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Abstract- Due in large part to delayed diagnosis yet the lack of certain early symptoms, lung cancer continues to rank 

among the most common and fatal malignancies in the world. Although improving survival rates requires early-stage 

discovery, traditional diagnostic techniques like biopsy or manual CT image processing are intrusive, time-

consuming, and prone to interpreting errors. Recent developments in artificial intelligence, especially deep learning, 

have demonstrated great promise in tackling these issues by making it possible to detect cancerous patterns 

automatically, accurately, and efficiently. Compared to more conventional machine learning techniques like Support 

Vector Machines (SVMs), Convolutional Neural Networks, have become the most popular way for extracting 

complicated information from medical images. Additionally, sophisticated techniques like attention mechanisms, 

transfer learning, and hybrid machine learning models have improved interpretability, decreased overfitting, and 

increased generalization. The benefits, drawbacks, and clinical prospects of the deep learning techniques currently 

used in lung cancer identification and treatment are methodically examined in this review. The study highlights how 

deep learning is revolutionizing medical picture processing with the goal of promoting early diagnosis, lower 

mortality, and better patient outcomes. 

 

Keywords— Deep Learning, Lung Cancer Detection, Convolutional Neural Networks (CNNs), Medical Image 

Analysis, Transfer Learning, Early Diagnosis etc. 

 
 

1. INTRODUCTION  

Nearly one in five cancer deaths worldwide are caused by lung cancer, making it one of the most common causes 

of cancer-related mortality. Global cancer statistics show that millions of additional instances are recorded year, and 

while the disease is often detected at advanced stages, the death rate is still frighteningly high. Although it is still very 

difficult, early identification is essential to improve survival rates. Early-stage lung cancer patients may have nebulous 

or nonexistent symptoms, which makes prompt detection challenging. Despite their widespread usage, traditional 

diagnostic techniques such sputum cytology, biopsies, chest X-rays, and manual examination of CT (computed 

tomography) scans are either invasive, laborious, or heavily reliant on expert interpretation, which can result in 

inconsistent results and delays in diagnosis. This urgent medical issue emphasizes the need for sophisticated, 

automated, and precise diagnostic techniques. 

 

Medical imaging and disease detection have changed dramatically in recent years due to the quick development of 

deep learning and artificial intelligence (AI). Deep learning, a branch of machine learning that draws inspiration from 

how the human brain works, has shown exceptional efficacy in tasks like segmentation, classification, and picture 

identification. One of the most popular deep learning architectures, Convolutional neural network networks (CNNs), 

can automatically extract discriminative and hierarchical features from medical pictures without the need for human 

feature engineering. Because of this capability, they are ideal for identifying minute variations in lung CT images that 

could point to early-stage cancers. 

 

Even while CNNs have outperformed more conventional machine learning algorithms like Random Forests and 

Support Vector Machines (SVMs), problems still exist. The lack of big, labeled datasets, which are essential for 

efficiently training deep learning models, is one of the main challenges. In practical clinical applications, small or 

unbalanced datasets frequently result in overfitting and subpar generalization. Furthermore, precise classification is 
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more difficult due to imaging errors, tumor size and shape variations, and the intricacy of lung cancer 

pathophysiology. Additionally, interpretability is still an issue because deep learning models are "black-box" in 

nature, making it difficult for doctors to comprehend how predictions are formed. This affects clinical acceptance and 

trust. 

 

Researchers have developed a number of sophisticated techniques to get around these restrictions. Utilizing pre-

trained models created on extensive picture datasets, transferred learning has been frequently used to improve 

performance while lowering the need for huge medical datasets. By emphasizing crucial areas in healthcare imagery 

and combining several learning techniques for increased prediction accuracy, methods of attention and hybrid 

algorithms have added to interpretability. To overcome dataset limits and increase resilience, ensemble approaches, 

data augmentation, and synthetic data production are all being employed. 

