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 Early and accurate lung cancer diagnosis (LCD) is critical, yet traditional 

imaging methods such as X-rays and computed tomography (CT) scans are 

costly, invasive, and heavily reliant on expert interpretation. This study 

investigates artificial intelligence (AI)-driven diagnostics by comparing deep 

learning models (convolutional neural network (CNN), residual network 

(ResNet), and visual geometry group 16 (VGG16)) with traditional machine 

learning algorithms (logistic regression (LR) and support vector machine 

(SVM)), using lung image database consortium and image database resource 

initiative (LIDC-IDRI) and Kaggle lung CT scan datasets. Performance was 

evaluated across multiple metrics: accuracy, sensitivity, specificity, and area 

under the curve-receiver operating characteristic (AUC-ROC). Among the 

models, ResNet achieved the highest performance, with an accuracy of 94%, 

sensitivity of 95%, specificity of 93%, and AUC-ROC close to 1. CNN and 

VGG16 also showed superior metrics compared to LR and SVM, 

highlighting the robustness of deep learning techniques. These results 

demonstrate that deep learning models not only achieve higher diagnostic 

accuracy but also significantly reduce false detections compared to 

traditional approaches. The findings support the potential of AI to automate 

and enhance LCD, thereby improving accessibility, consistency, and speed 

in clinical settings. Future work will emphasize clinical validation, address 

ethical challenges, and focus on integrating AI models into real-world 

healthcare workflows to improve patient outcomes. 
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1. INTRODUCTION 

Nearly 18% of global cancer fatalities are due to lung cancer. Accurate diagnosis is crucial for early 

interventions to enhance patient survival. Computed tomography (CT) scans and chest X-rays are utilized, 

but they are invasive, expensive, and require professional knowledge, limiting their availability and efficacy 

[1]. Recent advances, particularly deep learning-based ones, have made lung cancer diagnosis (LCD)  

non-invasive, cost-effective, and efficient [2]. Deep learning models, especially convolutional neural 

networks (CNNs), have demonstrated remarkable capabilities in medical image analysis, offering potential 

for improved sensitivity, specificity, and efficiency in lung cancer detection and classification [1], [3], [4].  

https://creativecommons.org/licenses/by-sa/4.0/
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CNNs can identify and categorize malignant tumors in medical imaging datasets. These 

developments increase diagnostic accuracy and enable seamless integration of automated technology into 

clinical workflows, making early detection easier and more reliable [5]. Previous diagnostic approaches are 

compared to deep learning methods to explain how they might overcome their disadvantages. By comparing 

these methods, the potential of deep learning to enhance lung cancer detection and outcomes can be 

understood [6]. 

Recent research shows deep learning systems may detect lung cancer. Deep learning algorithms  

can automatically classify lung cancer in X-rays, whole slide images (WSI), CT scans, and magnetic 

resonance imaging (MRI), according to comprehensive research. Another study found that deep learning 

algorithms can enhance positron emission tomography (PET)/CT lung cancer detection for early diagnosis 

and tailored treatment [7].  

Deep learning allows models to diagnose and categorize lung cancers independently using 

histopathology pictures. This study revealed that deep learning could be used to diagnose malignancies and 

predict patient outcomes based on histological markers. Deep learning may enhance LCD and detection [8]. 

Deep learning technology is intriguing, but clinical use presents challenges that can be overcome [9]. Ethics, 

validation across several patient populations, and fair access to artificial intelligence (AI)-powered diagnostic 

technologies are important challenges. Deep learning algorithms for LCD were evaluated and shown to need 

additional study to solve these challenges and boost AI-based clinical diagnostics [10]. Deep learning may 

identify lung cancer. Deep learning algorithms can improve healthcare, diagnosis accuracy, and patient 

outcomes by predicting diagnostic constraints [11]. Future research must overcome current obstacles to bring 

new technology into clinical practice. 

