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[bookmark: _Hlk183873833]Abstract— Lung cancer is one of the leading deadly illnesses that impact individuals all over the world. As it is difficult to detect lung cancer in its advanced stages, the continued survival rate is quite low. Early identification of lung cancer is therefore crucial. With the development of artificial intelligence (AI), a number of Deep learning (DL) techniques have been developed for the identification of lung cancer. However, lung cancer diagnosis is often hindered by small-scale datasets and limited generalizability to identify unknown data. This study reviews 25 papers on the classification of lung cancer. The review included research on a variety of factors; primarily, it examined a variety of papers based on LLM and DL models. Additionally, a study is conducted on varied approaches for classifying lung cancer in 25 papers. This article also reviews the various features and imaging modalities like CT, MRI etc., used to classify lung cancer. Along with the greatest achievements, performances such as accuracy, sensitivity, and so on are examined. The research gaps in lung cancer classification techniques are finally discussed.
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Nomenclature
	Abbreviation 
	Description 

	AI
	Artificial Intelligence 

	AGN
	Attention Gated Network 

	adaboost
	Adaptive Boosting 

	AHHMM
	Adaptive Hierarchical Heuristic Mathematical Model 

	AE-3DCNN
	Attention-Embedded Three-Dimensional Convolutional Neural Network 

	BERT
	Bidirectional Encoder Representations from Transformers 

	Bi-GRU
	Bidirectional Gated Recurrent Unit 

	Bi-LSTM
	Bidirectional Long Short-Term Memory 

	BN
	Batch Normalization 

	CNN
	Convolutional Neural Network 

	csPWS
	chromatin-sensitive Partial Wave Spectroscopic microscopy 

	CAD
	Computer-Aided identification 

	CT
	Computed Tomography

	CAE
	Convolutional Autoencoder 

	CADSS
	Computer-Aided Decision Support System 

	CADD
	Computer-Aided Detection and Diagnostic 

	CSA
	Channel-Spatial Attention 

	DL
	Deep Learning 

	DenseNet
	Densely connected convolutional Networks 

	DNN
	Deep Neural Network

	3DDCNN
	3D Deep Convolutional Neural Network 

	DSC
	Deep Separable Convolution

	DenseNet
	Densely Connected Convolutional Networks 

	EHR
	Electronic Health Record 

	EXACT-Net
	 EHR-enhanced eXACtitude

	EHO
	Elk Herd Optimizer 

	EGFR
	Epidermal Growth Factor Receptor 

	FP
	False Positive

	Grad-CAM
	Gradient-weighted Class Activation Mapping 

	GMM
	Gaussian Mixture Model 

	GA-AGN
	Generative Adversarial Network-Attention Gated Network 

	GAN
	Generative Adversarial Network 

	KGLM
	Knowledge Graph Large Model 

	LLMs
	Large Language Models 

	LCKG
	Lung Cancer Knowledge Graph 

	LCC
	Lung Cancer Classification

	ML
	Machine Learning 

	LUSC
	Lung Squamous Cell Carcinoma 

	LUAD
	Lung Cancer Termed Adenocarcinoma 

	MIP
	Median Intensity Projection 

	mRPN
	Multi-Region Proposal Network 

	NLP
	Natural Language Processing 

	NSCLC
	Non-Small Cell Lung Cancer 

	1D-CNN
	One-Dimensional Convolutional Neural Network 

	ROI
	Regions Of Interest 

	RCNN
	Residual Convolutional Neural Network 

	RF
	Random Forest 

	SBERT
	Sentence-BERT 

	SE
	Self-Attention 

	SDPA
	Scaled Dot-Product Attention 

	TL
	Transfer Learning

	TP
	True Positive 

	VAE
	Variational Auto-encoder 

	VBEOSA
	Voting Based Enhanced Binary Ebola Optimization Search Algorithm 


Introduction 
Among varied types of cancers, Lung cancer is rising as the third most common cause of mortality in varied nations. It is among the most prevalent forms of cancer and a major cause of mortality [1] [2]. The body's aberrant cell proliferation leads to the production of cancer cells. "Tumors" are the term used to describe these aberrant cells. There are two categories of these cells: benign and malignant. Conversely, malignant tumors can be fatal, whereas benign tumors do not often result in threats. Benign tumors have smooth, regular structures, but malignant tumors have uneven forms and expand to other bodily cells to generate new cancerous nodules [3] [4].  
As CT screening can detect both known and undiscovered lesions, it is the best imaging method for lung cancer diagnosis. Lung cancer may be easier to treat if it is detected early with CT scanning [5] [6]. It has often been said that a patient's prospects of living a long-life rise if a cancer case is detected early, recognized, and managed appropriately. In order to identify lung cancer in its earliest stages, a variety of traditional and ML approaches are being employed for such automatic detection systems. However, these systems do not give reliable detection, and the handling of lung cancer identification takes an extended period of time [7] [8]. 