 

This review paper provides a thorough summary of current developments in deep learning techniques for the 

diagnosis and detection of early-stage lung cancer. It detects persistent issues, evaluates approaches critically, and 

draws attention to comparative advantages and disadvantages. The goal is to make it evident how deep learning may 

revolutionize clinical practice by making it possible to diagnose lung cancer earlier, more accurately, and with less 

intrusive procedures, which would eventually lower mortality and improve patient outcomes. 

2.PROBLEM IDENTIFICATION 

• Late-Stage Diagnosis: Because initial signs are either nonexistent or too nebulous, lung cancer is frequently 

discovered at an advanced stage, delaying treatment and decreasing survival rates. 

• Drawbacks of Conventional Methods: Biopsies, chest X-rays, often manual CT scan interpretation are examples of 

conventional diagnostic procedures that are highly invasive, time-consuming, and heavily reliant on radiologists' 

skill, all of which increase the risk of misdiagnosis. 

• Lack of Data: Overfitting occurs in small datasets and the training of effective deep learning models is limited by 

the unavailability of big, well-annotated medical imaging datasets. 

• Feature Complexity: Lung cancer tumors exhibit high variability in shape, size, and intensity patterns, making it 

difficult for traditional machine learning algorithms (e.g., SVM) to accurately classify cancerous regions. 

• Model Interpretability: Deep learning models often act as "black boxes," limiting transparency and trust in clinical 

applications, where interpretability is crucial. 

• Generalization Issues: Models trained on limited or region-specific datasets often fail to generalize across diverse 

patient populations and imaging modalities. 

3. LITERATURE SURVEY 

A) Literature Review 

Thanoon M. A. et. al. 2023, This review synthesizes classification and segmentation approaches using CT-based 

lung disease screening with deep learning. The authors report that CNN architectures dominate recent efforts, with U-

Net variants for segmentation and ResNet/DenseNet-style backbones for classification. Preprocessing (lung field 

extraction, normalization), data augmentation, and 3D-volume modelling improve sensitivity for small nodules. 

Transfer learning and ensemble schemes help when annotated medical datasets are limited. The review highlights 

persistent issues: variability in dataset standards, benchmark fragmentation, high false positive rates for small nodules, 

and limited external validation. The authors recommend standardized reporting, larger multi-center datasets, and 

hybrid models combining radiomics and deep features to improve clinical translation.  

 

Wynants et al. 2025, The systematic review and meta-analysis aggregate performance metrics across many AI 

studies for nodule detection and malignancy classification. AI models typically exhibit higher sensitivity than human 

readers, especially in detection tasks (reported ranges often exceed radiologist sensitivity), yet specificity varies 

widely. For malignancy classification, pooled AI accuracy and AUC often surpass traditional radiologist benchmarks 

in curated datasets, but heterogeneity across studies—different thresholds, variable ground truths, and dataset 

selection bias—limits real-world conclusions. The review stresses the need for prospective multi-center validations, 

clinically relevant endpoints (e.g., impact on diagnosis/treatment), calibration to local populations, and transparent 

model explainability to promote regulatory approval and clinical adoption.  

 

Anthimopoulos et al. 2024, This review compares detection and segmentation pipelines for pulmonary nodules. 

Object-detection networks (Faster R-CNN, YOLO variants) are effective for candidate generation, while 2D/3D U-

Net and attention-augmented U-Nets are preferred for accurate segmentation. The paper emphasizes that 3D context 

improves small-nodule detection but increases compute and annotation burden. Combining detection and 

segmentation in cascade architectures reduces false positives. Radiomics features fused with deep features can 
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enhance malignancy risk prediction. Evaluation challenges include inconsistent annotations, slice spacing differences, 

and lack of consensus on acceptable false-positive rates per scan. The authors recommend benchmarked multi-center 

datasets with standardized annotation protocols and clinical outcome linkage to validate utility.  

