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Simple Summary 

Lung cancer remains a major global health challenge, particularly in places where there are not 

enough trained specialists to diagnose the disease accurately. This review looks at how artificial 

intelligence (AI) is being used to support lung cancer diagnosis and treatment. By examining a range 

of recent studies, the authors highlight how AI can help doctors analyze medical images more quickly 

and consistently, reducing the chances of missed or incorrect diagnoses. AI tools are also being used 

to predict how cancer might behave, which can help guide treatment decisions. These technologies 

are not meant to replace doctors, but to support them, especially in healthcare systems under 

pressure. The goal is to improve patient outcomes through earlier, more reliable detection and more 

personalized care. 

Abstract 

The global prevalence of lung cancer calls for innovative methods to improve diagnosis and 

treatment, particularly in developing nations where there is a critical shortage of onco-pathologists. 

This systematic review examines the role of artificial intelligence (AI) in lung cancer diagnosis, 

focusing on machine learning and deep learning approaches as potential solutions to this challenge. 

The evaluation utilized PRISMA guidelines to include 14 studies for conducting a meta-analysis that 

measured AI-based tool effectiveness in lung cancer pathology diagnosis. Key performance metrics 

analyzed included sensitivity, specificity, and predictive values. Advanced AI architectures, 

particularly convolutional neural networks (CNNs) and generative adversarial networks (GANs), 

were identified as instrumental in enhancing diagnostic accuracy and enabling large-scale screening. 

The review also investigates AI-based identification of promising biomarkers which enhance medical 

diagnosis while modernizing clinical procedures for improved workflow success. AI has 

demonstrated success in reducing clinical workloads, thereby optimizing healthcare operations. This 

review further addresses critical barriers to implementation, including limited generalizability across 

diverse populations and ethical concerns related to clinical deployment. Unlike previous reviews, 

this work evaluates AI technologies across multiple imaging modalities, including histopathology, 

computed tomography (CT), and X-rays. The findings suggest that AI has significant potential as a 

transformative tool for achieving more accurate diagnoses, facilitating personalized treatment 

strategies, and ultimately improving patient outcomes worldwide. 
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1. Introduction 

Recently digital pathology has emerged as one of the most important breakthroughs linking 

medical practice to technological innovation. In recent years, the use of Artificial Intelligence (AI) has 

greatly driven progress in digital pathology, particularly in research, predictive modeling, and 

disease detection. Beyond its many applications in healthcare diagnostics, AI also supports digital 

pathology in lung cancer research and diagnostics. Lung cancer remains the leading cause of cancer 

death worldwide Lung cancer remains the leading cause of cancer-related mortality worldwide [1,2]. 

It is the most commonly diagnosed malignant epithelial tumor worldwide because of various factors 

that influence its development, such as radiation exposure, environmental toxins, and infections [3]. 

The prognosis for lung cancer is generally poor, with an overall five-year survival rate of just 16.6% 

but varies widely with the stage of the disease. Whereas the five-year survival rate for early-stage 

lung cancer is about 70%, it significantly decreases to less than 5% in patients diagnosed at stage four 

[4]. Hence, early detection is crucial at improving the outcomes. Treatment planning based on precise 

specific diagnosis is also necessary, since there is such a wide range of responses to the various 

therapies available for lung cancer. 

However, traditional methods—such as examining tissue slides under a microscope—are labor-

intensive and expensive, and subject to variability in the accuracy of the diagnosis, due to inter-

observer discrepancies [5]. AI can address these challenges by analyzing large datasets and detecting 

subtle patterns in diseased tissue that may be invisible to human eyes. This capability accelerates 

diagnosis and enhances precision, enabling pathologists to identify even the smallest differences in 

histopathological features.  

In recent years, significant advancements in AI-driven digital pathology have further bolstered 

research, predictive modeling, and disease detection. [6]. The primary methods for histological 

diagnosis of lung carcinoma involve the use of bronchoscopy and percutaneous core needle biopsy. 

Even though the methods like bronchoscopy and percutaneous core needle biopsy give the most 

important tissue samples for lung cancer diagnosis, they have their limitations. Diagnostic errors are 

not unusual even among expert pathologists, particularly in the late stages of the disease. Studies 

have shown that differences in staging of lung cancer among pathologists are not rare, and they still 

cannot detect early-stage pulmonary neoplasms even by using histological markers during advanced 

stages [7]. The AI-based methods of diagnosis have the potential to improve precision in therapeutics 

as well as providing the physician with the additional necessary clinical data for the decision-making 

process. 