By comparing the performance of different deep learning models, this comparative study aims to 

provide a comprehensive overview of the current state-of-the-art in AI-assisted LCD. It also examines their 

strengths and weaknesses. This exploration will contribute to the ongoing efforts to improve early detection, 

personalize treatment strategies, and ultimately enhance the survival rates of individuals affected by this 

devastating disease [12].  

Research has demonstrated the efficacy and therapeutic promise of deep learning approaches for 

lung cancer screening. A comprehensive analysis by Javed et al. [1] highlighted the usefulness of deep 

convolutional neural networks (DCNNs) in automating lung cancer detection using X-rays, WSI, CT scans, 

and MRI. Bouchaffra et al. [13] used deep learning in low-dose CT screening programs to identify and 

stratify lung cancer in high-risk populations. Deep learning has improved histopathological analysis, with 

Kalkan et al. [14] showing automated lung tissue tumor identification and characterization for accurate 

diagnosis and prognosis. In a thorough assessment of deep learning models for early-stage lung cancer 

detection, Hosseini et al. [2] identified problems and potential approaches.  

LCD using CT images has been significantly enhanced through deep learning techniques.  

Mamun et al. [15] proposed the LCDctCNN, demonstrating high accuracy and recall for LCD. Liu et al. [16] 

reviewed the evolution of pulmonary nodule detection over the past three decades, highlighting the transition 

from conventional image analysis to deep learning-based decision support. Wang [17] comprehensively 

discussed recent deep learning techniques for LCD, emphasizing their potential to improve diagnostic 

accuracy, early detection, and clinical decision-making. Sohn and Fields [18] demonstrated that the 

integration of radiomics and deep learning enables accurate prediction of pulmonary nodule metastasis from 

CT images, thereby supporting precision medicine. Hashimoto et al. [19] highlighted the opportunities and 

challenges of AI in healthcare, emphasizing its potential to improve diagnostic efficiency and clinical 

outcomes. Lee et al. [20] reviewed the current status and future directions of radiomics in lung cancer, 

demonstrating its role in extracting quantitative imaging biomarkers for diagnosis and prognosis. 

Furthermore, Zhang et al. [21] performed a systematic review and meta-analysis, confirming the high 

diagnostic performance of CNNs in pulmonary nodule detection and reinforcing their effectiveness in 

computer-aided LCD. 

Deep learning has been used with genomes and clinical data to enhance lung cancer detection 

algorithms. Transfer learning has also been used to identify lung cancer using pre-trained models without big 

annotated datasets. Explainable artificial intelligence (XAI) models are emphasized in deep learning-based 

lung cancer detection systems to provide transparency and trustworthiness. For faster decision-making and 

better patient outcomes, clinical deep-learning models have been tested in real time. 

 

 

2. CHALLENGES AND UNADDRESSED ISSUES 

Classic and modern lung cancer screening methods remain understudied despite medical imaging 

and AI breakthroughs. Chest X-rays, CT scans, and biopsies are commonly used, but their invasiveness, high 

cost, and reliance on expert interpretation limit their use, especially in resource-constrained countries.  

Deep learning approaches like CNNs, residual network (ResNet), and visual geometry group 16 (VGG16) 
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enhance accuracy and efficiency without surgery. Early studies seldom compare these algorithms' 

performance on many real-world datasets. Clinical accuracy, sensitivity, and scalability are rarely addressed. 

This discrepancy highlights the necessity to integrate old and modern approaches fully. These issues are 

addressed via a rigorous study that compares existing diagnostic methods to deep learning-based lung cancer 

detection models. For accuracy, sensitivity, and scalability, CNNs, ResNet, and VGG16 will be tested on 

lung image database consortium and image database resource initiative (LIDC-IDRI) and Kaggle lung cancer 

datasets is illustrated in Table 1.  

 

 

Table 1. Comparative analysis of deep learning algorithms for lung cancer detection 
Reference Algorithm Extracted features Accuracy performance 

Javed et al. [1] DCNNs Automated feature extraction 

from X-rays, WSI, CT scans, 

and MRI 

High accuracy across multiple 

imaging modalities 

Mamun et al. [15] LCDctCNN Features from CT scan images Accuracy: 92% 

Zhang et al. [21] CNN Hierarchical features 

automatically extracted from 
pulmonary CT images  

High diagnostic accuracy for 

pulmonary nodule detection 
based on systematic review and 

meta-analysis.  

