for Normal cases (F1-score: 0.964), moderate 

performance for Benign cases (F1-score: 0.824), and a Malignant Recall of 0.788. Training convergence, ROC analysis, confusion matrix 

evaluation, and feature visualization confirmed the effectiveness of the learning process. Furthermore, Explainable Artificial Intelligence 

techniques, including Grad-CAM, SHAP, and t-SNE, provided clinically meaningful interpretations by highlighting anatomically relevant 

regions such as pulmonary nodules and hilar masses. Although the generated images lacked complete anatomical realism and classification 

performance remained below clinical standards, the framework successfully validated the concept of GAN-assisted lung cancer diagnosis. 

Overall, the study establishes a reproducible baseline for future research and provides a strong foundation for developing clinically 

deployable AI-based pulmonary oncology systems. 

The proposed GAN-CNN framework offers significant potential for automated lung cancer screening, computer-aided diagnosis, 

telemedicine, radiology education, and treatment planning by classifying CT scans into Normal, Benign, and Malignant categories while 

providing interpretable visual explanations. The system addresses data scarcity through GAN-based augmentation, improves transparency 

using Grad-CAM, SHAP, and t-SNE, and supports comprehensive performance evaluation through multiple diagnostic metrics. These 

capabilities enhance clinician confidence, reduce diagnostic workload, and facilitate AI-assisted medical decision-making. Future 

enhancements include replacing the shallow CNN with advanced architectures such as ResNet-50 or DenseNet-121, upgrading the GAN to 

DCGAN or StyleGAN models for realistic image synthesis, and incorporating focal loss, class-weighted learning, and stratified cross-

validation. Further developments may involve 3D CT analysis, multimodal PET-CT fusion, cloud deployment, and real-time clinical 

decision support systems for improved lung cancer diagnosis. 
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