Moreover, the specific diagnosis of deep lung lesions requires both ultrasound and CT-guided 

percutaneous lung biopsies as well as bronchoscopy when lesions remain inaccessible [8]. The 

procedures offer essential identification of tissue samples that doctors need for correct healthcare 

diagnosis and therapeutic guidance. The professional expertise of pathologists also does not prevent 

diagnostic errors even when dealing with advanced-stage disease. Research studies demonstrate 

pathologists face difficulties in accurately identifying different types of lung cancer and pathologists 

do not achieve consistent diagnostic agreement across their assessments [8]. However histological 

markers provide some success more accurate diagnosis at advanced stages.  

There are two main types of epithelial lung cancer which doctors recognize including small cell 

lung cancer (SCLC) and non-small cell lung cancer (NSCLC) where SCLC represents 15% of cases 

and NSCLC makes up 85% [16]. The main histological categories among NSCLC patients consist of 

adenocarcinoma and squamous cell carcinoma. The current standard for early lung cancer screening 

combines the use of CT scans and chest X-rays (CXRs) [17], but these proven methods require 

extensive patient work up and show significant differences between interpretation results conducted 

by different observers. Medical experts sometimes make inconsistent diagnostic evaluations because 
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of their subjective interpretation methods. Recent progress in AI and digital pathology distribution 

has transformed conventional diagnostic systems by creating new decision-making tools which 

significantly enhance diagnostic precision and eliminate subjectivity in reading. AI technology 

applies sophisticated algorithms to perform image evaluation while including multi-parametric 

clustering models according to research [18]. The application of this feature helps medical 

professionals identify lung cancer early in its development phases. The application of AI for both 

acceleration and automation of screening operations decreases medical staff errors while boosting 

detection precision. Both data processing speed and analysis performed by AI deliver substantial 

benefits for early-stage detection methods together with immediate medical interventions. 

AI-based technology has delivered crucial developments to lung cancer management across all 

phases beginning from diagnostic testing and progressing to disease treatment. Machine learning 

algorithms present ways to predict tumors' behavior and evaluate treatment results which drive both 

specific patient treatment plans and better accuracy levels. Clinical specialists spend more time on 

patient-oriented care and advanced medical decisions because AI performs repetitive work which in 

turn demonstrates AI's disruptive power in oncology. 

The application of AI has resulted in exceptional achievements for both lung cancer progression 

predictions and the enhancement of classification results during the past few years. The precision 

and reliability of histopathology image recognition AI algorithms enables them to analyze large 

quantities of data with high precision thereby surpassing minor variations in tumor development 

stages [9]. AI describes various computer science approaches which help create systems that predict 

and classify data through existing information. AI functions with four essential elements being 

training databases and preprocessing methods together with model development algorithms in 

addition to pre-trained models which speed up development through existing knowledge integration 

[10]. Machine learning techniques, such as convolutional neural networks (CNNs) [11], reinforcement 

learning (RL) [12], and recurrent neural network (RNN) [13] are frequently employed in these 

models, as shown in Figure 1.  

 

Figure 1. Machine Learning Algorithms by Usage Frequency. 

AI-driven computer-aided diagnosis (CAD) systems demonstrate that deep learning have 

proven as valuable tools in lung disease diagnosis through medical imaging, providing highly 

accurate results [14]. These deep learning model are designed with layered neural networks, allowing 

to process extensive datasets and generate progressively abstract representations of input data [14]. 

Deep learning consists of three fundamental learning types which include unsupervised learning, 

reinforcement learning and supervised learning. A detailed assessment of AI-based systems for lung 

cancer monitoring and new treatment development and diagnostic prediction lies within this 

literature review. The study investigates technical along with clinical obstacles while it confirms 
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optimal AI techniques and reports their achievement results. This review blends AI technology 

innovations with present clinical procedures to demonstrate the remarkable potential that AI holds 

for lung cancer diagnostic and treatment service provision worldwide in the developing nations. 