Suzuki [22] Massive training artificial neural 
network (MTANN) 

Features from low-dose CT 
scans 

Reduction of false positives in 
nodule detection 

Vázquez et al. [23] CNN for mammographic 
microcalcifications  

Pattern recognition features 
from mammograms 

Achieved up to 89.56% accuracy  

Mittal et al. [24] Neural network for liver lesion 

classification  

Features of CT focal liver 

lesions 

Improved classification accuracy 

Varma et al. [25] CNN for carotid atherosclerosis 

diagnosis  

Ultrasound image statistics and 

texture features 

Enhanced diagnostic accuracy 

Orozco et al. [26] Support vector classification for 
lung nodule detection 

Features from chest 
radiographs 

Improved detection accuracy 

 

 

Each strategy's pros and cons will highlight AI-driven diagnostics' transformative potential while 

addressing scalability and clinical integration issues. Finally, this initiative will develop and implement 

therapies to enhance early LCD to advance the field. Deep learning has significantly advanced lung cancer 

detection across imaging modalities like CT, MRI, and histopathology; nevertheless, several critical research 

gaps remain. Most studies, including those by authors [1], [2], highlight limitations such as data 

heterogeneity, lack of standardized imaging protocols, and challenges in generalizing models across diverse 

populations. There is a shortage of large, annotated datasets needed for robust model training, as discussed by 

Liu et al. [16]. 

Moreover, although XAI and real-time clinical deployment have been explored, building fully 

transparent, bias-free, and ethically sound AI systems still requires more focused research. Integration of 

multimodal data (imaging, clinical, and molecular) for comprehensive diagnosis and personalized therapy 

remains underdeveloped. Further, validation studies in real-world clinical environments are limited, and 

ensuring equity and fairness across different demographic groups in AI-driven lung cancer diagnostics is a 

major future need. 

 

 

3. METHOD 

3.1.  Data collection 

The LIDC-IDRI collection comprises radiologists’ nodules categorized in lung CT images, which 

includes demographics and clinical history. The Kaggle dataset shows lung CT images with or without 

cancer. In model construction, standard machine learning and modern deep learning models are used and 

trained. Each solution has advantages and meets design goals. Logistic regression (LR) and support vector 

machine (SVM) are fundamental models. Preprocessing provides human-defined lung nodule size, shape, 

and texture for these algorithms. Although computationally efficient and interpretable, these models struggle 

with medical imaging's complex patterns.  

This study analyzes clinically employed diagnostic methods such as chest X-rays, CT scans, and 

biopsies, which are invasive, costly, and need expert interpretation. Recently developed deep learning 

algorithms, such as CNNs, ResNet, and VGG16, offer automated, non-invasive, and efficient diagnostic 

solutions. Accuracy, sensitivity, and scalability are employed to assess the advantages and disadvantages of 

the approach, while robustness and real-world relevance are ensured through validation on benchmark 

datasets such as LIDC-IDRI and the Kaggle lung cancer dataset. This study aims to elucidate how novel 
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methodologies surpass traditional ones by examining performance disparities and identifying optimal clinical 

algorithms for the early identification and diagnosis of lung cancer. This study employs a four-stage 

framework: data collection, pre-processing, model development, and performance evaluation. This 

framework ensures robustness, reproducibility, and scalability for LCD. 