Currently, DL is an area used to identify and classify lung cancer. DL enhances the performance and accuracy of CT image recognition and classification in addition to speeding up the crucial task. DL has become well-known due to its remarkable accuracy while training with large amounts of data [9] [10]. It includes statistics and predictive modeling and is an essential part of data engineering. It is a very versatile and promising aspect of AI. It is a method of problem-solving that addresses a problem from start to finish. As it expedites and streamlines the process, it is especially helpful for data analysts who are in charge of gathering, analyzing, and interpreting massive volumes of data [11] [12]. In traditional ML, the learning process is monitored, and the programmer should be very precise when instructing the system regarding the kind of factors it should look at and whether or not an image contains an object. DL has the advantage that the algorithm analyzes the input more precisely and generates the feature set with no supervision [13].
 This survey reviews 25 papers regarding the classification of lung cancer as follows: 
· Makes review on a variety of papers based on LLM and DL models. 
· Conducts study on varied approaches for classifying lung cancer in 25 papers. 
· Reviews the various features and imaging modalities like CT, MRI etc. used to classify lung cancer. 
· Along with the greatest achievements, performances such as accuracy, sensitivity, and so on are examined. 
Overview on lung cancer classification is specified in Section II. Reviews on LCC based on LLM and deep learning models is in section III. Review on classification methods, features and the different imaging modalities are in Section IV. Review on performances and Research gaps are in section V and VI.
Overview on Lung Cancer Classification 
Since lung tumors constitutes one of the primary drivers of cancer-related mortality globally, increasing patient survival rates requires early identification and precise categorization. In order to detect lung abnormalities, medical imaging methods including X-ray, CT and histopathology images are essential. However, radiologists' and pathologists' manual analysis can be laborious and prone to human mistake. DL algorithms have become effective tools for automatic lung cancer diagnosis and classification due to the quick development of AI. CNNs and other DL algorithms are frequently used to precisely identify cancer kinds and stages by extracting intricate patterns from medical images. When combined with DL frameworks, LLMs have recently started to enable multimodal learning, clinical report analysis, and data interpretation in the medical field. Researchers create more intelligent and comprehensible methods for lung cancer diagnosis by fusing LLMs for contextual awareness and decision assistance with DL for extraction of image features. Personalized treatment planning, clinical decision-making support for medical professionals, and improved diagnostic accuracy are all possible with this integration. Thus, using LLMs with DL algorithms is a viable way to improve healthcare outcomes and advance automated LCC.
Reviews on Lung Cancer Classification based on LLM and Deep Learning Models
0. [bookmark: _Hlk213270220]Analysis using LLM models
In order to effectively extract knowledge triples for lung cancer, Zhou et al. [1] created the KGLM in 2026 using a fine-tuning technique. During knowledge extraction, carefully crafted prompts were employed to effectively interpret complicated, unstructured lung cancer data. Concurrently, the LCKG was successfully built using an entity alignment method based on SBERT and Jaccard similarity. The results of the experiments demonstrated the importance of the single framework. In particular, the KGLM model performed better with regard to retrieval tasks on huge datasets due to its structured cues.
Yunyou et al. [2] introduced an integrated AI-MDT framework in 2026 that integrated AI to support lung cancer MDT workflows. This research aimed to assess the AI-MDT platform's clinical usefulness and initial effectiveness. It highlighted its substantial clinical application value by providing doctors with tools to enhance diagnostic quality and labor efficiency. These results implied that by using intelligent imaging techniques, the suggested platform increased precision lung cancer treatment.