2. Materials and Methods 

2.1. Search Strategy 

The evaluation of AI systems for early lung cancer detection followed all standards in the 

Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) key 2020 guidelines 

[15]. The PRISMA flow chart illustrates the stages of study selection including Figure 2. Different 

researchers accessed 457 available publications through Scopus alongside PubMed and IEEE and 

Web of Science by implementing an established search approach. Screening and identification at the 

first stage resulted in the removal of 50 duplicate records along with 30 articles eliminated through 

automation instruments during subsequent qualification assessment. Moreover, 10 records were 

eliminated due to other different reasons, leaving 367 articles for further evaluation. Of these, 300 

studies were eliminated because they failed to reach the criteria for inclusion.  Subsequently, a total 

of 67 reports were obtained through retrieval requests which resulted in 62 accessible documents for 

eligibility assessment. After detailed review, 48 studies were excluded for reasons including lack of 

relevant AI or lung cancer information (20 studies), lack of sufficient original data (18 studies), and 

inadequate study designs (10 studies). A complete quantity of 14 studies which fulfilled all inclusion 

and exclusion standards were included in the qualitative research analysis of this systematic review. 

 

Figure 2. PRISMA Flow Diagram. 

2.2. Inclusion and Exclusion Criteria 

These criteria established the boundaries for what studies would be included in the systematic 

review with the following parameters: 

2.2.1. Inclusion Criteria 

Only peer-reviewed studies that implemented AI-based technologies in the detection, diagnosis, 

or management of lung cancer were included. These studies must have employed machine learning 

or deep learning algorithms, with a focus on their application in digital pathology, radiology, or 

medical imaging. Studies involving human subjects diagnosed with or at risk for lung cancer, 
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including both small cell lung cancer (SCLC) and non-small cell lung cancer (NSCLC), were 

considered.  

● Studies focused on animal models or non-lung cancers were excluded. 

● The research analysis included studies which measured results using sensitivity, specificity, 

accuracy, predictive values and treatment outcomes derived from AI-based systems. 

● The analysis included research studies which appeared from 2008 to 2023 to include only up-to-

date, recent advancements and relevant AI applications. 

● The search included only English-language publications because it restricted itself to articles 

available from English-language databases. 

2.2.2. Exclusion Criteria 

● Fewer studies were eligible for review because they either omitted focus on lung cancer-specific AI 

applications or provided insufficient data necessary to assess AI’s impact on the field (editorials, 

commentaries, and conference abstracts assessment was excluded). 

● Frequent evaluation excluded research that concentrated on tumors different from lung cancer or 

lacked human subject involvement. 

● The research analysis excluded studies with either immeasurable diagnostic results or 

unestablished diagnostic assessment parameters including specificity and sensitivity for AI-based 

diagnostic methods. 

● Studies that failed to provide original data or with insufficient methodological details were 

excluded, also those failed to support independent verification and replication of research results. 

2.3. Information Sources 

The systematic review conducted its search through multiple research databases consisting of 

IEEE along with PubMed and Scopus and Web of Science to provide broad examination of suitable 

literature. The research plan followed Medical Subject Headings (MeSH) terminology as well as 

specific textual keywords and phrases related to the study objective. Secondary information 

discovery occurred by reviewing reference lists from identified articles for scholarly works which the 

original database search may have failed to index. The research was supported by further literature 

review through Google Scholar and relevant organizational websites to include high-quality 

academic publications. The research examined English-language scientific literature that appeared 

from 2008 until 2023. 

3. Results 

Recently, artificial intelligence has started to play a bigger role in finding and treating lung 

cancer. Despite being important, CT scans and X-rays of the chest can result in different evaluations 

by specialists because analyzing them can take a long time [16,17]. Specifically, these drawbacks 

become extremely important when considering the diagnosis of non-small cell lung cancer (NSCLC) 

which is responsible for most cases of lung cancer. NSCLC subtypes such as adenocarcinoma and 

squamous cell carcinoma must be distinguished, as this helps in guiding treatment, but doing this 

accurately is not easy using traditional methods. 

AI-based tools were designed to address these challenges by using deep learning to highlight 

patterns in images the human eye could easily miss. Thanks to these models, medical tests are more 

uniform, quicker and more accurate. Algorithms that use multi-dimensional clustering help with 

spotting lesions at an earlier time [18]. With these, human errors can be lowered and important 

diagnostic steps are completed more efficiently, so large-screening services are made more practical. 