The workflow framework of this study is presented in Figure 1, providing a clear and structured 

representation of the complete experimental and simulation pipeline to ensure reproducibility. Figure 1 

illustrates data acquisition, preprocessing, model development, performance evaluation, and optimal model 

selection for LCD. At the outset, CT images were obtained from the LIDC-IDRI dataset with expert 

annotations and supplemented with clinical data from the Kaggle lung cancer dataset. The data were 

organized and split into training, validation, and testing sets to ensure unbiased evaluation. The data  

pre-processing stage includes a pre-processing [27], which includes contrast enhancement, histogram 

equalization, Gaussian, and median filtering for noise removal, and pixel normalization to standardize inputs 

across datasets. The datasets were systematically curated and integrated to ensure sufficient diversity and 

robustness for model development. The consolidated dataset was subsequently partitioned into three subsets, 

comprising 70% for training, 15% for validation, and 15% for testing. This stratified division facilitates 

effective model learning, enables hyperparameter tuning through validation, and ensures an unbiased 

evaluation of model performance on unseen data, thereby minimizing the risk of overfitting and enhancing 

generalization capability. 

 

 

 
 

Figure 1. Comprehensive workflow of the proposed experimental and simulation workflow 

 

 

In a broader sense, in medical images (e.g., CT scans), pixel values can vary widely due to 

differences in scanners, acquisition settings, or patient conditions. Pixel scaling normalization transforms 

these values into a fixed range- commonly [0, 1] or [-1, 1], using a linear scaling operation [28]. This helps 

stabilize training improves convergence of machine learning and deep learning models. By doing this, it is 

once again reiterated that pixel intensity normalization was performed by linearly scaling image values to the 

range [0, 1] to ensure uniform input distribution across datasets.  

In the model development stage, both traditional machine learning models (LR and SVM) and deep 

learning models (CNNs with ResNet and VGG16 architectures) were developed. Deep models were trained 

using backpropagation with stochastic gradient descent, with hyperparameters optimized via validation. 

Finally, models were evaluated using accuracy, sensitivity, specificity, F1-score, and area under the curve-

receiver operating characteristic (AUC-ROC), enabling a fair comparison of diagnostic performance and 

clinical reliability. The workflow follows a logical progression from data acquisition to final model selection, 

with clear interconnections between stages, ensuring transparency and ease of replication. The integration of 

this visual representation with the detailed methodological description provides a comprehensive and 

reproducible experimental framework for LCD. 
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3.2.  Architecture diagram for lung cancer detection 

The design emphasizes data collected from reliable sources, utilizing datasets from LIDC-IDRI and 

Kaggle. Figure 2 shows lung CT imaging data flow from collection to model deployment. The annotated lung 

CT scans from skilled radiologists are in LIDC-IDRI. It incorporates important metadata such as patient 

demographics, clinical history, and nodule characteristics for model development. The Kaggle dataset 

contains cancer-annotated lung CT images. The dataset is useful for creating and testing diagnostic 

algorithms. Data is organized and kept in a database or data lake for analysis after gathering. Data must be 

well-organized for development, usability, and traceability. Raw data must be preprocessed for model input 

to ensure consistency and picture quality. This phase uses multiple methods to highlight lung nodules and 

reduce artifacts, which include: 

i) Image enhancement: histogram equalization and contrast modification help identify lung nodules. 

Enhanced photos help the model focus on key traits, improving diagnosis accuracy. 

ii) Noise reduction: gaussian and median filters reduce CT image noise while preserving edges and 

texturing. This ensures noise does not impede the model's ability to detect meaningful patterns. 

iii) Normalization: all photos are normalized to ensure pixel values are within a range, such as 0 to 1. 

Uniformly scaling input data speeds up and stabilizes model training convergence. These preparation 

methods provide data quality for feature extraction and model training, enabling accurate predictions. 

 

 

 
 

Figure 2. Lung CT imaging data flow: from collection to model deployment 

 

 

3.3.  Model development 

Feature extraction is crucial to the detection of lung cancer because it transforms raw medical 

imaging data into meaningful numerical representations that can be analyzed by machine learning and deep 

learning algorithms. While older approaches need human feature engineering based on domain expertise, 

modern deep learning systems automatically identify features from the data. This paper provides a detailed 

explanation of the feature extraction processes and related mathematical formulas. 

 

3.2.1. Logistic regression feature extraction 

LR predicts the probability of outcome 𝑃(𝑌 = 1 ∣ 𝑋) based on input characteristics in binary 

classification [28]. The probability of a binary outcome is estimated using LR, as expressed in (1). 