In order to assess radiology reports, Shin et al. [3] created a two-stage NLP pipeline in 2025 that included an LLM and BERT. The BERT approach finds and categorized clinically significant items stated in the text during the initial stage. The extracted entities were integrated into the LLM in the subsequent stage to deduce relationships between entity pairings while taking the entities' real presence into account. These findings demonstrated how well BERT and an LLM work together to improve accurate diagnosis.
TheraMind, an AI system that used LLMs to automatically identify and analyze case reports indicating possible medication repurposed for NSCLC, was presented by More et al. [4] in 2026. Using integrated data mining and defined four-step prompts that evaluated diagnosis, medication administration, withdrawal, and clinical outcomes, the system assessed case reports from 18 potential pharmaceuticals.
To improve data quality, Luo et al. [5] created a framework in 2025 that used LLMs in conjunction with rule-driven longitudinal smooth approaches. 1683 subjectively labeled clinical data from 518 individuals were used to compare generative LLMs with BERT-based models. On analyzing, the generative LLMs performed better, and external validation demonstrated strong generalizability. It draws attention to the ability of LLMs to enhance lung cancer detection and broader therapeutic applications by improving the quality of smoking history reporting.
Hamed et al. [6] created EXACT-Net in Tumor segmentation, an EHR driven lung tumor auto-segmentation, in 2024. The extracted data from EHRs utilizing a pre-trained LLM was utilized to exclude FPs and retain only TP nodules. The trained LLM was employed using the zero-shot learning method and the auto-segmentation system was trained on the CT scans of NSCLC patients. Using data from 10 NSCLC patients treated, this method produced a 250% increase in effective nodule identification. 
0. Analysis using Deep Learning Models
[bookmark: _Hlk213313634]Ali et al. [7] suggested a CNN DL model in 2025 to use a gene dataset to diagnose lung tumor phases for two forms of lung cancer. Due to the small sample size and large number of features in gene datasets, it was necessary to address several frequent issues including class imbalance and over fitting in order to evaluate and validate the performance of the suggested model. These problems were lessened by a thorough analysis of the gene database and lung cancer phases from a medical perspective.
In order to identify csPWS, Daneshkhah et al. [8] created an new nano sensing method in 2023. To improve diagnostic effectiveness, AI was used in csPWS measurements of chromatin changes. It was identified that Stage-I lung cancer was identified using the AI-improved csPWS nanocytology study of 179 individuals at two clinical locations.
The VBEOSA, a novel ensemble-based method that combined binary optimization and the Ebola optimization search algorithm, was introduced by Tehnan et al. [9] in 2023. Through soft voting, VBEOSA leveraged the combined strength of the most advanced categorization models. Additionally, the study uses VBEOSA on a large "lung cancer gene expression dataset" that was acquired from TCGA, following the crucial procedures such data normalization, filtering, and outlier detection and removal.
Venkatesh et al. [10] presented a unique approach to lung cancer screening in 2024 that used DL approaches for accurate detection with reduced computing time. The quality of CT scans was enhanced by patch processing and median filtering. After being pre-processed, these scans were segmented using a clustering segmentation technique before being fed into a CNN classifier. CNN architecture was used for extraction of features and classification. 
The DL method, CNN was used by Asghar et al. [11] in 2023 to identify lung nodule that was malignant using CT images. In order to solve the problem of lung nodule detection, an ensemble technique was devised for this study. The performance of two CNNs was merged rather than relying only on one DL model to increase the accuracy of the performance and result prediction. To train the DL model, a large dataset of CT scans was gathered. The data collection was used to train CNNs to distinguish between images that were malignant and those that were not.
Rukhma et al. [12] presented MIL-GNN in 2023, which used a graph-based VAE with a GMM to find relationships between sample patches to combine patch features into a single vector representation. The effectiveness of the method was demonstrated by differentiating between two subtypes of lung cancer, LUAD and LUSC, using the traditional MIL dataset MUSK. 