Currently, AI is being applied in more ways than just diagnosis. Predictive models help 

clinicians estimate how fast the tumor might spread and predict how a patient may respond to 

treatment which benefits the choice of treatment. Because AI performs routine data analysis, 

healthcare workers can concentrate more on what matters most—help for their patients. 
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The study summary that follows is based on the 14 papers that were selected for the review. The 

results are grouped into four important areas: looking at cells, making histopathological diagnoses, 

including tumor markers and using AI to help predict the outcome. Each part explains how AI affects 

diagnosis and measures accuracy using sensitivity, specificity and the model's overall impact. 

3.1. Cytopathological Diagnosis of AI 

Researcher Atsushi Teramoto [19] presented deep convolutional neural networks (DCNN) 

which identify types of lung cancer within microscope images including adenocarcinoma and 

squamous cell carcinoma and small cell carcinoma. This deep convolutional neural network (DCNN) 

included three convolutional layers combined with three pooling layers and two fully connected 

layers for execution on graphics processing unit (GPU) after being trained on proprietary content. 

The images underwent preprocessing steps including cropping and down sampling to 256 × 256-

pixel resolution then received augmentations by filtering methods along with rotation and flipping 

techniques thus enhancing model resistance against overfitting. 

The evaluation process based on a threefold cross-validation revealed an average measurement 

accuracy of 71% which aligns with the established performance metrics of trained cytotechnologists 

and pathologists [19]. This investigation demonstrates how DCNNs upgrade diagnostic efficiency 

along with accuracy for lung cancer detection in cytopathology thereby transforming classic 

diagnosis methods. This specific AI model shows superiority to traditional diagnostic methods while 

actively supporting their operations. The field of digital pathology receives novel innovation through 

deep learning (DL) technologies which demonstrate particular excellence during respiratory 

specimen diagnosis. 

The research conducted by Taehee Kim [20] focused on broader diagnostic accuracy 

enhancement for lung cancer through deep learning model application to respiratory tract cytological 

images within a retrospective multicenter study. A medical research team used a well-organized 

national picture database comprising cytology images from about 200 different healthcare 

institutions. Three steps comprised the imaging procedure where they created z-stacks to diminish 

phase differences in cell clusters while also conducting color normalization followed by converting 

images into 256×256-pixel patches [20]. The research employed 30,590 images to create training sets 

of 27,362 images and validation sets of 2,928 images and separate testing sets of 1,272 images that 

corresponded to the entire slide images (WSIs). The DenseNet121 model achieved the best efficiency 

results from the tested six convolutional neural network models. Research metrics revealed 

exceptional results because pathologists achieved accuracy rates of 95.9% and 98.2% and 96.9% which 

exceeded the performance of three expert pathologists. Physicians achieved increased diagnostic 

accuracy when working with AI support that elevated their ability to 95.9% from 82.9% as measured 

by Fleiss' Kappa. The inter-rater agreement also improved substantially from 0.553 to 0.908 [20]. The 

use of deep learning models demonstrates their capability to enhance the accuracy of lung cancer 

diagnoses in cytopathology while decreasing inter-observer variability and providing pathologists 

with standardized diagnosis assistance. 

3.2. Histopathological Diagnosis of AI 

In another pivotal study, Nicolas Coudray [21] utilized the sophisticated Inception v3 deep 

learning model which stands among the most optimal convolutional neural networks (CNNs) for 

lung cancer diagnosis. The model showed competency in discriminating LUAD (lung 

adenocarcinoma), LUSC (lung squamous cell carcinoma) from normal lung tissue which 

demonstrated the capacity of AI to optimize histopathological diagnosis precision. The Inception v3 

model achieved its training from The Cancer Genome Atlas (TCGA) whole-slide images which 

demonstrate how AI simplifies intricate histopathological operations while enhancing diagnostic 

precision. A remarkable aspect of this model was its diagnostic performance which led to an area 

under the curve (AUC) result of 0.97 at par with expert pathologists' accuracy reports [21]. Cellular 

pathology experts can easily be surpassed by AI systems based on the results of recent analytical 
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research which demonstrates superior performance in subtype lung cancer identification tasks. 