 

𝑃(𝑌 = 1 ∣ 𝑋) =
1

1+𝑒−(𝛽0+𝛽1𝑋1+𝛽2𝑋2+⋯+𝛽𝑛𝑋𝑛)  (1) 

 
Where 𝛽𝑖 is model coefficients determined during training and 𝑋𝑖 is input features extracted from medical 

images. Experts manually create LR features, including i) size: the lung CT scan nodule area or volume and  

ii) texture: the gray level co-occurrence matrix (GLCM) measures pixel intensity associations. Text-related 

features are extracted using the GLCM, which is defined in (2). 

 
𝑃(𝑖, 𝑗 ∣ 𝑑, 𝜃)  (2) 
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This matrix represents the frequency of pixel-intensity pairs i and j occurring at distance d and angle θ. 

Shape: defined by metrics like compactness as (3). The shape features are quantified using the compactness 

metric, as given in (3). 

 

𝐶𝑜𝑚𝑝𝑎𝑐𝑡𝑛𝑒𝑠𝑠 =
𝑃2

4𝜋𝐴
  (3) 

 
Where 𝑃 is the perimeter and 𝐴 is the area. 

 

3.2.2. Support vector machines feature extraction 

SVM finds the optimal hyperplane separating two classes. The extracted features are subsequently 

normalized according to (4). 

 
𝑤𝑇𝑥 + 𝑏 = 0 (4) 

 
Where 𝑤 is weight vector determining the orientation of the hyperplane; 𝑏 is bias adjusting the hyperplane's 

position; and 𝑥 is input feature vector representing data points. Features for SVM are derived through 

preprocessing and statistical analysis: 

i) Intensity histograms: captures pixel intensity distribution as define in (5). 

 

𝐻(𝑖) =
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑖𝑥𝑒𝑙𝑠 𝑤𝑖𝑡ℎ 𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦 𝑖

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑖𝑥𝑒𝑙𝑠
  (5) 

 
ii) Texture features: these are derived from statistical descriptors like contrast, correlation, and entropy 

calculated from the GLCM. 

 

3.2.3. Convolutional neural networks feature extraction 

CNNs automate the feature extraction process using convolutional operations. Each convolutional 

layer applies a kernel to the input image [2] as define in (6).  

 

𝑦𝑖,𝑗
𝑘 = ∑ ∑ 𝑥𝑖+𝑚,𝑗+𝑛 ×𝑁−1

𝑛=0
𝑀−1
𝑚=0 𝑤𝑚,𝑛

𝑘 + 𝑏𝑘  (6) 

 

Where 𝑦𝑖,𝑗
𝑘  is feature map value at position (𝑖, 𝑗) for kernel k; 𝑥𝑖+𝑚,𝑗+𝑛 is pixel intensity in the receptive field; 

𝑤𝑚,𝑛
𝑘  is weights of the convolution kernel; and 𝑏𝑘 is bias term. CNNs extract hierarchical features, including:  

i) Low-level features: edges, gradients, and textures. 

ii) High-level features: shapes, patterns, and semantic structures of lung nodules. 

 

3.2.4. ResNet feature extraction 

ResNet addresses the vanishing gradient problem by introducing residual connections. The residual 

mapping is represented as (7). 

 
𝑦 = 𝑓(𝑥, {𝑊𝑖}) + 𝑥  (7) 

 
Where 𝑓 is residual mapping and 𝑥 is input features passed to the next layer. ResNet focuses on extracting 

fine-grained details, such as subtle texture variations in lung nodules and irregular edges, which are critical 

for early-stage detection. 

 

3.2.5. VGG16 feature extraction 

VGG16 employs fixed convolutional filters of size 3×3 with rectified linear unit (ReLU) activation 

to introduce non-linearity as define in (8). 

 
𝑓(𝑥) = 𝑚𝑎𝑥(0, 𝑥)  (8) 

 
Pooling layers downsample feature maps, preserving key features while reducing computational complexity. 