Utilizing DNA fragments from lung cancer research cases, Untari et al. [13] suggested a sequential labeling model in 2022 as a novel method to concurrently identify the type and index mutations. Bi-GRU, Bi-LSTM and 1D-CNN were the techniques employed. Every nucleotide in the patient's DNA sequence was categorized as either normal or having a certain kind of mutation. According to the EGFR gene studies, Bi-LSTM and Bi-GRU performed better and were more reliable.
Zhang et al. [14] suggested an AE-3DCNN in 2022 for the purpose of detecting lung nodules. In particular, 1) 3D ResNet was guided to downsample the 3D CT patch by CSA module. The channel focused on key elements and the area surrounding the ROI. The CSA module collected multi-scale representative node features, modified the feature fusion model, and adaptively modified the pixel-level weight between features. 3) In order to ensure the model's performance, the conventional convolution of ResNet was replaced with the DSC, which lowered the time cost and increased the efficacy of model training. 
In order to help radiologists, Anum et al. [15] created a novel CADSS for LCC based on a 3DDCNN in 2019. When radiologists were making decisions about lung cancer diagnosis, the decision support technology offered them a second viewpoint. mRPN and MIP were used to automatically choose possible ROI to take use of 3D information from CT images. This demonstrated the promise of DL in conjunction with cloud computing for precise and effective lung nodule diagnosis using CT imaging, which aided physicians and radiologists in the treatment of patients with lung cancer.
Chen et al. [16] proposed LDNNET in 2021, which used Dense-Block, BN and dropout. In the meanwhile, LDNNET, an adaptable framework using convnets that combined a softmax classifier, was used to mitigate the challenges associated with deep convnet training. Fourth, pre-processing techniques were analyzed to investigate the impact of pre-processing on classification; third, the LDNNET was used to reduce overfitting; and fourth, the comparing experiments were developed to compare the efficacy.
For the DL technique, Yu et al. [17] presented the AHHMM in 2020. In order to create automated radiation adaption methods for NSCLC that optimized local tumor control at reduced rates of grade 2 RP2 radiation pneumonitis, DL based upon historical therapeutic strategy was analyzed. Additionally, "preprocessing, binarization, thresholding, segmentation, feature extraction, and DNN detection" were all processes in the suggested system. According to the test assessment, the suggested model could identify the presence or absence of lung cancer with 96.6% accuracy.
A novel CADD approach for lung cancer screening using low-dose CT scans that generated significant probability estimates was presented by Ozdemir et al. [18] in 2020. On the publicly accessible "LUNA16 and Kaggle Data Science Bowl benchmarks", the system, which was fully built on 3D-CNN, delivered outstanding results for both lung nodule identification and malignancy classification tasks. By taking advantage of the connectivity between the detection and diagnostic components, an end-to-end system was created that performed better and more reliably for nodule detection.
A DL algorithm was proposed by Pang et al. [19] in 2020 to determine the kind of lung cancer in patients at Shandong Provincial Hospital using CT scans. It has two challenges: first, the quantity of acquired patient data was rather little, and second, AI models trained on public datasets were unable to match such practical requirements. DenseNet was used to classify malignant tumors from collected images, and the adaboost method was employed to aggregate various classification outcomes to improve classification accuracy. To solve the double-fold issue, image rotation, transformation and translation techniques were used to expand and balance the training data.
In 2021, Silva et al. [20] used three distinct 2D ROI, the nodule, the lung containing the major nodule, and both lungs to examine the significance of physiological parameters obtained from CT scans to determine the EGFR mutation status. To recreate the input image, a CAE was created. In order to determine the EGFR mutation status, a classifier was stacked on top of the encoder block, which was then utilized as a feature extractor. The greatest prediction ability was obtained by employing the lung with ROI, as the results demonstrated that expanding the study beyond the local nodule allowed for the gathering of more pertinent information, suggesting the presence of helpful biomarkers.
