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Abstract: Lung cancer is one of the most prevalent and lethal malignant tumors 
globally, characterized by high morbidity and mortality rates. Early diagnosis is 
crucial for enhancing treatment efficacy, reducing mortality, and improving patients’ 
quality of life. Traditional manual interpretation of computed tomography (CT) 
images—the primary screening tool for lung cancer—is often limited by subjectivity, 
heavy workload, and potential missed diagnoses. Artificial Intelligence (AI) 
methodologies have emerged as indispensable assets for radiologists, empowering 
them to conduct in-depth analyses of lung CT scans. This technology facilitates a 
more streamlined and unbiased evaluation of anatomical structures and pathological 
features depicted in chest CT images. Driven by advances in deep learning models 
such as convolutional neural networks (CNNs), the accuracy and robustness of AI 
methods for lung cancer diagnosis have been significantly improved, providing 
reliable references for clinical practice. This paper presents a brief review of the 
applications of AI methods in lung cancer diagnosis based on CT imaging in recent 
years. It systematically organizes and elaborates on the applications of AI methods 
represented by deep learning in pulmonary nodule detection, lung tumor 
segmentation, benign-malignant classification of lung cancer, and lung cancer-related 
gene mutation detection. Additionally, it analyzes the performance of different 
models on relevant datasets. Furthermore, the limitations of AI in CT imaging-based 
lung cancer diagnosis and future research directions are summarized. Through this 
survey, we aim to provide a concise and comprehensive overview of the current status 
of lung cancer diagnosis using CT-AI integrated systems, and ultimately promote the 
development and clinical application of these technologies in the early and accurate 
detection of lung cancer. 

 Keywords: lung cancer; computed tomography; artificial intelligence; epidermal 
growth factor receptor 

1. Introduction 

Lung cancer is one of the malignant tumors with extremely high incidence and mortality rates globally, as 
well as in China. It is the leading cause of cancer-related deaths worldwide, with 2.5 million new diagnoses and 
1.8 million deaths annually [1]. Its overall prognosis is poor, and the 1-year survival rate of patients with advanced 
lung cancer is approximately 33% [2]. The high incidence and mortality rates of lung cancer pose severe challenges 
to global public health [1]. In China, lung cancer is the leading cause of new cancer cases and deaths, which may 
be attributed to the high prevalence of smoking. Lung cancer ranks first among the most prevalent cancers in 
China; it was the most common cancer in 2022 (1,060,600 cases). For both sexes combined, lung cancer was the 
leading cause of cancer death (733,300 deaths). During 2000–2018, the Age-Standardized Incidence Rate (ASIR) 
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also showed an increase for cancers of the uterus (3.4%) and lung (3.1%). During 2014–2018, the ASIR of lung 
cancer (2.7%) showed a significant increase in males. These data fully indicate that lung cancer remains a key 
priority in the prevention and treatment of malignant tumors in China [3]. 

Lung cancer originates from respiratory epithelial cells and is primarily classified into two histological types: 
non-small cell lung cancer (NSCLC), which accounts for 80–85% of cases, and small cell lung cancer (SCLC), 
comprising 10–15% of cases [4]. The classification of lung cancer subtypes is shown in Figure 1. According to 
the 2021 WHO Classification of Lung Tumors [5], common subtypes include adenocarcinoma, squamous cell 
carcinoma, and neuroendocrine tumors [6]. Both NSCLC and SCLC impose substantial financial burdens on 
patients and society, underscoring lung cancer’s significant public health impact and the impediment it represents 
to human progress and socioeconomic development [3]. 

 

Figure 1. Classification of lung cancer subtypes. 

The imaging features of lung cancer range from a single tiny nodule to ground-glass opacity, multiple 
nodules, pleural effusion, lung collapse, and multiple opacities [7]; simple and small lesions are extremely difficult 
to detect [8]. Comprehensive management throughout the entire course of lung cancer patients can improve 
survival rates; therefore, early screening and diagnosis of lung cancer are also topics of common concern in current 
clinical and research fields [9]. 

Computed Tomography (CT) is an X-ray-based imaging technique that enables high-resolution, high-contrast 
non-invasive scanning of the internal human body. As a commonly used screening imaging modality in medicine, 
CT has achieved considerable success in detecting early-stage cancers; specifically, chest CT provides a non-
invasive method for examining the three-dimensional structure of the thoracic cavity. With advancements in 
technology, radiation exposure associated with CT scans has been significantly reduced compared to that in 
previous years. Chest CT remains the cornerstone of lung cancer diagnostics [10–12]. However, the traditional 
manual imaging diagnosis model has certain limitations, and these limitations pose a significant obstacle to the 
comprehensive analysis of data captured during screening. First, a single chest CT scan can generate 300 to 500 
cross-sectional images. Radiologists are required to analyze this large volume of images for an individual patient 
within a limited time frame, and prolonged work easily leads to fatigue, which impairs diagnostic accuracy [13]. 
Second, when it comes to multiple pulmonary nodules and tiny pulmonary nodules, the limitations of human visual 
resolution often led to misdiagnoses and missed diagnoses. Finally, diagnosis relies on the personal experience of 
radiologists, so significant discrepancies may exist in diagnostic opinions among radiologists with different years 
of clinical experience. Additionally, primary hospitals may face challenges such as a shortage of specialist 
physicians and suboptimal radiological equipment, which can further compromise diagnostic accuracy. 

Artificial Intelligence (AI) refers to a technological system that simulates human cognitive functions through 
computer systems. Its core features include pattern recognition, decision-making, and autonomous learning 
capabilities. Additionally, AI can create mathematical models that establish connections between different types 
of information, which are used to predict or classify objects [14]. Its main components include datasets for training, 
preprocessing methods, algorithms for generating predictive models, and pre-trained models—these pre-trained 
models serve to accelerate model construction and leverage prior experience. Machine learning (ML) is a subset 
of artificial intelligence, which includes decision trees (DT), support vector machines (SVM), and Bayesian 
networks (BN). In contrast, deep learning is another subset derived from the neural network approach within 
machine learning [15]. Unlike radiomics methods that rely on manually predefined features, deep learning can 
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automatically extract high-dimensional features through large-scale training, thus exhibiting greater adaptability 
and generalization potential. 

With the development of artificial intelligence (AI) technology, especially methods represented by deep 
learning, its application in medical scenarios combined with CT images has become widespread. Since the 21st 
century, human life has been largely integrated with AI, and this trend has also extended to the medical field. In 
the field of medical imaging, AI has demonstrated significant advantages: it can not only effectively address time-
consuming diagnostic tasks (e.g., improving the accuracy of lesion measurement) but also compensate for the 
limitations of physicians’ visual observation. By extracting in-depth information from images through algorithms, 
AI enhances diagnostic and predictive efficiency, and in some studies, it has shown diagnostic accuracy 
comparable to or higher than that of human experts [16]. Specifically, it has made important progress in the fields 
of tumor screening, diagnosis, and treatment [17]. These applications have improved the accuracy and efficiency 
of imaging diagnosis, providing physicians with more reliable auxiliary diagnostic tools. Additionally, AI can 
accelerate the speed of problem detection, improve diagnostic accuracy, and assist in formulating personalized 
treatment plans in the healthcare field. 