Hierarchical feature extraction includes: 

i) Low-level features: textures and edges. 

ii) Mid-level features: shapes and patterns. 

iii) High-level features: nodule structures and context. 
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3.2.6. YOLOv5 feature extraction 

YOLOv5 predicts bounding boxes and class probabilities in a single pass as in (9). 

 

𝑝(𝑐 ∣ 𝑥) ⋅ 𝑏𝑥 ⋅ 𝑏𝑦 ⋅ 𝑏𝑤 ⋅ 𝑏ℎ  (9) 

 

Where 𝑝(𝑐 ∣ 𝑥) is class probability and 𝑏𝑥 , 𝑏𝑦 , 𝑏𝑤 is a bounding box parameter (coordinates and dimensions). 

YOLO detects spatial features and predicts bounding boxes, directly identifying lung nodule locations [3]. 

 

3.2.7. Feature enhancement techniques 

Feature enhancement techniques improve CT image quality by enhancing contrast, reducing noise, 

and preserving important features for accurate lung cancer classification. 

i) Histogram equalization: improves contrast in CT images as define in (10). 

 

𝐼′(𝑥, 𝑦) =
𝐶𝐷𝐹(𝐼(𝑥,𝑦))−𝑚𝑖𝑛(𝐶𝐷𝐹)

𝑚𝑎𝑥(𝐶𝐷𝐹)−𝑚𝑖𝑛(𝐶𝐷𝐹)
  (10) 

 

ii) Gaussian filtering: reduces noise while preserving critical edges as define in (11). 

 

𝐺(𝑥, 𝑦) =
1

2𝜋𝜎2 𝑒𝑥𝑝 (−
𝑥2+𝑦2

2𝜎2 )  (11) 

 

This article describes mathematical frameworks and feature extraction methods for lung cancer 

detection algorithms. These techniques range from LR to ResNet and YOLOv5. They emphasize the 

relevance of feature extraction in improving diagnostic accuracy and reliability [3]. 

 

 

4. RESULTS AND DISCUSSION 

In Figure 3, LR, SVM, CNN, ResNet, and VGG16 lung cancer diagnostic accuracy are graphed. It 

can be understood that deep learning is more accurate than machine learning. The poorest method is LR, with 

75% accuracy. Linearly separable data performs well with simple LR. When data patterns are highly  

non-linear and complex (e.g., nodules' texture and shape), LR fails to identify significant connections 

between variables in LCD. The system cannot distinguish malignant from non-cancerous events based on 

limited human characteristics, lowering accuracy. SVM boosts accuracy to 83%. SVM may distinguish 

malignant from non-cancerous nodules better than LR by transferring input data to higher-dimensional 

spaces. SVM cannot fully represent lung nodule complexity since it uses manually generated intensity 

histograms and texture metrics. SVM also has issues with massive datasets, limiting its practicality. From 

raw CT scan pictures, CNNs learn hierarchical attributes using convolutional, pooling, and activation layers. 

SVMs and LR need feature engineering, whereas CNNs can capture edges, textures, shapes, and complicated 

nodular structures. CNNs identify lung cancer well due to image-based data flexibility.  

 

 

 
 

Figure 3. Comparative graph of the algorithms: a definitive analysis 
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ResNet has the best accuracy (94%), indicating it can handle deeper network configurations 

efficiently. ResNet's main innovation is residual connections to overcome the deep network's vanishing 

gradient problem. These connections allow the model to transmit gradients, preserving lung nodule  

fine-grained features like texture variations and uneven edges throughout feature extraction. More profound 

architecture helps ResNet recognize complicated patterns and enhance classification in complex scenarios 

with small or indistinct nodules. Convolutional deep network VGG16 is less accurate than ResNet, but, like 

CNN, at 92.5%. VGG16 captures hierarchical information using 16 convolutional layers but lacks residual 

connections, making ResNet more durable in deeper networks.  