A new CAD method for lung nodule identification based on the Faster R-CNN algorithm with an adjustable anchor box was proposed by Nguyen et al. [21] in 2021. This approach generated adaptive anchor box sizes of Faster R-CNN using ground-truth node size in the dataset. The detection performance of Faster R-CNN was improved by using learned anchors as a hyper-parameter. To lessen false positives from the output of Faster R-CNN, a RCNN was suggested. 
A combined lung nodule detection model for concurrent lung nodule detection, segmentation, and classification was proposed by Liu et al. [22] in 2020. It functions in an end-to-end fashion and concurrently detects, classifies, and segments the nodules that were found. For improved exploration of the 3-D data, the proposed joint network used a 3-D encoder-decoder architecture. Additionally, to improve the classification performance, the classification subnetwork used of multiscale nodule-specific data as well as features taken from the detection subnetwork. 
An innovative DNN-based approach to improve image classification with an emphasis on lung cancer diagnosis was proposed by Ghosh and Abhiroop [23] in 2025. The method combined the interpretability of SE with the resilience of CNNs by incorporating a SE system into a pre-trained VGG16 network. Attention scores were computed to efficiently focus on important regions inside input images using the transformer’s SDPA mechanism. In addition to addressing subtle patterns in lung cancer images, this enhanced focus and global connection allowed for more accurate feature extraction and representation. The suggested model performed well in correctly identifying lung cancer, from experiments on the “IQ-OTH/NCCD lung cancer dataset”.
The EfficientNetB3 framework, a novel TL technique, was used by Raquel et al. [24] in 2025 to improve the identification of lung and colon tumors from histopathology images. At first, the EfficientNetB3 model had a remarkable accuracy of 99.4% in all classes. to strengthen and validate the robustness and generalizability of the model. The model's judgments were visually interpreted using the Grad-CAM approach, which improved the model's dependability and transparency. These results showed that EfficientNetB3 was a minimally preprocessed, efficient framework for histopathology image analysis.
An enhanced DL model called GA-AGN, which combined GAN and AGN, was proposed by Shenson et al. [25] in 2025. First, the CT scan of the chest was pre-processed using image scaling and normalization. Next, the EHO-trained GAN model was used to supplement the data. The GA-AGN model was then used to detect lung cancer.
Review on Classification methods, features and the different imaging modalities
Review on Classification methods
[bookmark: _Hlk213336099]The various methods for classifying lung cancer in the examined studies are shown in Fig. 1. Several strategies and paradigms that include ML, DL, LLM models, and graph-based methodologies are used in lung cancer classification systems. Workflows developed for lung cancer are presently using LLMs to enhance diagnostic decision-making, automate staging, and summarize radiological results. These algorithms help predict treatment responses by analyzing clinical and genetic data. CNNs and hybrid architectures are the main tools used by DL for lung cancer classification to examine pathological images and CT scans. CNN integration in LCC is becoming more widespread to enhance prediction sensitivity and spatial feature extraction. The KGLM model was used in this survey to categorize lung cancer in [1]. Lung cancer was classified using UV-Net and BERT in [2] and [3]. In [4], a machine learning technique called decision trees was used to classify lung cancer. In [5] and [6], zero-shot learning was used for classifying the lung cancer. Most of the studies, including [7], [10], [11] and [23] used CNN to categorize lung cancer. In [8] and [9], an ML model, RF, and VBEOSA were employed. In [12] and [13], the graph-based GNN approach and the DL-based ensemble (1D-CNN, BiLSTM, Bi-GRU) model were used. In [14] and [16], ResNet and LDNNET were employed. Two of the works, namely [15] and [18], used the 3DDCNN model. In [17], [19] and [20], AHHMM, DenseNet, and CAE were employed respectively. Faster R-CNN, V-Net, EfficientNetB3, and GA-AGN were used in [21], [22], [24] and [25] respectively.
 