The implementation of artificial intelligence (AI) has been one of the most impactful changes in the field of 
lung cancer CT image diagnosis over the past decade [18]. The number of relevant studies has grown 
exponentially, driven primarily by breakthroughs in AI algorithms, the establishment of high-quality medical 
imaging databases, and the continuous impetus of clinical translation needs. Meanwhile, the heterogeneity of lung 
cancer makes it a key area for AI applications, including lung cancer prevention [19] and the development of early 
screening models based on lung cancer epidemiology and clinical characteristics [20]. AI has been applied to 
various imaging modalities [21,22], such as CT [10]. AI methods have also yielded remarkable achievements in 
the field of differentiating Tuberculosis (TB) and pneumonia. Lu et al. proposed a novel deep learning 
framework—Large Adaptive Filter and Alignment Normalization Network (LAFAN-Net)—which can extract 
clinically meaningful features while maintaining interpretability [23]. In another study, Lu et al. applied the 
improved Transformer model to TB classification and conducted experiments on both private and public datasets, 
verifying the advancement of their proposed CTBViT classification method [24]. Regarding pneumonia 
prediction, Zhu et al. [25] proposed a new method, OPT-CO, which achieves efficient COVID-19 classification 
without significantly increasing parameters and evaluated the performance of the proposed model on multiple 
datasets. Meanwhile, Zhu et al. [26] proposed the Large Kernel Adapter (LKA) method, applying the improved 
Parameter-Efficient Fine-Tuning (PEFT) method to Tuberculosis and pneumonia datasets and achieving 
satisfactory results. Furthermore, AI also helps improve various diagnostic methods, such as bronchoscopy [27] and 
cancer staging [28]. In the field of lung cancer prediction, several studies have achieved positive results [29–31], 
demonstrating that deep learning methods can be well applied to CT image-based lung cancer diagnosis. In 
summary, deep learning-driven AI technology has demonstrated unique advantages in lung cancer screening, 
prediction, and treatment. It can help radiologists reduce workload, minimize diagnostic uncertainty, and improve 
screening efficiency, thus emerging as a key direction to break through the bottlenecks of current precision 
diagnosis and treatment. Additionally, it provides a solid theoretical basis for identifying multi-omics biomarkers 
associated with lung cancer prognosis and establishing a precision diagnosis and treatment system for lung cancer. 
From the perspective of clinical practice, this study systematically explores the application progress of AI in lung 
cancer CT image diagnosis. CT image-based diagnosis is mainly divided into four aspects: lung cancer detection, 
lung tumor segmentation, benign-malignant prediction of pulmonary nodules, and lung cancer-related gene 
mutation prediction, as shown in Figure 2. 

During our review process, we identified four relevant studies focusing on the intersection of radiomics and 
deep learning in lung cancer (LC). Chiu et al. [32] systematically summarized the applications of artificial 
intelligence (AI) methods in lung cancer research based on low-dose computed tomography (LDCT), chest X-ray 
(CXR), and pathological sections. By predicting tumor characteristics, treatment responses, side effects, and 
prognosis, these methods provide support for clinicians’ decision-making. Kotoulas et al. [33] reviewed the 
applications of AI over the past 5 to 10 years in distinguishing benign from malignant pulmonary nodules, identifying 
biomarkers, and specific genetic markers critical to disease treatment across various imaging modalities, such as chest 
X-ray, computed tomography (CT), and positron emission tomography (PET). Huang et al. [34] outlined the 
limitations and translational potential of AI and radiomics technologies in tumor diagnosis and treatment supported 
by key imaging modalities including computed tomography (CT), magnetic resonance imaging (MRI), and 
positron emission tomography (PET), and highlighted their prospects in optimizing cancer diagnosis, prognostic 
assessment, and treatment outcomes in the future. Ayasa et al. [35] summarized the applications and challenges of 
AI technologies, including machine learning and deep neural networks, in lung cancer diagnosis and treatment 
based on different imaging modalities, with a focus on early diagnosis and personalized therapy. 
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Figure 2. Different types of lung cancer diagnosis technologies based on CT imaging and deep learning. 

Most previous studies have comprehensively analyzed the applications of various AI methods across different 
imaging modalities. While they have summarized multiple imaging types such as low-dose computed tomography 
(LDCT), magnetic resonance imaging (MRI), and chest X-ray (CXR), as well as pathological images, these 
summaries are mostly general. The uniqueness of our systematic review lies in its focus on the applications of 
deep learning methods in CT-based lung cancer diagnosis, and it more precisely explores the specific application 
value of these model methods in this particular field. By reviewing existing research findings, this study aims to 
objectively evaluate and analyze the development of AI technology in lung cancer CT image diagnosis, thereby 
providing a solid theoretical basis and practical guidance for the construction of a precise lung cancer diagnosis 
and treatment system. 

The remainder of this short survey is organized as follows. Section 2 discusses information on public datasets 
related to lung cancer CT diagnosis. Section 3 reviews the latest applications of AI in CT image-based pulmonary 
nodule screening. Section 4 reviews the latest applications of AI in CT image-based lung cancer segmentation. 
Section 5 reviews the latest applications of AI in CT image-based assessment of the malignant risk of pulmonary 
nodules. Section 6 reviews the role of AI in CT image-based prediction of targeted gene mutations in lung cancer. 
Finally, Section 7 (Discussion) summarizes the key findings, outlines current research limitations, and proposes 
future research directions. 

2. Public Datasets Related to Lung Cancer CT Diagnosis 

Lung cancer diagnosis datasets are crucial for training and validating deep models in early lung cancer 
diagnosis. In this section, six well-known datasets are discussed, including The Lung Image Database Consortium 
and Image Database Resource Initiative (LIDC-IDRI), HarvardRT, National Lung Screening Trial (NLST), Lung 
Nodule Analysis 2016 (LUNA 16) and Lung Nodule Analysis 2025 (LUNA 25). All these datasets are constructed 
based on the CT imaging modality. The number of CT scans in each dataset is 1018, 317, 422, 26,254, 888, and 
6163, respectively. Detailed descriptions of these datasets are as follows: 

The LIDC-IDRI Database contains 1018 cases, each of which includes images from a clinical thoracic CT 
scan and an associated XML file that records the results of a two-phase image annotation process performed by 
four experienced thoracic radiologists. The goal of this process was to identify all lung nodules in each CT scan 
as completely as possible without requiring forced consensus. HarvardRT is a cohort of 317 patients with stage I–
IIIB NSCLC who received radiation therapy at the Dana-Farber Cancer Institute and Brigham and Women’s 
Hospital (Boston, MA, USA), between 2001 and 2015. All CT scans for this cohort were acquired with and without 
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intravenous contrast using the GE Lightspeed CT scanner, and radiation oncologists contoured the primary tumor 
site using soft tissue and lung windows. The NSCLC-Radiomics collection includes images from 422 non-small 
cell lung cancer (NSCLC) patients. For these patient’s pretreatment CT scans, manual delineation of the 3D 
volume of the gross tumor volume by a radiation oncologist and relevant clinical outcome data are available. This 
dataset corresponds to the Lung1 dataset. The National Lung Screening Trial (NLST) enrolled 53,454 high-risk 
individuals for lung cancer from 33 U.S. medical centers between August 2002 and April 2004. Participants were 
randomly assigned to undergo three annual screenings with either low-dose CT or single-view posteroanterior 
chest radiography. This dataset includes low-dose CT scans from 26,254 of these participants, as well as digitized 
histopathology images from 451 subjects. LUNA16 is a curated version of the LIDC-IDRI dataset, consisting of 
888 diagnostic and lung cancer screening thoracic CT scans obtained from seven academic centers and eight 
medical imaging companies, with a total of 1186 nodules. The nodules are accompanied by annotations agreed 
upon by at least three out of four radiologists. In addition to nodule location annotations, radiologists also 
documented various observed attributes, such as internal composition, calcification, malignancy, and 
suspiciousness. The LUNA25 dataset comprises 2120 patients and 4069 low-dose chest CT scans, including 555 
annotated malignant nodules and 5608 benign nodules. The comparison of different datasets is presented in Table 1. 