Progress is essential because it enables quicker and more accurate cancer identification leading to 

quicker start times of effective treatment plans.   

The research conducted by Zhang Li produced essential findings regarding computational 

pathology specifically through studies on cancer pixel-level segmentation within whole-slide images 

(WSIs). An analysis evaluated the performance of ten deep learning-based computer-aided detection 

(CAD) methods for lung cancer segmentation through comparing their results on datasets containing 

150 images for training and 200 images for testing [23]. This study analyzed two types of approaches 

which it classified as multi-model and single-model approaches.  The multi-model approach 

outperformed single-model methods with a higher Dice Coefficient value of 0.7966 versus the 0.7544 

rating of single-model methods (p < 0.01). The research shows how deep learning helps pathologists 

to locate suspicious tissue areas in WSIs which enhances the speed of diagnosis and accuracy of lung 

cancer detection and enables prompt patient treatment. 

3.3. Diagnosis of Lung Cancer Markers  

The study of Yongjun Wu presented an artificial neural network (ANN) model which integrated 

tumor marker analysis in order to achieve better diagnoses of lung cancer.  The research investigated 

various major tumor markers consisting of carcinoembryonic antigen and cancer antigen 125 and 

neuron-specific enolase together with beta2-microglobulin followed by gastrin then soluble 

interleukin-6 receptor and sialic acid and pseudouridine along with nitric oxide and multiple metal 

ions [24]. Wu’s methodology conducted marker measurements between three groups which included 

lung cancer patients (50), patients with benign lung diseases (40) and healthy adults (50). The most 

suitable tumor markers were assembled by multiple logistic regression analysis to construct an 

intelligent diagnostic system that operated within an ANN. The ANN created system demonstrated 

superior performance compared to standard statistical techniques because it raised specificity from 

72.0% to 100.0% while achieving overall accuracy improvement from 71.4% to 92.8%. Application of 

ANN systems leads to rapid highly accurate diagnoses of lung cancer which enables prompt 

qualified treatment procedures. 

3.4. AI in the Prognosis of Lung Cancer 

Teramoto studied cytological images from 76 lung cancer patients who had squamous cell 

carcinoma and adenocarcinoma and small cell carcinoma and more than four additional types. The 

CNN model performed feature extraction while reaching 71.1% accuracy in the analysis. The system 

validated its medical diagnosis competence by matching the accuracy statistics of human pathologists 

in biopsy analysis [19]. 

Coudray analyzed 1,634 slice images retrieved from The Cancer Genome Atlas (TCGA) that 

included 1,176 tumor tissue and 459 normal tissue specimens in their separate research. The 

researchers distributed their images in the following ratios: training data at 70%, validation data at 

15% and test data at 15%. Training Inception v3 required extensive image segmentation data while 

the testing and validation stages relied on transfer learning. The analysis model demonstrated a 

diagnostic performance equal to doctors by placing tissue samples into normal cell epithelium, 

squamous cell carcinoma or adenocarcinoma groups at a 97% accuracy rate [21]. 

The researchers at Khosravi et al. designed their deep convolutional neural network model 

(DCNN) to separate squamous cell carcinoma from adenocarcinoma among benign and malignant 

tumors specifically. A high level of effectiveness was observed from the model since it correctly 

identified cancer types in high-resolution local magnification pictures while maintaining detection 

performance between 75% and 90% [25]. The research shows that AI with particular emphasis on 

deep learning technology could play a vital role in future lung cancer diagnostic practices. AI tools 

function as valuable diagnostic instruments which help pathologists perform accurate type 

classifications of tumors. 
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Wei Lu employed a radiomics prediction model to develop a classification tool for identifying 

small pulmonary nodules in low-dose CT scans, with the goal of enhancing lung cancer screening. 

His algorithm, designed to reduce the likelihood of missed findings based on the American College 

of Radiology's Lung-RADS, analyzed 72 nodules from the LIDC-IDRI repository, from which 85 

radiomic features were extracted. The hierarchical clustering approach was applied to evaluate these 

features, followed by the use of an SVM regression model in conjunction with a LASSO technique. 