 

Li et al. 2024, Covering studies from 2015–2024, this review documents the evolution from handcrafted 

radiomics plus classical ML to end-to-end deep CNNs and transformer models. CNNs remain the backbone for 

feature extraction, but vision transformers and hybrid CNN-transformer models have started to offer advantages in 

global context modeling. Transfer learning from natural image datasets remains a practical remedy for limited 

medical datasets. The review highlights pitfalls: many studies report high accuracies on in-house or public but narrow 

datasets (e.g., LIDC-IDRI), with limited external validation. Explainability methods (Grad-CAM, attention maps) are 

increasingly used but still lack rigorous clinical validation. The authors call for longitudinal studies that examine 

impact on patient outcomes and workflow integration.  

 

Lee et al. 2024, This work applies transfer learning using CNNs that have already been trained (such as ResNet, 

VGG, and Inception) are feature extractors for lung decision systems based on CT. By fine-tuning higher layers and 

freezing lower ones, models achieve high sensitivity with fewer annotated cases. The study shows substantial 

reductions in training time and improved generalization versus training from scratch. It also documents best practices: 

careful ROI extraction (lung field cropping), intensity normalization, and a balanced augmentation pipeline to 

mitigate class imbalance. Limitations include domain shift when applying models across scanners and need for 

calibration to local patient populations. Authors suggest combining transfer learning with self-supervised pretraining 

on large unlabeled medical volumes to further boost robustness.  

 

Wang, Zhou et. al. 2022, This review analyzes how attention modules (SE blocks, self-attention, spatial/channel 

attention) are integrated into CNNs and segmentation networks for medical imaging. For lung CT applications, 

attention improves localization of small nodules, enhances feature discrimination between benign and malignant 

tissue, and increases model interpretability by producing attention maps clinicians can inspect. The review documents 

that attention-augmented U-Nets and ResNet backbones yield better dice scores for segmentation and higher AUC for 

classification, particularly when combined with multi-scale features. Challenges remain in standardizing attention 

outputs for clinical interpretation and avoiding overfitting when attention modules increase parameter counts on small 

datasets. The authors recommend hybrid attention + radiomic feature fusion for robust performance.  

 

Jiating Pan et. al. 2025, MSA-Net introduces multiple self-attention blocks tailored to 3D CT volumes for 

enhanced lung nodule detection and categorization. The results show that multi-head/self-attention captures inter-slice 

dependencies and subtle textural cues that 2D CNNs miss, improving sensitivity for sub-centimeter nodules while 

reducing false negatives. The paper reports improved classification between benign and malignant nodules when 

combining attention outputs with conventional 3D CNN features. Training such models requires more GPU memory 

and careful regularization (dropout, weight decay). The authors emphasize the benefit of attention for 

interpretability—attention maps highlight regions influencing decisions—yet caution that clinical validation and 

prospective testing remain necessary before deployment.  

 

Finn Behrendt et. al. 2023, This comparative study benchmarks object detection algorithms (Faster R-CNN, 

RetinaNet, YOLO) and segmentation pipelines for lung nodule detection on public datasets. Key findings: detector + 

classifier cascades outperform single-stage pipelines in reducing false positives; 3D detectors improve sensitivity but 

demand more annotated 3D volumes; data preprocessing (resampling, HU clipping, windowing) materially affects 

outcomes. Ensemble strategies and test-time augmentation enhance robustness. The paper highlights reproducibility 

gaps: many studies omit hyperparameter details or use different evaluation metrics, making cross-study comparisons 

problematic. The authors recommend standardized evaluation protocols (per-scan FPR, per-nodule sensitivity) and 

release of training code/checkpoints to facilitate clinical translation.  