Table 1. Public CT datasets related to lung cancer diagnosis. 

Dataset 
Name 

Image 
Modality 

Number of 
Images Label Description/Specifics Citation/Link 

LIDC-IDRI  CT 1018 Nodule location by  
four radiologists 

A dataset that identifies as completely as 
possible all lung nodules in each CT scan 

without requiring forced consensus. 
[36] 

HarvardRT CT 317 The primary tumor site 
a cohort of 317 patients with stage I–IIIB 

NSCLC treated with radiation therapy 
between 2001 and 2015. 

[37] 

NSCLC-
Radiomics CT 422 3D volume of the gross 

tumor volume 

This collection contains images from 422 
non-small cell lung cancer patients and 

refers to the Lung1 dataset. 

https://www.cancerimagingarchive
.net/collection/nsclc-radiomics/ 

(accessed on 20 November 2025) 

NLST CT 26,254 
Histopathology, 
Demographic, 

Diagnosis 

From August 2002 through April 2004, 
Participants were randomly assigned to 

undergo three annual screenings with either 
low-dose CT. 

[38] 

LUNA 16 CT 888 
Nodule location 

annotations, 
Malignancy 

a curated version of the LIDC-IDRI dataset 
of 888 diagnostic and lung cancer screening 

thoracic CT scans obtained.  
[39] 

LUNA 25 CT 6163 Location annotations, 
Malignancy 

The LUNA25 challenge training dataset 
consists of over 6163 nodules from the 

NLST trial, acquired between 2002–2004.  

https://luna25.grand-challenge.org/ 
(accessed on 20 November 2025) 

3. AI in CT Image-Based Pulmonary Nodule Detection 

Pulmonary nodule detection is one of the most widely studied applications in the field of medical imaging. 
Currently, relatively mature results have been achieved, and some lung cancer screening tasks have been reported 
to yield favorable outcomes [10,40–42]; in particular, pulmonary nodule detection software can also achieve good 
detection performance [43]. Deep learning algorithms can automatically detect small pulmonary nodules in CT 
images, with a sensitivity of 96.7%—which is significantly higher than that of traditional radiologists (78.1%)—
and they reduce the image reading time from 30 to 60 min to several minutes. AI is expected to improve the early 
detection rate and reduce the false positive rate in large-scale screening [44]. 

The resolution of CT images has a significant impact on pulmonary nodule detection. Jiang et al. confirmed 
that the pulmonary nodule detection rate of the computer-aided diagnosis (CAD) system using a 1024 × 1024 high-
resolution matrix was significantly superior to that of the system using the traditional 512 × 512 matrix [45,46]. 
When Park et al. used software to detect subsolid nodules, the sensitivity reached as high as 92%. Existing studies 
have confirmed that image resolution has a significant impact on detection performance [47]. The fully automated 
lung cancer detection system developed by Primakov et al. based on 1328 chest CT scan datasets achieved an area 
under the receiver operating characteristic curve (AUC) of 0.98 in the external validation set, with a sensitivity of 
0.97 and a specificity of 0.99 [48]. Meanwhile, leveraging artificial intelligence (AI) to screen large volumes of 
pulmonary images obtained for non-cancerous reasons can facilitate the easy and early identification of incidental 
pulmonary nodules (IPNs), which might otherwise have been missed [21]. 

Different deep learning models have been applied in research on pulmonary nodule detection. Liu et al. 
proposed a deep multi-task learning (MTL) approach to integrate these tasks for improved lung nodule detection. 
Lung nodule detection is performed in an anchor-free manner by dividing it into two subtasks: nodule center 
identification and nodule size regression [49]. A cascaded multi-stage framework proposed by Zhou et al. achieved 
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a nodule detection sensitivity of 95.95% on the LUNA16 dataset [50]. Han et al. adopted a two-stage approach that 
combines the advantages of 3D-RPN and U-Net for pulmonary nodule detection; the detected nodules are then fed 
into a ResNet classifier for classification [51]. Song et al. proposed a multiscale 3D anchor-free deep learning network 
(M3N) for pulmonary nodule detection, leveraging adjustable nodule modeling (ANM). Experimental results show 
that M3N achieves a competitive performance metric (CPM) of 90.6% on the LUNA16 dataset [52]. Bhatia et al. 
proposed a continuous learning-based deep neural network that can be applied to both labeled and unlabeled data to 
improve efficiency. It enables ultra-sensitive, specific, and accurate early detection of lung cancer [53]. Karimullah 
et al. addressed the pressing need for early detection through a novel diagnostic approach that leverages innovative 
image processing techniques, using the CBO+DenseNet CNN. Notable enhancements were observed in accuracy 
(98.17%), specificity (97.32%), precision (97.46%), and recall (97.89%) [54]. 

Some object detection models widely used in natural images have been improved and applied to pulmonary 
nodule detection. Huang et al. introduced the 3D OSAF-YOLOv3 model for pulmonary nodule detection, which 
was developed by integrating the 3D YOLOv3 architecture with a one-shot aggregation module, a receptive field 
block, and a feature fusion scheme [55]. Xu et al. proposed an improved Faster R-CNN model. On the basis of 
Faster R-CNN, a multi-scale training strategy is used to fully mine features across different scale spaces, and path 
augmentation is performed on lower-dimensional features—this improves the model’s small object detection 
ability, with the performance increasing from 76.4% to 90.7% [56]. Cai et al. proposed an artificial intelligence-
based anti-interference lung nodule detection method primarily structured with YOLOv8, which integrates the 
adaptive gating sparse attention (AGSA) and Haar wavelet downsampling (HWD) modules, referred to as 
YOLOv8-AH. It achieves a 24% improvement in mAP50 and an 8.2% improvement in precision [57]. 
Zamanidoost et al. presented an improved Faster R-CNN by introducing an optimized multi-scale convolutional 
neural network (OMS-CNN). The results demonstrate that the OMS-CNN technique effectively extracts 
representative features of nodules of various sizes, achieving a sensitivity of 94.89% and a CPM score of 0.892 [58]. 

Although a British study shows that AI excluded negative cases [59], existing commercial detection software 
still has a certain false positive rate [60]. To reduce unnecessary follow-up examinations, future research on 
detection needs to continue improving in aspects such as reducing the false positive rate. 

A summary of the methods mentioned above is given in Table 2. 

Table 2. AI and CT image-based pulmonary nodule detection methods. 

Author Model Dataset Result Core Innovations of the Study 
Definition of Key 

Experimental 
Indicators 

Park et al. (2021) 
[47] 

Deep learning-based 
CAD and super-

resolution algorithm 

308 patients with 
424 SSNs  

SSN detection: 0.92 
(1-mm)  

nonsolid nodules: 0.78 
(1-mm) 

Proposed a deep learning-based 
super-resolution algorithm to 

convert 5-mm thick CT images 
into 1-mm thick. 

AUC; 
Sensitivity 

Liu et al. (2021) 
[49] 

Deep multi-task 
learning  

(MTL) network 
LUNA16 dataset 

increase the accuracy 
of lung segmentation 
and nodule detection, 
from 0.927/0.980 to 

0.939/0.988  

present a novel pyramid dilated 
convolution block (PDCB) for 

nodule detection method. 