The proposed model's accuracy was rigorously tested through tenfold cross-validation, with 20 × 5- 

and 50 × 2-fold cross-validation procedures demonstrating its ability to provide more precise 

diagnoses in the early stages of lung cancer compared to conventional diagnostic methods, as 

illustrated in Figure 3 [22]. 

 

Figure 3. ROC curve analysis on the best model of SVM-LASSO and Lung-RADS for predicting [22]. 

Marliese Alexander designed an AI system to assess cancer patients' eligibility for clinical trials, 

achieving a remarkable exclusion risk accuracy of 95.7% and a general eligibility assessment accuracy 

of 91.6% [26]. Despite the system’s high effectiveness, clinical oversight remains necessary. The AI 

tool displayed a recall (sensitivity) of 83.3%, precision (positive predictive value) of 76.5%, and 

specificity of 93.8%. This system exemplifies the potential of AI as a component of clinical decision 

support systems, particularly in improving the prescreening process for identifying patients eligible 

for clinical trials.  

Nasrullah Nasrullah introduced a cutting-edge deep learning-based model for diagnosing 

malignant lung nodules, utilizing 3D Customized Mixed Link Networks (CMixNet) for both nodule 

detection and classification [27]. Faster R-CNN was used to detect the CMixNet features because it 

was able to learn them, and integration was achieved by using a CNN. Classification was achieved 

by using a Gradient Boosting Machine where the CMixNet features were analyzed. Additionally, 

these strategies blended in physiological signs and clinical markers in order to improve the accuracy 

of the diagnoses made by reducing the number of false positives. This system’s integration with IoT 

devices for monitoring patients continuously represents a significant leap forward because it makes 

it possible to securely observe patients' conditions from a distance, which in turn might enhance the 

accuracy of the diagnoses made. 

Sijia Cui’s research was in the development and assessment of a deep learning (DL) algorithm 

for detecting pulmonary nodules (PNs) in low-dose computed tomography (LDCT) scans while 

checking the existence of these nodules in China. The performance of the algorithm versus 

radiologists was evaluated with FROC score, FOC-AUC, and the average time to detection of nodules 

[28]. For the inter-study analysis, the concordance between the DL method and the diagnostic 

reference standard for the detecting positive nodules was established using the Bland–Altman 

approach. With the aid of a public database, the trial was able to conduct external validation with the 

use of the LUNA system. Cui also studied the number, site, and features of benign lung nodules 
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detected by 2 radiologists, which helped in better understanding the epidemiology as well as the 

diagnostic dilemmas of pulmonary nodules. Figure 4 demonstrates the performance of the DL 

algorithm. 

 

Figure 4. Performance assessment of the DL algorithm [28]. 

Shuying Duan constructed a multi-layered diagnostic system, consisting of three different 

machine learning models: C5.0 decision trees, artificial neural networks, and support vector 

machines, for the diagnosis of lung cancer. Examining the area under curve (AUC) served both as a 

model validation metric as well as a measure of decision-making effectiveness of the models [29]. 

Shuying Duan constructed a multi-layered diagnostic system, consisting of three different machine 

learning models: C5.0 decision trees, artificial neural networks, and support vector machines, for the 

diagnosis of lung cancer. Examining the area under curve (AUC) served both as a model validation 

metric as well as a measure of decision-making effectiveness of the models [29].  Of the rest, ANN 

was most accurate, scoring 0.736, C5.0 was next at 0.676 and SVM was last at 0.640. In the second 

layer, the ANN performance was better than SVM where AUC were 0.804, 0.889, and 0.825 obtained 

by 1, 2, and 3 level classifiers respectively. At the third level, however, SVM got the highest score of 

AUC 0.910, while ANN was very close at 0.908 and C5.0 had a lower score of 0.849. C5.0 was more 

efficient, achieving the highest sensitivity score of 94.12%. The initial patient group was selected 

based on 14 criteria, incorporating epidemiological data and clinical diagnoses. This group served as 

input into the ANN model, with biomarkers employed as auxiliary diagnostic tools to identify 

suspected lung cancer patients. Furthermore, C5.0 identified lung cancer using 22 CT nodule-based 

radiomic markers, contributing to a comprehensive, multi-stage AI-driven diagnostic approach. The 

performance of the machine learning models in the testing set is displayed in Table 2. 
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Table 2. Performance of Machine learning models in the testing set [29]. 