Complex data patterns and deep networks barely affect VGG16. Its reliable design and feature 

extraction make it a top lung cancer detector. This study reveals that advanced deep learning approaches can 

improve LCD using massive medical imaging datasets. Figure 4 and Table 2 compare accuracy, sensitivity, 

specificity, and AUC-ROC for LR, SVM, CNN, ResNet, and VGG16. The trend in Figure 4 shows 

algorithmic performance from classical to deep learning models based on table accuracy numbers. The 

lowest accuracy is LR at 75.2%. Its specificity (78.4%) for non-cancerous patients exceeds its sensitivity 

(72.1%). Manual feature engineering and the inability to find complicated, non-linear CT scan correlations 

decrease its AUC-ROC to 0.81. These limitations make it inappropriate for advanced lung cancer detection. 

 

 

 
 

Figure 4. Comparison of performance metrics 

 

 

Table 2. Performance comparison of various algorithms 
Algorithm Accuracy (%) Sensitivity (%) Specificity (%) AUC-ROC 

LR 75.2 72.1 78.4 0.81 
SVM 82.3 79.6 84.9 0.87 

CNN 91.8 90.2 93.4 0.94 

ResNet 94.2 92.7 95.8 0.96 
VGG16 92.6 91.0 94.2 0.95 

 

 

An advanced classical method, SVM, has 82.3% accuracy. It can identify cancer from non-cancerous 

instances with 79.6% sensitivity and 84.9% specificity. Additionally, its 0.87 AUC-ROC helps classification. 

SVMs' manually collected features and scalability issues limit their potential compared to deep learning. 

Deep learning systems now diagnose better. CNN has 91.8% accuracy, 90.2% sensitivity, and 93.4% 

specificity. Recognizing hierarchical CT scan features like edges, textures, and complicated patterns.  

The 0.94 AUC-ROC shows significant discrimination. The best algorithm is ResNet (94.2% accuracy). It’s 

AUC-ROC of 0.96, sensitivity (92.7%), and specificity (95.8%) discriminate malignant from non-cancerous 
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patients. ResNet overcomes vanishing gradients and obtains delicate deep network information for lung 

nodule identification using residual connections.  

At 92.6% accuracy, VGG16 is behind ResNet yet performs well. It handles complicated imaging 

data with 91.0 and 94.2% sensitivity and specificity. AUC-ROC 0.95 matches ResNet class differentiating 

reliability. VGG16 lacks ResNet's residual connections, restricting deep network performance. Deep learning 

improves LCD with LR, SVM, CNN, ResNet, and VGG16. The superior performance of ResNet and CNN 

emphasizes the need for automated feature extraction and deep architectures in the complexity of medical 

imaging data. These findings suggest that sophisticated algorithms improve LCD. This finding is consistent 

with earlier studies demonstrating that deep learning models provide scalable and reliable solutions for  

large-scale clinical image analysis and facilitate their adoption in modern healthcare systems [29]. These 

findings suggest that sophisticated algorithms improve LCD.  

 

 

5. CONCLUSION 

This study demonstrates that deep learning models markedly improve lung cancer diagnostic 

performance compared to traditional machine learning approaches. Among the evaluated models, ResNet 

achieved the highest diagnostic accuracy (94%), sensitivity (95%), specificity (93%), and AUC-ROC close to 

1.0, followed closely by CNN, which attained an accuracy of 92%, sensitivity of 93%, and specificity of 

91%. These results highlight the superior ability of deep neural networks to automatically learn complex 

imaging features, with ResNet's deeper architecture and skip connections enabling more effective 

interpretation of subtle, early-stage malignant nodules. The integration of deep learning models into clinical 

workflows has the potential to transform lung cancer detection and treatment. These models can automate 

diagnostic tasks, reduce error rates, and expedite diagnosis times, which are critical factors in improving 

patient prognosis. Furthermore, their scalability allows for efficient processing of large-scale medical 

imaging datasets, aligning well with the needs of contemporary healthcare systems. The adoption of deep 

learning techniques, particularly ResNet-based models, is anticipated to enhance diagnostic precision, 

facilitate earlier interventions, and contribute to more personalized and effective patient care pathways. 
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