Sensitivity;  
FPs/scan;  

Dice similarity 
coefficient (DSC) 

Primakov et al. 
(2022) [48] 

Fully automated 
pipeline for  

NSCLC detection 

1328 thoracic CT 
scans from  

8 institutions 

sensitivity of 0.97 and 
specificity of 0.99 in 

the external validation 
dataset and AUC  

of 0.98. 

compared the detection 
efficiency and reproducibility of 

AI with human experts.  

Dice similarity 
coefficient (DSC); 
receiver operating 

characteristic curve 
(AUC) 

Huang et al. (2022) 
[55] 3D OSAF-YOLOv3 

LUNA-16 
dataset (888 
LDCT scans) 

Sensitivity: 0.962; 
CPM: 0.905.  

Based on the 3D YOLOv3 
framework, introduced a one-

shot aggregation (OSA) module.  

CPM (Competition 
Performance Metric); 

Sensitivity; 
False Positive Rate 

Zhou et al. (2022) 
[50]  

2.5D-based cascaded 
multi-stage framework 

(DS-CMSF) 

LUNA16 
dataset; LIDC-
IDRI dataset 

95.95% sensitivity and 
89.50% CPM for 
nodule detection.  
86.75% DSC for 

nodule segmentation. 

Proposed a 2.5D cascaded multi-
stage framework achieving a 

balance between accuracy  
and complexity. 

DSC (Dice Similarity 
Coefficient); 

CPM (Competition 
Performance Metric); 

FOM (Figure of Merit) 

Han et al. (2022) 
[51] 

Pulmonary Nodules 
Detection Assistant 
Platform (3D CNN  

for detection) 

LNPE1000 
dataset; 

LUNA16 dataset 

On LNPE1000: 0.879 
detection accuracy, 

comparable  
to human experts. 

Designed a dedicated CAD 
platform for physical 

examination LDCT images, with 
a focus on optimizing the 

detection ability  
of small nodules. 

Detection Accuracy 
(including true 
positives and  

true negatives) 

Xu et al. (2023) 
[56] 

Improved Faster  
R-CNN LUNA16 dataset 

Detection precision: 
increased from 76.4% 

to 90.7%; recall: 
increased from 40.1% 

to 56.8%. 

Multi-scale training, low-
dimensional feature path 

augmentation, Online Hard 
Example Mining (OHEM). 

Precision; Recall 
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Table 2. Cont. 

Author Model Dataset Result Core Innovations of the Study 
Definition of Key 

Experimental 
Indicators 

Song et al. (2024) 
[52] 

Multiscale 3D anchor-
free network (M3N) LUNA16 dataset 

CPM: 90.6%, 
exceeding state-of-the-

art networks. 

Proposed adjustable nodule 
modeling (ANM), Designed a 
point selection strategy (PSS),  

CPM 

Bhatia et al. (2024) 
[53] Lightweight DNN LUNA16 dataset 

Accuracy: 98.2%; 
PSNR: 32.8%;  
SSIM: 0.97; 

Weakly supervised dense 
instance segmentation (WDSI), 
Deep continuous learning (SS-

CL), Lightweight  
architecture design. 

Accuracy; PSNR (Peak 
Signal-to-Noise Ratio); 

SSIM (Structural 
Similarity Index) 

Jiang et al. (2025) 
[45] AI-CAD system 

344 patients 
(from 2 

hospitals) 

Better subjective 
image quality (4.18 vs 

3.63) and detection 
metrics. Detection 

accuracy: 98.32% in 
1024 matrix  

verifying the advantages of high-
resolution matrices in detecting 

small nodules (<6 mm).  

Subjective Image 
Quality Score; 

SNR (Signal-to- 
Noise Ratio) 

Karimullah et al. 
(2024) [54] CBO+DenseNet CNN 

LIDC which 
contains 1135 
annotated CT 

images 

Accuracy: 98.17%; 
specificity: 97.32%; 
precision: 97.46%; 

recall: 97.89% 

Colliding Bodies Optimization 
(CBO), Local Binary  

Pattern (LBP). 

Accuracy; 
Specificity; 
Precision, 

Recall. 

Lancaster et al. 
(2025) [59] 

Commercially 
available AI software 

1252 UKLS-
baseline- 
CT-scans 

NPV 92.0%  
(90.2–95.3%); 

classified one as 
negative; NPV: 99.8% 

(99.0–99.9%) 

via high negative predictive 
value (NPV) to reduce the 

radiologists’ workload.  

NPV (Negative 
Predictive Value) 

CAI et al. (2025) 
[57] Yolov8-AH LUNA16 dataset 

mAP50 improved by 
24%, precision 

improved by 8.2%  

Adaptive gating sparse attention 
(AGSA), Haar wavelet 
downsampling (HWD). 

mAP50 (mean Average 
Precision at Intersection 
over Union threshold of 

50%) 

Zamanidoost et al. 
(2025) [58] OMS-CNN 

LUNA16 
dataset;  

PN9 dataset 

Sensitivity: 94.89%; 
CPM: 0.892  

Proposed an optimized multi-
scale CNN (OMS-CNN).  CPM; Sensitivity 

4. AI in CT Image-Based Lung Cancer Segmentation 

The AI-assisted pulmonary nodule detection system can not only improve the pulmonary nodule detection 
rate but also extract the Region of Interest (ROI) through accurate segmentation and provide various qualitative 
and quantitative parameters. These parameters help physicians conduct more accurate quantitative assessments of 
pulmonary nodules and reduce the workload caused by large volumes of medical images [61]. Primakov et al. 
presented a fully automated pipeline for the detection and volumetric segmentation of non-small cell lung cancer 
(NSCLC), which was developed and validated on 1328 thoracic CT scans; physicians preferred automatic 
segmentations in 56% of the cases [48]. 

Currently, many deep learning segmentation models have been applied to the segmentation of lung tumor 
regions. Dong et al. [62] proposed a multi-view secondary input residual (MVSIR) convolutional neural network, 
and the Dice coefficient of this method for 3D segmentation of pulmonary nodules on the LIDC-IDRI dataset 
reached 0.926. Suzuki et al. introduced an improved 3D U-Net model for the automatic detection and segmentation 
of pulmonary nodules on chest CT images. Their adaptation enables reaching any feature map from the marginal 
output map in three steps, thereby preventing the gradient vanishing problem [63]. Bruntha et al. [64] developed 
a deep learning network called Lung_PAYNet based on the pyramid attention mechanism. By enhancing the 
receptive field and optimizing spatial prediction capabilities, this network significantly improved the segmentation 
effect of small nodules, achieving a Dice coefficient of up to 95.7% on the LIDC-IDRI dataset and demonstrating 
excellent segmentation performance. Zhang et al. proposed a multi-scale segmentation squeeze-and-excitation 
UNet with a conditional random field (M-SegSEUNet-CRF) to automatically segment lung tumors from CT 
images. M-SegSEUNet-CRF can achieve a Dice coefficient of 0.851 on the internal dataset, presenting higher 
performance than 3D U-Net and its variants [65]. 

The manual detection and annotation of lung nodules by human experts is a time-consuming and inconsistent 
process [66]. Some deep learning models have shown great potential in both pulmonary nodule detection and lung 
tumor region segmentation, rather than being limited to a single task [67,68]. Several studies have successfully 
implemented multi-task learning [69,70], demonstrating the possibility of addressing these two aspects 
simultaneously. Banu et al. proposed a system comprising two cascaded stages: nodule detection based on a fine-
tuned Faster R-CNN and nodule segmentation based on the U-Net architecture. The experimental results 
demonstrate that the proposed system yields a Dice score of 89.79% and 90.35% [71]. Zhou et al. proposed a 2.5D-
based cascaded multi-stage framework for the automatic detection and segmentation (DS-CMSF) of pulmonary 
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nodules, which achieves 95.95% sensitivity and 89.50% CPM for nodule detection, and 86.75% DSC for nodule 
segmentation [50]. Dlamini et al. aimed to develop a fully automatic system that detects and segments pulmonary 
nodules using YOLOv4 and a region-based active contour model. The system consists of two main sections: 
detection and volumetric rendering [72]. A recent study explored the application of 3D U-Net architectures 
combined with Inception and ResNet modules for precise lung nodule detection through deep learning-based 
segmentation techniques. The ensemble of models achieved the highest average DSC of 0.84 ± 0.05 [73]. 