[image: ]
Diverse techniques used for Lung cancer classification


Analysis on varied modalities 
[bookmark: _Hlk195718578]Fig. 2 shows an analysis of the various modalities used to carry out the lung cancer classification work in the publications under discussion. It is evident from the examination of the articles that CT images were employed for analysis in most of the studies. CT images have been utilized in nearly 17 studies to analyze lung cancer. In 17 works, CT imaging technology was employed, and in 2 works, histopathological images were used to analyze the categorization of lung cancer. One
 study [3] used MRI imaging technologies to classify lung cancer. Two studies [7] and [9] used the gene expression data for analysis. Other modalities, such as DNA sequence data and the csPWS D image, were analyzed in [8] and [13], respectively.

Review on varied modalities utilized for lung cancer classification
[bookmark: _Hlk178423245]Analysis on features
Table I analyzes and tabulates the majority of the features used to classify lung cancer. The features include locations, shapes, high-level and low-level features, and more.  These main factors contribute to an appropriate classification of lung cancer. In [1], the graph visualization elements were extracted.  In [2], contextual and local factors served as the main motivators. In [3], the visual characteristics were considered. In [4], smoking status, duration, and quit were taken into account. In [7], a variety of characteristics, including age and sex, were taken into account. In [8], [21], and [23], VGG16-based features were taken into consideration. In [9], gene data was extracted. In [10] and [19], low-level and high-level aspects were taken into consideration. In [11], locations and form were extracted, while in [12], Resnet18-based attributes were  extracted. While common characteristics were taken into consideration in [16], high-level and shallow-level features were extracted in [14]. In [17] and [25], only high-level features were extracted. In [20], physiological characteristics were derived for LCC. In [22] and [24], voxel-based and non-linear properties were taken into consideration.
Diverse features for lung cancer classification
	Citations
	Considered datasets 

	[1]
	Graph visualization features

	[2]
	Local features, contextual features, 

	[3]
	Visual features

	[5]
	Smoking status, duration, and cessation

	[7]
	Varied features like age, sex

	[8]
	VGG16

	[9]
	Genes

	[10]
	Low-level and high-level features

	[11]
	Locations and shapes

	[12]
	Resnet18

	[14]
	High-level features and shallow-level features

	[bookmark: _Hlk195719039][16]
	Common features

	[17]
	High-level features

	[19]
	Low-level and high-level features

	[20]
	Physiological features

	[21]
	VGG-16

	[22]
	Voxel-based feature

	[23]
	High-level abstract features using VGG-16

	[24]
	Non-linear features

	[25]
	Higher level features



Review on Performances
Analysis on Performance
Table II displays the analysis done on lung cancer classification in 25 examined papers. The majority of the papers under consideration have analyzed metrics including accuracy, F1 score, specificity, training time, and sensitivity. With a high accuracy metric, the model successfully differentiates between benign and malignant cases while reducing false negatives. In particular, eleven studies examined the precision measure, while thirteen publications examined the accuracy. Ten publications examined the F1 score and recall, whereas about seven examined the specificity score. Three publications [1] and [25] examined training time, whereas ten papers examined sensitivity. The AUC measure was examined in eleven articles. The articles also analyze a variety of additional results; however, these measures have contributed the most. 
Review on Analysis outcomes
	Citations 
	Accuracy 
	Precision 
	Specificity 
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	Sensitivity
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Best accomplishments
The best results obtained from the reviewed articles are shown in Fig. 3, Fig 4, and Fig 5 in terms of accuracy, precision, and sensitivity analyses. EfficientNetB3 [24] attains a high accuracy of 0.995 over other studies under consideration. Ensemble [13] attains a high accuracy level of 0.977, second to EfficientNetB3. CNN [10] and decision tree [4] both attained higher accuracy values of 99.9 and 99.7, respectively. In [10], CNN obtained a good sensitivity value of 98.92. Furthermore, 3DDCNN [15] got a high sensitivity score of 98.4. Numerous other criteria were also investigated in the reviewed research. Nonetheless, varied analysis has contributed to sensitivity, accuracy, and precision metrics. 