 

Runhan Li et. al. 2025, This review focuses on multi-task learning (MTL) approaches that jointly perform 

detection, segmentation, and malignancy prediction. Shared representational layers allow learning of complementary 

tasks, improving feature generality and reducing total parameters compared to separate models. MTL frameworks 

demonstrated higher overall accuracy and efficiency in experiments, particularly when tasks are balanced and 

auxiliary tasks (e.g., segmentation) provide useful inductive biases. However, task imbalance, conflicting gradients, 

and increased training complexity are practical hurdles. Authors recommend dynamic task weighting, gradient 

surgery, and curriculum learning to stabilize training. The review also promotes integrating clinical metadata (age, 

smoking history) with imaging features in MTL models to improve prognostic relevance.  
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Kabiru Abdullahi et. al. 2024, This comprehensive review collates results showing that modern DL pipelines can 

achieve very high nodule detection rates (often >90% on curated datasets) with manageable false-positive rates using 

combined detection-segmentation approaches. It emphasizes that end-to-end CNNs outperform traditional 

radiomics+SVM pipelines for classification tasks when sufficient data is available. The paper reviews practices that 

improve robustness: lung field segmentation, HU normalization, multi-scale feature fusion, and ensembling. 

Nevertheless, it notes an optimism-to-reality gap: clinical deployment exposes domain shifts, scanner differences, and 

workflow integration challenges. The authors stress prospective trials, regulatory benchmarks, and interpretable 

outputs (saliency/heatmaps) as essential next steps for safe clinical adoption.  

 

B) Literature Summary 

The substantial advancements in medical imaging analysis are demonstrated by recent research on the use of deep 

learning techniques for lung cancer identification. Improved differentiation between nodules that are both malignant 

and benign is made possible by neural networks using convolution (CNNs), which have demonstrated remarkable 

efficacy in extracting characteristics from CT along with X-ray images. CNN-based hybrid models that incorporate 

additional methods including texture analysis, neural network training, and ensemble learning have improved 

accuracy and decreased false positives. Large annotations to the data and preprocessing techniques are crucial, 

according to researchers, for enhancing the models' generalization and robustness. Studies also indicate that 

integrating artificial intelligence with computer-aided diagnosis systems aids radiologists by reducing interpretation 

time and improving early detection rates. However, challenges such as limited datasets, variability in image quality, 

and the need for clinical validation remain. Overall, the literature strongly supports deep learning as a transformative 

tool in lung cancer detection, with promising results in sensitivity, specificity, and early-stage diagnosis, ultimately 

contributing to reducing cancer-related mortality. 

 

C) Research Gap  

• Limited Access to Annotated Datasets: The majority of current research uses limited or regional datasets, which 

limits the potential of models based on deep learning to be applied to a variety of populations. 

• Variability in Imaging Modalities – Differences in CT, PET, and X-ray image resolutions and acquisition protocols 

create inconsistencies that challenge model robustness. 

• Early-Stage Detection Limitations – While advanced cases are often identified, accurate recognition of very small 

or early-stage nodules remains insufficiently explored. 

• Overfitting and Model Generalization – Many models achieve high accuracy in controlled datasets but perform 

poorly when tested in real-world clinical environments. 

• False Positives and Negatives – Current systems still produce significant misclassifications, reducing clinical trust 

in AI-based diagnostic support. 

• Integration with Clinical Workflow – Few studies address how deep learning models can be seamlessly embedded 

into radiologists’ diagnostic procedures. 

• Lack of Explainability – Most models function as “black boxes,” limiting clinicians’ confidence in adopting AI-

driven diagnostic decisions. 

4. RESEARCH METHODOLOGY 

A) Criteria for selecting this study: 

• High Lung Cancer Mortality: Lung cancer continues to be the world's largest cause of cancer-related fatalities, 

underscoring the critical need improved early detection techniques. 

• Difficulties with Early Diagnosis: Conventional imaging and diagnostic methods frequently fall short in detecting 

malignancies in their earliest stages, which significantly lowers survival chances. 

• Developments in Deep Learning: CNNs, RNNs, including hybrid models have recently demonstrated considerable 

promise in medical image processing, which makes it a viable field for the identification of lung cancer. 

• Need for Automated Systems: AI-based automated screening systems can deliver quick, reliable, and accurate 

results, while manual screening takes a lot of time and is prone to human error. 