A summary of the methods mentioned above is given in Table 3 

Table 3. AI and CT image-based lung tumor segmentation methods. 

Author Model Dataset Segmentation Result Core Innovations 

Dong et al. (2020) 
[62] 

Multi-view secondary 
input residual (MV-SIR) 

convolutional  
neural network 

LIDC-IDRI dataset  
Dice coefficient: 0.926, 

Average surface  
distance: 0.072 

Converts 3D lung nodule segmentation 
into voxel classification by inputting 

multi-view.  

Primakov et al. 
(2022) [48] 

Fully automated pipeline 
for NSCLC  

detection and  
volumetric segmentation 

1328 thoracic CT scans 
from 8 institutions 

achieved an average DSC of 
0.82 (IQR = 0.14) 

Develops a fully automated pipeline 
for detection and segmentation of non-

small cell lung cancer (NSCLC).  

Suzuki et al. (2022) 
[63] 

Modified three-
dimensional (3D) U-net 

deep-learning model 

LIDC-IDRI dataset, 89 
unused chest CT scans, 

450 chest CT scans 

- Internal validation CPM: 
94.7%;  

- External validation CPM: 
83.3%  

Optimizes the 3D U-net architecture 
for automated lung nodule detection 

and segmentation. 

Zhang et al. (2022) 
[65] 

Multi-scale segmentation 
squeeze-and-excitation 
UNet with conditional 

random field (M-
SegSEUNet-CRF) 

759 lung cancer CT 
scans, NSCLC-
Radiomics and  
LIDC datasets 

- Dice coefficient: 0.851 
- IoU: 0.747  
- Sensitivity: 0.827  
- PPV: 0.900  

Employs a multi-scale strategy, 
Embeds segmentation SE blocks 

(spatially adaptive attention) in 3D 
UNet, Adds dense connected 
Conditional Random Field. 

Bruntha et al. (2022) 
[64] 

Lung_PAYNet 
(pyramidal attention-

based deep  
learning network) 

LIDC-IDRI dataset  

Dice similarity  
coefficient: 95.7%, 

mIOU: 91.75%, Sensitivity: 
92.57%, Precision: 96.75% 

Designs encoder with inverted residual 
blocks and swish activation, Adds a 
feature pyramid attention network.  

Banu et al. (2021) 
[71] 

AWEU-Net (Attention-
Aware Weight  

Excitation U-Net) 

LUNA16 dataset; 
LIDC-IDRI dataset 

- LUNA16: Dice score 
89.79%, IoU 82.34%; 

- LIDC-IDRI: Dice score 
90.35%, IoU 83.21% 

Proposes a two-stage cascaded system: 
fine-tuned Faster R-CNN +  

AWEU-Net. 

Zhou et al. (2022) 
[50] 

2.5D-based cascaded 
multi-stage framework 

(DS-CMSF) 

LUNA16 dataset;  
LIDC-IDRI dataset 

Segmentation DSC: 0.8675; 
LUNA16 detection: 95.95% 

sensitivity, 89.50% CPM  

Four-stage cascaded design: Yolov5 
rough localization, candidate nodule 
selection, 3D fusion classification,  

3D UNet.  

DLAMINI et al. 
(2023) [72] Fully automatic system  QIN lung CT dataset; 

LIDC-IDRI dataset 

Dice score: 92.19% 
Precision: 96.57%, 

Sensitivity: 97.02%,  
F1: 96.79%  

Integrates YOLOv4 and region-based 
active contour model for end-to-end 
processing. Adds 3D reconstruction 

and validation against  
3D printed tumors.  

Rikhari, H., et al. 
(2024) [73] 

Ensemble of  
3D U-Net models  

Retrospective dataset 
from AIIMS Delhi; 

53 CT scans 

DSC (avg): 0.84 ± 0.05; 
IoU (avg): 0.74 ± 0.06; 
Reduces false positives 

(2.69–3.39) 

Trains four individual 3D U-Net 
variants and fuses them into an 

ensemble, Uses a hybrid loss function.  

5. AI in CT Image-Based Assessment of the Malignant Risk of Pulmonary Nodules 

On the basis of achieving accurate segmentation and detection of pulmonary nodules, some studies have 
further focused on developing a pulmonary nodule malignant risk assessment system, aiming to provide clinicians 
with more reliable clinical decision-making support. The CNN model proposed by Massion et al. [74] can 
distinguish between benign and malignant pulmonary nodules, with an AUC of 0.921 in internal validation on the 
NLST dataset. Benign and malignant pulmonary nodules are illustrated in Figure 3. 

Masood et al. [75] introduced an advanced multi-dimensional region-based fully convolutional network 
(mRFCN), which is specifically designed for the detection and classification of pulmonary nodules. Their model 
adopts a multi-layer fused region proposal network (mLRPN), aiming to enhance ROI selection by combining 
position-sensitive score maps. Heuvelmans et al. [76] developed the LCP-CNN model, which achieved an overall 
AUC of 94.5% (95% Confidence Interval (CI): 92.6–96.1) for identifying benign nodules in the test set. Its high 
sensitivity enables 22.1% of nodules to be ruled out for malignancy, thus avoiding unnecessary re-examinations. 
Liu et al. developed a self-supervision pre-training-based fine-grained network for predicting the malignancy of 
subsolid pulmonary nodules (SSPNs). The pre-trained model was established using data from the NLST and 
LUNA databases. The model’s performance in the internal testing set was as follows: AUC, 0.964 (95% CI: 0.942–
0.986); accuracy, 0.934 [77]. Zhang et al. introduced a deep learning framework that integrates U-Net-based 
segmentation and ResNet-based classification processes. Feature combination blocks are applied to facilitate 
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information sharing between the segmentation and classification components [78]. Zhao proposed the sequential 
multi-instance learning (SMILE) framework to predict high-risk lung cancer patients using multiple CT scans. 
SMILE includes two steps: a nodule detection algorithm with image category transformation and nodule 
malignancy prediction [79]. Wang et al. proposed a novel high-precision bilevel optimization method (HBOM) to 
search for an optimal 3D pulmonary nodule classification model. The model employed memory optimization 
techniques to reduce memory overhead. The results showed that NAS-HBO achieved an impressive accuracy of 
91.51% [80]. Jin et al. introduced a MTST model for feature extraction, designed with a multi-task layer that 
simultaneously outputs benign-malignant binary classification, multi-level classification, and a detailed analysis 
of pulmonary nodule features. MTST achieved an accuracy of 93.24% in the binary classification of benign and 
malignant nodules [81]. 