 

A. Meta-analysis  

A comprehensive review was conducted using keyword searches across multiple databases for 

peer-reviewed articles published up to April 2024. This review focused on studies detailing the 

effectiveness of AI in lung cancer detection through imaging, specifically those reporting sensitivity, 

specificity, and associated confidence intervals (Table 1). The meta-analysis included 18 studies that 

examined various AI- based diagnostic systems applied across different imaging modalities. 

Table 1. This is a table. Tables should be placed in the main text near to the first time they are cited. 

Source Year Method Sample Size 

Zhang L et al. [23] 2021  
Atrous fusing module with ResNet and InceptionV2 (IncRes 

model) 

150 

 

Gazi Muhammed et al. 

[30] 
2022 Hybrid Artificial Intelligence Method 1097 

Surajit Das et al. [31] 2023 Transfer Learning with the pre-trained VGG19 CNN architecture 14600 

Ayah Alomar et al.[32] 2023 ResNet50 and InceptionV3 1688 

Gajera et al. [33] 2021 Generative Adversarial Network (GAN) 82 

Dua Hişam et al. [34] 2021 DarkNet-53 (the backbone of YOLO-v3), ResNet50, and VGG19 1600 

Md. Sabbir Ahmed et al. 

[35] 
2023 

ML models:Decision Tree, Logistic Regression, Random Forest, 

and Naive Bayes classifier 
238 

Muntasir Mamun et al. 

[36] 
2022 

XGBoost, LightGBM, Bagging, and AdaBoost by k-fold 10 cross-

validation method 
309 
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R. P. Ram Kumar et al. 

[37] 
2023 CNN (Kaggle Domain) 1250 

P Shyamala Bharathi and 

Praveen Kumar Reddy.T 

[38] 

2022 
The Learning Assisted Morphological Neural Network (LAMNN) 

with Image Pruning Strategy 
320 

Francesco Ciompi et al. 

[39] 

 

2017 

 

CNN: Vector machine 

 

943 

Chao Zhang et al. [40] 2019 CNN 2285 

Diego Ardila et al. [41] 2019 Deep Learning (three dimensional CNN) 6716 

Panayiotis Petousis et al. 

[42] 
2019 Machine Learning 5402 

Mitsuru Koizumi et al. 

[43] 
2020 Artificial neural network (ANN) and bone scan index (BSI) 54 

Jing Li et al. [44] 2020 The DECT-based deep learning 204 

Xiaojun Yang MD et al. 

[45] 
2020 Deep learning signatures 348 

Yuan Gao et al. [46] 2019 Convolutional neural networks (FR-CNN) deep learning 1371 

M. Dohopolski et al. [47] 2019 CNN (AlexNet-like or U-Net) 129 

Yoshiko Ariji, et al. [48] 2019 Deep learning image classification system 127 

Zhou YP et al. [49] 2019 
The HD MRI lymph node automatic recognition system based on 

deep neural network 
301 

4. Discussion 

The results revealed that AI models exhibited a sensitivity range of 53.00% to 99.57%, with a 

median value close to 92%, indicating that the algorithms generally performed well when applied to 

well-prepared datasets. Interestingly, the specificity values varied widely, ranging from 28.03% to 

100.00%. The median specificity value was approximately 85%, suggesting that in most cases, the 

models correctly differentiated between benign and malignant nodules. One key reason for this 

variability lies in the differences between studies, particularly in terms of the types of AI models used, 

the sizes of the training datasets, and the evaluation methodologies. Larger and more diverse training 

datasets generally led to improved performance of machine learning models. 
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Four key performance metrics were assessed to evaluate the performance of AI systems in 

detecting lung cancer: True Positives (TP), True Negatives (TN), False Positives (FP), and False 

Negatives (FN).  

● True Positives (TP): Cases where the AI correctly identified cancer as the underlying cause of 

disease. 

●  True Negatives (TN): Cases where the AI correctly identified the absence of cancer in non-

cancerous instances. 

● False Positives (FP): Cases where the AI misdiagnosed normal cases as cancerous. 

● False Negatives (FN): Instances when the AI system failed to identify a patient that had cancer. 