• Reducing False Diagnoses – Many existing tools generate high false-positive and false-negative rates, necessitating 

robust deep learning frameworks to improve diagnostic accuracy. 

• Clinical Relevance – Deep learning-assisted diagnostic systems can support radiologists, reduce workload, and 

enhance decision-making in clinical practice. 

• Research Gap Coverage – Addressing dataset limitations, model generalization, and explainability creates 

opportunities for advancing AI-driven medical diagnostics. 
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B) Method of analysis: 

• Selection Criteria – Studies focusing on deep learning methods (CNN, RNN, hybrid, transfer learning) for lung 

cancer detection were shortlisted. 

• Comparative Evaluation – Each study was analyzed for dataset used, model architecture, accuracy, sensitivity, and 

specificity. 

• Clinical Relevance Check – Emphasis was placed on practical applicability in early-stage diagnosis. 

• Strengths & Weaknesses – Models were reviewed for robustness, generalizability, false-positive/negative rates, and 

interpretability. 

• Gap Identification – Research gaps were derived by comparing reported outcomes with current clinical needs and 

challenges. 

 

C) Comparison and Analysis: 

Title Model Used Dataset Key Findings Limitations 

 

Multi-crop CNN 

for Lung Nodule 

Classification 

CNN-based 3D 

multi-crop 

LIDC- 

IDRI 

Improved 

sensitivity and 

accuracy for 

nodule detection 

High 

computational 

cost 

End-to-end lung 

cancer screening 

with DL 

End-to-end CNN NLST Achieved 

radiologist-level 

accuracy 

Needs large-

scale validation 

Radiomics and 

DL for lung 

cancer 

Hybrid 

Radiomics + DL 

Multi-

institutio

nal 

datasets 

Combined 

features 

improved 

prediction 

Lack of 

interpretability 

Ensemble CNNs 

for nodule 

malignancy 

CNN Ensemble LIDC- 

IDRI 

Ensemble 

increased 

accuracy & 

robustness 

Overfitting risk 

DL-based 

automatic lung 

cancer diagnosis 

CNN with 

transfer learning 

Private 

hospital 

dataset 

High 

classification 

performance 

Limited dataset 

diversity 

Weakly 

supervised DL 

for lung cancer 

Weakly 

Supervised CNN 

LIDC- 

IDRI 

Reduced 

annotation 

burden 

Limited 

generalization 

Multi-scale 

feature fusion 

CNN 

Multi-scale 

CNN 

LIDC- 

IDRI & 

NLST 

Better detection 

of small nodules 

Needs more 

clinical 

validation 

Transformer-

based lung cancer 

detection 

Vision 

Transformer 

(ViT) 

LIDC- 

IDRI 

Outperformed 

CNN in feature 

learning 

Computationally 

expensive 

Explainable AI 

for lung cancer 

XAI + CNN Multi-

center 

dataset 

Improved trust 

& 

interpretability 

Reduced 

accuracy vs. 

black-box 

Hybrid CNN-

RNN model for 

early-stage lung 

cancer 

CNN + RNN TCIA Improved 

temporal and 

spatial feature 

analysis 

Higher 

complexity 
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Figure 1. Efficiency values reported across 10 reviewed studies on lung cancer detection. Each bar represents 

efficiency (%) as discussed in the literatures  

 

According to the reviewed research, deep learning approaches—in particular, neural networks using convolution 

(CNNs) and hybrid models—have continuously outperformed conventional image processing methods for the 

identification of lung cancer. The majority of research focuses on CT & PET scans, achieving high accuracy rates 

between 85%–97%, while a few also integrate X-rays and multimodal data for better sensitivity. Feature extraction 

automation, enabled by deep learning, reduces reliance on manual segmentation, addressing inter-observer variability. 

However, issues like small datasets, overfitting, and lack of clinical validation remain common challenges. Overall, 

the comparative analysis indicates that while deep learning approaches hold strong promise, large-scale datasets, 

cross-validation, and real-time clinical applications are crucial for reliability and wider adoption. 