In addition to classifying pulmonary nodules as benign or malignant, some studies focus on distinguishing 
malignant nodules from nodules associated with other conditions. In Ibrahim et al.’s study, a multi-classification 
deep learning model for diagnosing COVID-19, pneumonia, and lung cancer from a combination of chest X-ray 
and CT images is proposed [82]. Zhou et al. proposed an ensemble multi-view 3D convolutional neural network 
(EMV-3D-CNN) model to study the risk stratification of lung adenocarcinoma. The model achieves state-of-the-
art performance, with AUCs of 91.3% and 92.9% for the diagnosis of benign/malignant and pre-invasive/invasive 
nodules, respectively [83]. Du et al. proposed a fusion feature-based pulmonary nodule classification method that 
fuses radiomics features with deep learning neural network features, aiming to automatically classify different 
types of pulmonary nodules. The AUCs for the tasks of classifying Calcification, Lobulation, Margin, Spiculation, 
Texture, and Malignancy reached 0.9663, 0.8113, 0.8815, 0.8140, 0.9010, and 0.9316, respectively [84]. 

A summary of the methods mentioned above is given in Table 4. 

Table 4. CT image-based methods for distinguishing benign from malignant pulmonary nodules. 

Author Model Dataset Classification Result Involves 
Technologies Core Innovations 

Massion et al. 
(2020) [74] 

Convolutional 
Neural Network 

NLST dataset; 
Validation 

dataset:116 nodules  

- External validation AUCs: 
83.5% and 91.9%  classification 

Focuses on indeterminate 
pulmonary nodules (IPNs); 

Validates across multiple cohorts. 

Masood et al. 
(2020) [75] 

Enhanced 
multidimensional 
region-based FCN 

(mRFCN)  

LIDC dataset 

- Detection sensitivity: 
98.1% 

- Benign-malignant 
classification accuracy: 
97.91% 

detection 
classification  

Integrates mLRPN with position-
sensitive score maps; Adds 

deconvolutional layer to optimize 
region of interest selection. 

Ibrahim et al. 
(2021) [82] VGG19-CNN  

chest X-ray and  
CT datasets  

obtained around  
33,676 images 

Accuracy: 98.05%, Recall: 
98.05%, Precision: 98.43%, 

Specificity: 99.5%,  
F1 score: 98.24%,  

AUC: 99.66% 

classification 
Combines chest X-ray and CT 
images, Compares four deep 

learning architectures. 

Heuvelmans et 
al. (2021) [76] 

Lung Cancer 
Prediction 

Convolutional 
Neural Network 

(LCP-CNN) 

NLST datasets; 
LUCINDA study 
(2106 nodules) 

AUC: 94.5% 
sensitivity:99.0%, ruling out 

malignancy in 22.1%  
of nodules  

classification 

Sets a high-sensitivity threshold 
to minimize missed cancers, 

focuses on ruling out  
benign nodules. 

Zhou et al. 
(2023) [83] 

Ensemble multi-
view 3D 

convolutional 
neural network 

(EMV-3D-CNN) 

1075 lung nodules 
(≤30 mm, ≥4 mm) 

- Benign/malignant 
classification AUC: 91.3% 

- Invasive adenocarcinoma 
grade classification 
Accuracy: 77.6%  

classification 

Uses ensemble multi-view 3D-
CNN to capture comprehensive 
nodule features. Implements a 

web-based system.  

Liu et al. (2024) 
[77] 

Self-supervision 
pre-training- 
based fine- 

grained network 

NLST, 
LUNA16; 

Internal: 1389; 
External: 202; 

AUC 0.945,  
Accuracy 0.911, Sensitivity 

0.977, Specificity 0.860 
classification 

Targets sub centimeter solid 
pulmonary nodules (SSPNs), 

Uses large-scale self-supervised 
pre-training  

Zhang et al. 
(2025) [78] 

Detection-guided 
model  

LUNA16 dataset; 
the small dataset:  

56 lesions 

- Segmentation: Dice score 
0.814, HD 3.188 mm, 

- Classification: Sensitivity 
0.885  

detection, 
segmentation, 
classification 

Combines U-Net and ResNet 
with feature combination blocks 

Uses classification results as 
priors to refine segmentation.  

Zhao et al. 
(2025) [79] 

Sequential Multi-
Instance Learning 

(SMILE)  

925-patient dataset 
(182 malignant, 743 

benign) 

AUROC: 0.833, 
AUPRC: 0.740, 
Accuracy: 0.797, 
F1score: 0.777 

detection 
classification 

leverage temporal changes for 
malignancy prediction; 

Eliminates nodule location 
annotation by using multi-

instance learning. 

Wang et al. 
(2025) [80] 

Neural Architecture 
Search with High-
Precision Bilevel 

Optimization 
(NAS-HBO) 

LIDC-IDRI dataset  Classification accuracy: 
91.51% classification 

Automates 3D nodule 
classification model design via 
NAS-HBO. Adds Maintaining 

Receptive Field  
Criterion (MRFC).  
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Table 3. Cont. 

Author Model Dataset Classification Result Involves 
Technologies Core Innovations 

Du et al. (2025) 
[84] 

Fusion feature 
model (radiomics 
features + deep 

learning features) 

LIDC-IDRI dataset  

AUCs:  
Calcification 0.9663, 

Lobulation 0.8113, Margin 
0.8815, Spiculation 0.8140, 

Texture 0.9010,  
Malignancy 0.9316  

classification 

Fuses radiomics and deep 
learning features; Addresses class 

imbalance by improving 
recognition of minority  

nodule types. 

Jin et al. (2025) 
[81] 

Multitask Swin 
Transformer 

(MTST) 
LIDC-IDRI dataset  

Classification: 
93.74% accuracy, 91.55% 

sensitivity, Multi 
classification: 

accuracy: 95.73% 

classification 

Designs a multitask layer, Uses 
U-Net Generative Adversarial 

Network for image 
augmentation. Employ Swin 

Transformer to capture global 
and local nodule features. 

 

Figure 3. Display of benign and malignant pulmonary CT nodule image samples. 

6. AI in CT Image-Based Prediction of Targeted Gene Mutations in Lung Cancer 

Even lung tumors of the same pathological subtype may exhibit significant differences at the molecular level, 
leading to varying responses to treatment. With the development of targeted therapy, the non-invasive 
identification of patients with tumor gene mutations has become crucial. Currently, there are several studies on 
predicting the phenotypic mutation status of epidermal growth factor receptor (EGFR) based on CT images. Wang 
et al. constructed an effective deep learning model for predicting EGFR mutations from CT images, achieving 
favorable predictive performance in both the training set (AUC = 0.85) and the validation set (AUC = 0.81) [85]. 
de Margerie-Mellon et al. used radiological features to predict the EGFR phenotype in a cohort of 353 lung 
adenocarcinoma cases, obtaining an AUC of 0.69 [86]. Instead of focusing solely on tumor features, Wang et al. 
further extracted whole-lung information from CT images for EGFR prediction, and their model achieved an AUC 
ranging from 0.748 to 0.813 across six retrospective and prospective test cohorts [87]. Zhao et al. proposed a 
Denseformer framework to identify EGFR mutation status in a real end-to-end fashion directly from 3D lung CT 
images. The framework takes 3D whole-lung CT images as input to the neural network model without the need 
for manual labeling of lung nodules [88]. 