Precision analysis


Accuracy analysis 

Sensitivity analysisesearch gaps 
The application of DL models in the field of LCC provide a number of significant challenges. The scarcity of labeled, high-quality health data sets is a significant problem since the production of labeled CT scans, histology images, and related clinical reports is costly and time-consuming. Due to variations in data structures and feature representations, combining multimodal data, like radiological images with EHRs and unorganized medical notes remains technically challenging. In addition, the LLM models in LCC suffer from over generalization issues, when producing or interpreting clinical insights, which are crucial in high-stakes diagnosis. Although DL models are effective at identifying images, they frequently lack interpretability, which makes it difficult for medical professionals to rely on predictions in the absence of explicit justifications. Domain change between hospitals and imaging equipment, data privacy and legal restrictions on patient data sharing, and biases in training datasets, which might lower performance across various populations are other challenges to be tackled for effective LCC.
Conclusion
This study reviews 25 articles on the classification of lung cancer. 
· Makes review on a variety of papers based on LLM and DL models. 
· Conducts study on varied approaches for classifying lung cancer in 25 papers. 
· Reviews the various features and imaging modalities like CT, MRI etc. used to classify lung cancer. 
· Along with the greatest achievements, performances such as accuracy, sensitivity, and so on are examined. 
· The research gaps in lung cancer classification techniques are finally discussed.
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Short Review on Lung Cancer Classification via  LLM and Deep Learning Models        Bhagyashri Wakde   Department of  Computer Science and  Engineering   Rajiv Gandhi Institute of Technology,    Bengaluru, Karnataka, 560032 , India .   bhagyashriwakde54@gmail.com   Ravikumar J   Department of  Computer Science and  Engineering   Atria Institute of Technology,  Bengaluru,  Karnataka, 560032 , India.   youravij043@gmail.com   B. P. Pradeep Kumar   Department of  Electronics and  Communication Engineering   Atria Institute of Technology,  Bengaluru,  Karnataka, 560032 , India.   pradi14cta@gmail.co m Abstract —   Lung cancer is one of the leading deadly  illnesses that impact individuals all over the world.  As   it is  difficult to detect lung cancer in its advanced stages, the  continued survival rate is quite low. Early identification of lung  cancer is therefore crucial. With the development of artificial  intelligence   (AI) , a number of  Deep   learning ( D L) techniques  have been developed for the identification of lung cancer.  However, lung cancer diagnosis is  often   hindered   by small - scale datasets and limited generalizabi lity to identify unknown  data .  This study reviews 25 papers on the classification of lung  cancer. The review included research on a variety of factors;  primarily, it examined a variety of papers based on LLM and  DL models. Additionally, a study is conducted on varied  approaches for classifying lung cancer in 25 papers. This  article also reviews the various features and imaging modalities  like CT, MRI etc., used to classify lung cancer. Along with the  greatest achievements, performances such as accuracy,  sen sitivity, and so on are examined. The research gaps in lung  cancer classification techniques are finally discussed .   Keywords -   Lung cancer ;  Deep learning ;  Large Language  Models ;  CT Image ;  Sensitivity .   Nomenclature  

Abbreviation   Description   

AI  Artificial Intelligence   

AGN  Attention Gated Network   

adaboost  Adaptive Boosting   

AHHMM  Adaptive Hierarchical Heuristic Mathematical Model   

AE - 3DCNN  Attention - Embedded Three - Dimensional Convolutional  Neural Network   