 

D) Assessment of the methods employed in the studies under consideration 

Use of Imaging Modalities: 

• Most studies relied on CT scans as the primary imaging source due to high resolution and sensitivity. 

• Some integrated PET or X-ray datasets, but these provided lower accuracy compared to CT. 

• Deep Learning Architectures:  

• The most popular method for classifying and extracting features was Convolutional Neural Networks (CNNs). 

• Hybrid models (CNN + RNN, CNN + Transfer Learning) improved feature representation and classification 

performance. 

Data Handling: 

• Public datasets such as LIDC-IDRI were frequently used, ensuring benchmark comparisons. 

• However, many studies faced challenges of small sample sizes, leading to overfitting risks. 

Training and Validation: 

• Cross-validation and data augmentation were applied in some cases to improve generalization. 

• A lack of external validation on independent datasets was a limitation in many studies. 

Performance Metrics: 

• Accuracy, sensitivity, and specificity were commonly reported, with CNN-based models reaching 90%+. 

• Few studies considered clinical applicability, interpretability, or real-time diagnostic efficiency. 

 

E) Emphasizing developments, trends, and obstacles 

Trends: 

Convolutional neural network networks (CNNs) are a popular deep learning model for detecting lung cancer from CT 

scans, according to recent studies. To get beyond the limits of tiny datasets, hybrid techniques like transfer learning 

are being used more and more. Additionally, automated complete learning systems are replacing handcrafted feature 

extraction. Early detection, improving diagnostic accuracy, and reducing false positives are the main goals of 

research. Evaluation is becoming more standardized with the integration of public standard data sets like LIDC-IDRI. 

Trends also show that in order to improve the robustness and dependability of medical decision-making, imaging data 

and clinical information are increasingly being combined. 

 

Advancements: 

Methods for detecting lung cancer have advanced significantly. Accuracy in feature extraction and categorization has 

increased with deep learning, particularly CNN-based architectures. Cross-validation, ensemble learning, and data 

augmentation have improved model generalization on. Transfer learning from pre-trained models has reduced 
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computational costs and improved efficiency for limited datasets. Some studies introduced hybrid models combining 

CNN with RNNs or attention mechanisms for better spatial and temporal feature learning. Advanced segmentation 

techniques have enabled more precise tumor localization. Integration with cloud platforms and IoT systems has also 

been explored for real-time diagnostics, pushing research closer to clinical applicability in modern healthcare settings. 

 

Challenges: 

Despite progress, multiple challenges remain in lung cancer detection research. Limited availability of large, 

annotated datasets restricts model training and generalization. Many studies depend on single datasets, leading to 

biased outcomes and poor external validation. Interpretability of deep learning models is another major challenge, as 

black-box predictions reduce clinical trust. High computational requirements make real-time deployment difficult, 

particularly in low-resource healthcare settings. False positives and negatives persist, complicating diagnostic 

decisions. Additionally, integrating imaging data with patient history and ensuring regulatory compliance for AI in 

healthcare remain unresolved barriers, slowing translation from research to real-world clinical practice.. 

5. DISCUSSION 

A) Synthesis of findings from literature 

 
Figure 2. Global Distribution of Cancer-Related Deaths in 2023 [4] 

 

Due mostly to late-stage identification, lung cancer continues to rank among the most deadly illnesses in the world. 

Figure 2 shows the extinction caused by cancer, with lung cancer accounting for a large portion of mortality 

worldwide. The International Health Organization (WHO) claims that, early-stage diagnosis and timely disease 

management are essential for improving treatment outcomes and survival chances. 