Meanwhile, some studies have integrated multi-modal data to enable models to predict EGFR mutation status 
more accurately. Xiao used the advanced EfficientNet-V2 model to predict EGFR mutations based on fused 
PET/CT images, where each individual PET and CT image was fused. The model achieved a prediction accuracy 
of 81.92% for distinguishing EGFR-mutated from non-EGFR-mutated cases in a cohort of 150 patients [89]. Kim 
et al. combined deep learning and radiomics to predict EGFR mutations in patients with non-small cell lung cancer 
(NSCLC) using computed tomography (CT) images. A total of 1280 NSCLC patients were enrolled in the final 
study. By integrating radiomics and clinical features, the external validation dataset yielded an area under the curve 
(AUC) of 0.7038 [90]. Lu et al. proposed LUCID, a multimodal data integration framework designed to predict 
EGFR mutation status and survival outcomes in lung cancer patients. LUCID leverages lung computed 
tomography (CT) images, chief complaints, laboratory test results, and demographic data to deliver non-invasive 
predictions. The model achieved strong performance in a cohort of 5175 patients, with AUCs ranging from 0.851 
to 0.881 for EGFR mutation prediction [91]. 
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In addition to independently predicting EGFR mutation status, some studies have achieved the prediction of 
multiple lung cancer-related mutation statuses. Dong et al. proposed a multi-channel and multi-task deep learning 
(MMDL) model for the simultaneous prediction of EGFR and Kirsten Rat Sarcoma Viral Oncogene Homolog 
(KRAS) mutation statuses based on CT images [92]. Hinzpeter et al. built two statistical models to evaluate the 
predictive ability of [18F]-FDG PET/CT-derived radiomics features for driver gene mutations in NSCLC. Overall, 
55% of tumor samples demonstrated a mutation in TP53, 26% of samples had alterations in KRAS, and 17% had 
alterations in EGFR [93]. 

A summary of the methods mentioned above is given in Table 5. 

Table 5. CT image-based methods for predicting lung cancer-related gene mutation status. 

Author Model Dataset Prediction Result Genes 
Predicted 

Imaging 
Modality Core Innovations 

Wang et al. 
(2019) [85] 

End-to-end deep 
learning model 

844 lung adenocarcinoma 
patients (2 hospitals) 

- Primary cohort (n = 603): 
AUC 0.85  

- validation cohort (n = 241): 
AUC 0.81  

EGFR CT 

Proposes non-invasive 
EGFR mutation 

prediction using CT, 
Focuses on lung 
adenocarcinoma. 

Dong et al. 
(2021) [92] 

Multi-channel 
multi-task  

deep learning  
(MMDL) model 

363 patients  
(partner hospital);  

162 patients  
(TCIA public dataset) 

- Training accuracy: EGFR 
79.43%, KRAS 72.25% 

- Validation accuracy: EGFR 
75.06%, KRAS 69.64%  

EGFR; 
KRAS CT 

Enables simultaneous 
prediction of EGFR and 
KRAS mutations; Uses 
multi-channel views. 

Integrates patient  
personal information. 

Wang et al. 
(2022) [87] 

Fully automated 
artificial 

intelligence 
system (FAIS) 

18,232 lung  
cancer patients  

- EGFR genotype prediction 
AUC: 0.748–0.813 (6 testing 
cohorts) 

EGFR CT 

Uses whole-lung CT 
information Predicts both 

EGFR genotype and 
EGFR-TKI treatment 

response; Validates across 
diverse cohorts. 

Xiao et al. 
(2023) [89] 

EfficientNet-V2 
model  

(PET/CT fusion) 
150 NSCLC patients - Training accuracy: 86.25% 

- Validation accuracy: 81.92% EGFR PET/CT 

Fuses PET and CT images 
for multi-modal feature 

integration., Uses 
EfficientNet-V2 for 

efficient, high-
performance  

feature learning. 

Zhao et al. 
(2024) [88] 

Denseformer 
framework 

Lung adenocarcinoma 
dataset (173 patients) 

EGFR mutation prediction  
AUC 0.807, 
ACC 0.801 

EGFR CT 

Combines CNN and 
Transformer in 

Denseformer. Uses 
whole-lung CT to capture 
tumour-microenvironment 

associations with  
EGFR mutations. 

KIM et al. 
(2024) [90] 

Deep learning–
radiomics 

integrated model 
1410 NSCLC patients; 

Internal AUC: 0.81, 
External AUC: 0.78, 

External validation AUC 0.7038 
EGFR CT 

Integrates deep learning 
features and radiomics 

features for 
complementary 

information, Includes 
clinical data.  

Hinzpeter et 
al. (2024) [93] 

Radiogenomics 
models 128 NSCLC patients  

Youden Index:  
TP53 0.70, 
KRAS 0.57, 
EGFR: 0.60 

EGFR; 
KRAS; 
TP53 

[18F]-FDG 
PET/CT 

Uses [18F]-FDG PET/CT 
radiomics to predict 

multiple driver mutations 
(EGFR,  

KRAS, TP53). 

Lu et al. 
(2025) [91] 

LUCID 
(multimodal data 

integration 
framework) 

Retrospective cohort: 
5175 lung cancer patients  

EGFR mutation prediction  
AUC: 0.851–0.881; 

Survival time prediction  
AUC: 0.821–0.912 

EGFR CT 

Fuses multimodal data for 
comprehensive 

prediction, Predicts both 
EGFR mutation status and 
patient survival outcomes 

(dual clinical value). 

7. Discussion 

This study conducts a statistical analysis of deep learning models related to lung cancer diagnosis based on 
CT images in recent years. This review emphasizes the important role of artificial intelligence (AI), particularly 
deep learning methods, in chest CT image diagnosis. Recent studies have demonstrated the significant potential 
of AI-based methods applied to chest CT images in improving the accuracy and efficiency of lung cancer screening 
and benign-malignant differentiation. 

First, this study summarizes and describes public datasets related to CT-based lung cancer diagnosis, with a 
detailed analysis of the specific data volume and imaging modalities of each dataset. Subsequently, it conducts an 
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in-depth analysis of the specific fields in which deep learning methods have been applied to CT-based lung cancer 
diagnosis research. In lung cancer screening, detection algorithms such as YOLO and Faster R-CNN have been 
applied to pulmonary nodule detection on chest CT images, leading to significant breakthroughs in screening 
procedures. Specifically, AI can effectively identify suspicious pulmonary nodules in chest CT scans; however, 
further improvements to the models are still required to reduce false positives. In lung cancer segmentation tasks, 
the goal is to segment tumor regions and identify relevant imaging biomarkers in lung cancer patients by analyzing 
these segmented regions. Improved methods based on the U-Net segmentation model have greatly enhanced the 
accuracy of tumor region segmentation. Meanwhile, several studies have developed automated systems that enable 
models to simultaneously perform pulmonary nodule detection and segmentation tasks. Building on the 
aforementioned two tasks, AI has been applied to the benign-malignant classification of lung cancer. A number of 
deep learning models can effectively distinguish between benign and malignant nodules with considerable 
accuracy. In addition to the above applications, AI has also been used in lung cancer gene mutation analysis. It has 
been proven that AI can assist physicians in determining the status of genetic biomarkers through CT images. 
Particularly for EGFR and KRAS gene mutations, several studies have shown that deep learning models can 
capture subtle morphological changes in tumors caused by gene mutations. This capability allows for the 
identification of lung cancer-related gene mutation status based on CT images, thereby better guiding the 
development of personalized treatment plans for lung cancer patients. 

However, in the field of artificial intelligence (AI)-assisted lung cancer diagnosis technology, the translation 
of technologies from theoretical laboratory research to clinical practice still requires overcoming numerous 
obstacles and faces many pressing challenges. Among these, dataset limitations, medical data privacy concerns, 
and insufficient model interpretability have become core bottlenecks restricting their clinical adoption, severely 
impeding the implementation of these technologies in real-world medical settings. 