BERT  Bidirectional Encoder Representations from Transformers   

Bi - GRU  Bidirectional Gated Recurrent Unit   

Bi - LSTM  Bidirectional Long Short - Term Memory   

BN  Batch Normalization   

CNN  Convolutional Neural Network   

csPWS  chromatin - sensitive Partial Wave Spectroscopic  microscopy   

CAD  Computer - Aided identification   

CT  Computed Tomography  

CAE  Convolutional Autoencoder   

CADSS  Computer - Aided Decision Support System   

CADD  Computer - Aided Detection and Diagnostic   

CSA  Channel - Spatial Attention   

DL  Deep Learning   

DenseNet  Densely connected convolutional Networks   

DNN  Deep Neural Network  

3DDCNN  3D Deep Convolutional Neural Network   

DSC  Deep Separable Convolution  

DenseNet  Densely Connected Convolutional Networks   

EHR  Electronic Health Record   

EXACT - Net    EHR - enhanced eXACtitude  

EHO  Elk Herd Optimizer   

EGFR  Epidermal Growth Factor Receptor   

FP  False Positive  

Grad - CAM  Gradient - weighted Class Activation Mapping   

GMM  Gaussian Mixture Model   

GA - AGN  Generative Adversarial Network - Attention Gated  Network   

GAN  Generative Adversarial Network   

KGLM  Knowledge Graph Large Model   

LLMs  Large Language Models   

LCKG  Lung Cancer Knowledge Graph   

LCC  Lung Cancer Classification  

ML  Machine Learning   

LUSC  Lung Squamous Cell Carcinoma   

LUAD  Lung Cancer Termed Adenocarcinoma   

MIP  Median Intensity Projection   

mRPN  Multi - Region Proposal Network   

NLP  Natural Language Processing   

NSCLC  Non - Small Cell Lung Cancer   

1D - CNN  One - Dimensional Convolutional Neural Network   

ROI  Regions Of Interest   

RCNN  Residual Convolutional Neural Network   

RF  Random Forest   

SBERT  Sentence - BERT   

SE  Self - Attention   

SDPA  Scaled Dot - Product Attention   

TL  Transfer Learning  

TP  True Positive   

VAE  Variational Auto - encoder   

VBEOSA  Voting Based Enhanced Binary Ebola Optimization  Search Algorithm   

I.   I NTRODUCTION    Among varied types of cancers,  Lung cancer is  rising as   the third most common cause of mortality  in varied nations .  It is among the most prevalent forms of cancer and a major  cause of mortality   [1]   [2] . The body's aberrant cell  proliferation leads to the production of cancer cells.  " Tumors " are the term used to describe these aberrant cells.  There are two categories of these cells: benign and  malignant. Conversely, malignant tumors can be fatal,  whereas benign tumors  do not often result in threats . Benign  tumors have smooth, regular structures, but malignant  tumors have uneven forms and expand to other bodily cells  to generate new cancerous nodules   [3]   [4] .     As   CT   screening can detect both known and  undiscovered lesions, it is the best imaging method for lung  cancer diagnosis. Lung cancer may be easier to treat if it is  detected early with CT scanning   [5]   [6] . It has often been  said that a patient's prospects of living a long - life rise if a  cancer case is detected early, recognized, and managed  appropriately. In order to identify lung cancer in its earliest  stages, a variety of traditional and ML approaches are being  employed for such automatic detection systems. However,  these systems do not give reliable detection, and the  handling of lung cancer identification takes an extended  period of time   [7]   [8] .    Currently,  DL is an area used to identify and classify  lung cancer. DL enhances the performance and accuracy of  CT image recognition and classification in addition to  speeding up   the crucial  task . DL has become well - known  due to its remarkable accuracy while training with large  amounts of data   [9]   [10] . It includes statistics and predictive  modeling and is an essential part of data engineering. It is a 