 

 
Figure 3. Lung cancer progression stages—illustrating the many stages of development [4] 

 

Over the years, researchers have made substantial efforts to develop effective diagnostic and classification 

methods. Initial screening using exhaled breath analysis has gained attention as a non-invasive and cost-effective 

technique. X-rays, CT scans, MRIs, and PET scans are common diagnostic imaging techniques that offer vital 

information on the existence and growth of tumors. The classification of lung cancer is directly linked to tumor size 

and spread, with early detection significantly increasing survival probability. However, early-stage tumors are often 

invisible or undetectable. Figure 3 illustrates the different developmental phases of lung cancer, showing how 
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complexity increases with progression. Hence, research strongly emphasizes improving early detection methods to 

enable timely and effective treatment interventions. 

 

B) Methodology for future research directions 

Proposed System: 

 
Figure 4. Using deep learning to classify and identify lung cancer 

 

A potent technique for the precise categorization and identification of lung cancer is deep learning. Deep learning 

models, in contrast to conventional diagnostic techniques, can analyze enormous volumes of medical imaging data, 

including X-rays, CT, MRI, or PET scans, to find hidden patterns which are hard for the human eye to notice. CNNs, 

or convolutional neural networks and other advanced architectures have been widely applied to classify tumors into 

their respective stages, enhancing the precision of early detection. Fig. 4 illustrates the process of prediction and 

classification using deep learning. By automatically extracting relevant features, these models significantly reduce the 

dependency on manual intervention, minimizing human error. Moreover, integrating deep learning with non-invasive 

diagnostic tools like exhaled breath analysis further enhances reliability. Overall, deep learning enables faster, more 

accurate classification, thereby improving survival rates through timely treatment and intervention. 

 
Figure 5. CNN model design for identifying and classifying lung nodules 

The process of detecting and classifying lung cancer using deep learning is shown in Figure 5. Raw lung images first 

go through preprocessing, which improves image quality and eliminates noise. Segmentation is then used to identify 

possible nodules and isolate lung areas. Meaningful aspects like texture, form, and intensity are subsequently 

extracted using Convolutional Neural Networks (CNNs). These characteristics are employed to distinguish between 

malignant and non-cancerous nodules. Finally, various classifiers are applied to categorize cases into different stages 

of lung cancer, enabling accurate diagnosis and prediction. This systematic approach enhances early detection and 

supports clinical decision-making. 
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Figure 6. Sequential process of study execution 

Figure 6, illustrates the sequential process of study execution, divided into three main steps. Step 1 (Study 

Preparation) includes stating study objectives, defining research questions, formulating a search scheme, and 

establishing inclusion/exclusion criteria. It also involves setting up the data extraction process. Step 2 (Conduct of 

Study) focuses on selecting the primary studies, classifying the selected studies, and ensuring systematic organization. 

Step 3 (Analysis & Results) includes a quality assessment process to evaluate the credibility of studies, followed by 

reporting the review in a structured manner. The flow is shown through a directional arrow, highlighting the 

systematic and progressive nature of the process, ensuring accuracy, transparency, and reliability in conducting a 

research study. 

6. CONCLUSION  

The importance of using deep learning methods for lung cancer identification and categorization is highlighted in 

this review paper, which also provides insightful information on effectiveness, precision, and clinical dependability. It 

is clear from a thorough review of the literature that deep learning models—in particular, Convolutional Neural 

Networks, or CNNs—perform better than traditional techniques when it comes to identifying minute lung 

abnormalities through CT scans as well as X-ray images. The structured methodology—covering study preparation, 

data extraction, classification, and results analysis—ensures a transparent and unbiased evaluation of prior works. The 

comparative review shows that deep learning enhances diagnostic precision, reduces human error, and enables earlier 

detection, The improvement of patient survival rates depends on this. Nevertheless, problems with model 

generalization, processing expenses, and a lack of annotated datasets continue to exist. Addressing these gaps requires 

improved dataset availability, hybrid learning approaches, and robust validation techniques. Overall, this study 

emphasizes that deep learning-based diagnostic frameworks hold transformative potential for early lung cancer 

screening, supporting clinicians in making informed decisions and paving the way for intelligent, automated, and 

accessible healthcare systems. 
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