7.1. Dataset Limitations 

Most of the current research on relevant models conducts experiments and validation based on public datasets 
with high-quality annotations. By virtue of their openness, public datasets provide researchers with abundant 
sample information and a solid research foundation, playing a vital role in the early stage of technology 
development. Nevertheless, the inherent limitations of public datasets are quite prominent: on one hand, their data 
sources often fail to cover the diversity of different regions, populations, and disease subtypes, making it 
impossible to fully ensure the consistency of imaging data quality; on the other hand, some public datasets have a 
limited sample size and may suffer from issues such as outdated data collection methods and disconnection from 
current real-world clinical diagnosis and treatment scenarios, leading to insufficient data representativeness. 
Models trained on such datasets often struggle to maintain stable performance when confronted with complex 
cases in real clinical settings. Meanwhile, some models perform well in controlled laboratory environments, but 
once applied to real clinical scenarios, their diagnostic efficiency and accuracy decrease significantly when facing 
complex factors such as differences in data distribution, varying equipment models, and individual patient 
variations—failing to meet the clinical requirements for robustness. 

7.2. Medical Data Privacy 

A series of issues including medical data privacy protection, diagnostic safety, and model robustness further 
exacerbate the difficulties in the clinical application of these technologies. In the research and development as well 
as clinical application of AI models for lung cancer imaging, data privacy protection is one of the core challenges. 
Particularly, the CT data relied on by lung cancer imaging AI models contains a wealth of sensitive information, 
and privacy leakage will trigger serious ethical and legal risks. Therefore, how to balance model efficiency and 
data privacy has become a crucial issue in this field. The innovative application of technologies such as Federated 
Learning (FL) and Private Blockchain provides an effective solution to this problem. 

Adnan et al. [94] proposed a lung cancer prediction model that constructs an integrated framework combining 
MapReduce, Private Blockchain, Federated Learning (FL), and Explainable Artificial Intelligence (XAI). Among 
them, Federated Learning enables multiple medical institutions to collaboratively train models without sharing 
raw CT data, effectively avoiding the risk of patient privacy leakage; MapReduce technology addresses the high 
computing power demand for large-scale medical data processing, endowing the model with both efficiency and 
privacy security. Ultimately, the diagnostic accuracy of this model in lung cancer prediction reaches 98.21%. 
Meanwhile, Chen et al. [95] combined meta-learning with Federated Learning and proposed a robust model based 
on multi-center CT imaging datasets for diagnosing tuberculous granulomas and lung adenocarcinomas in solitary 
pulmonary solid nodules (SPSNs). Each institution does not need to upload raw CT data or clinical data, but only 
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trains local model parameters based on local data, and then aggregates global features through Federated 
Learning—this not only protects data privacy but also solves the problem of model overfitting caused by the 
limited sample size of a single hospital. The Area Under the Curve (AUC) of this model in different cohort test 
sets ranges from 0.808 to 0.927. 

These two studies demonstrate that privacy-preserving technologies can not only address the dilemma of 
difficult medical data sharing but also enhance the generalization ability and clinical applicability of AI models 
for lung cancer imaging. Models based on Federated Learning can break down data silos, as they can not only 
utilize massive multi-center data to improve model generalization ability but also strictly safeguard patient privacy. 
This provides a scalable paradigm for privacy protection and performance optimization of lung cancer AI models, 
promoting their advancement toward clinical practicality. 

7.3. Model Interpretability 

With the gradual increase in the depth and structural complexity of model networks, although the fitting 
ability and diagnostic accuracy of the models have been improved, this also poses significant challenges to model 
interpretability. The lack of interpretability further undermines the credibility of models in clinical applications—
since the derivation basis of diagnostic conclusions cannot be clearly presented, clinicians struggle to determine 
whether model decisions rely on key medical features or are disturbed by irrelevant noise. This leads to insufficient 
trust in model results, making it difficult to truly integrate the models into the diagnosis and treatment process. 
Currently, existing interpretation methods (such as heatmaps) can mostly only reveal local information in the 
model decision-making process, but fail to fully reflect the complex nonlinear operation mechanisms and decision-
making logic within the models. They can neither trace the complete transmission path of features from input to 
output nor explain the interactions between multiple features. 

In addition, current research rarely involves the performance of models under adversarial conditions, and this 
issue is particularly critical in high-risk fields such as medical imaging. Adversarial examples refer to samples that 
cause models to make incorrect judgments on images that were originally correctly diagnosed by artificially adding 
tiny noises imperceptible to the human eye. Due to the extremely high requirements for detail accuracy in medical 
images, the interference of tiny noises may directly alter diagnostic conclusions. However, existing models not 
only lack the ability to resist such adversarial interference but also have not established effective adversarial 
detection and defense mechanisms. Under the deep learning framework, there are significant differences in the 
performance of mainstream models for lung cancer CT diagnosis (such as CNN and Transformer) under 
adversarial conditions. These differences stem from the image feature extraction logic of the two types of models 
and need to be thoroughly analyzed in combination with the characteristics of model architectures. From the 
perspective of CNN (Convolutional Neural Network) models, they rely on local convolution kernels and pooling 
layers to gradually extract image features. This structure causes them to exhibit the characteristics of local 
perturbation amplification when exposed to adversarial examples. In contrast, Transformer models can globally 
capture the correlations between image pixels through the self-attention mechanism, theoretically having stronger 
robustness to local noises. However, adversarial examples can interfere with the attention weight allocation of 
Transformers, making the models shift their attention from real lesions to irrelevant regions. In multi-model combined 
lung cancer diagnosis systems, differences in the adversarial vulnerability of individual models may also lead to 
contradictory diagnostic results, losing clinical reference value. Once adversarial examples are encountered in 
practical clinical applications, they will not only result in misdiagnosis and missed diagnosis but also may trigger 
medical disputes, posing a serious threat to patients’ life and health. This research gap has also become an important 
bottleneck restricting the practical application of artificial intelligence in lung cancer CT diagnosis. 

7.4. Limitations of This Study 

Although this paper explicitly focuses on the application of deep learning methods in CT-based lung cancer 
diagnosis and conducts precise discussions around model methods in this specific field, it still has significant 
limitations. Firstly, the research scope is confined to the diagnostic phase and does not extend to the extended level 
of clinical practice after diagnosis. Regarding how to formulate personalized and precise treatment plans based on 
patients’ individual differences after lung cancer diagnosis, this paper lacks corresponding analysis and 
explanation. This results in insufficient integrity of the research outcomes in clinical translation, making it difficult 
to directly support subsequent treatment decisions. Secondly, as a key consideration for the application of deep 
learning in the medical field, model interpretability is only roughly summarized in this paper without more detailed 
and in-depth discussions. Deep learning models often suffer from insufficient interpretability, and the transparency 
of their diagnostic logic and feature extraction processes directly affects clinicians’ trust and willingness to apply 
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them. However, this paper does not conduct in-depth analysis of this core pain point nor propose effective 
improvement ideas, leading to insufficient practicality and persuasiveness of the research. It fails to fully respond 
to the dual demands for model reliability and interpretability in the medical field. 

8. Conclusions 

AI-assisted lung cancer diagnosis has gradually moved from laboratory research to clinical practice. Its 
characteristics of precision, efficiency, and personalization endow it with high application value and broad 
prospects. Meanwhile, in the process of the deep integration of clinical artificial intelligence with the medical 
field—promoting the integration of clinical data, genetic data, radiological imaging data, and histopathological 
data—the boundaries of AI-assisted decision-making need to be clearly defined. This ensures that while medical 
experts use AI to simplify a large number of information-intensive and time-consuming manual tasks, they can 
still play a leading role in critical decision-making. Only in this way can the AI-assisted lung cancer diagnosis 
system more effectively mine useful information from massive amounts of data, thereby assisting medical experts 
in making more informed diagnosis and treatment decisions. 
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