Sensitivity and specificity are crucial metrics in assessing the efficacy of diagnostic models. In 

this study, sensitivity (the proportion of positive samples correctly detected) and specificity (the 

proportion of correctly identified negative cases) were plotted as a forest plot, providing a visual 

summary of the variance and confidence intervals for these parameters across different studies. This 

visualization captures the diagnostic accuracy and flexibility of the models across various clinical 

contexts and populations [75].  

Sensitivity and Specificity are calculated as follows: 

Sensitivity = TP / (TP + FP), (1) 

Specificity = TN / (TN + FN) (2) 

Lung cancer, originating from the bronchial mucosa lining or mucus glands, remains a leading 

cause of mortality worldwide. Currently, CT scanning is the primary tool employed for lung cancer 

screening on a global scale. CT scans provide critical insights, particularly when tumors are located 

43 shallow learning techniques, particularly in the analysis of pathological images. The key benefits 

of deep learning include its ability to define complex attributes with ease, its advanced object 

recognition capabilities, its efficiency in parallel processing, and its use of transfer learning, which 

facilitates the application of prior knowledge to new diagnostic problems. These advantages make 

deep learning an especially powerful tool in lung cancer diagnostics. 

AI makes crucial advancements in lung cancer diagnostics through decreased human 

dependence on subjectivity in interpretation tasks. AI models utilizing convolutional neural 

networks (CNNs) together with deep learning techniques demonstrate better performance compared 

to human experts because they maintain uniform results in various datasets and clinical conditions. 

The indicated review establishes AI's value in creating standard diagnostic outcomes because it 

minimizes the longstanding problem of inconsistent doctor interpretations. The deployment of deep 

convolutional neural networks demonstrates AI systems can provide a more efficient 

cytopathological diagnostic process and minimize diagnostic mistakes. Deep learning systems such 

as DenseNet121 demonstrate accurate performance that helps professional pathologists improve 

outcomes and serves as a pathway to create standardized diagnostic procedures in healthcare 

institutions. 

Early lung cancer detection serves as a vital factor to increase survival rates because the outcome 

becomes increasingly negative with progressive stages of the disease. Inability to detect small 

nodules and to distinguish malignant from benign lesions would remain hurdles for health personnel 

involved in the early stages of cancer, despite the marvelous capabilities of CT scanning technology. 

Therefore, the important relevance of AI comes into play. The radiomic analysis performed by AI 

algorithms almost certainly assists in furthering early detection of lung cancer since they are adept at 

patterns that are far too complex for human beings to recognize. 

Simultaneously, through rapid and accurate assessment of massive datasets, AI empowers 

radiologists to recognize early stages of cancer while also eliminating bottleneck in medical imaging. 

AI is a practical tool in the hands of healthcare providers to solve resource shortages stalked by 

increasing patient demands that limit expert radiologist availability. AI implementation is now 
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extended from diagnostic medicine into personalized health care. Current machine learning methods 

show promise in tumor detection, prognosis of tumor growth patterns, and tumor behavior.  

 

Figure 5. Specificity plot [19,27,40,61–74]. 

 

Figure 6. Sensitivity plot [19,27,40,61–74]. 
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The value of science-based prognostics in treatment planning comes into play when it is 

designed to consider specific patient needs. Blending patient physiology and visual assessments is 

the key function of AI, which allows physicians to build individualized tumor strategies for a 

conceptual leap in individualized oncological care.The practical deployment of AI still faces several 

challenges. A key issue is the variation in AI model performance observed across different studies, 

largely due to the quality and diversity of training datasets. Models developed with limited or 

homogeneous data often underperform in real-world clinical scenarios. Researchers emphasize the 

need for larger, more diverse training sets, yet varying levels of sensitivity and specificity continue 

to pose problems. Additionally, differences in imaging protocols and AI algorithms make direct 

comparisons difficult and hinder the establishment of standardized AI solutions in healthcare 

settings. Another significant drawback is the "black box" nature of many AI models, including deep 

learning systems, which obscures the rationale behind specific diagnostic outcomes from clinical 

staff. The lack of system transparent operation creates ethical problems for practitioners who need to 

understand AI-based recommendations before they trust them. To overcome this challenge there 

needs to be more development of explainable AI methods which create transparent models for 

healthcare professionals to understand and trust AI diagnostic output. 

The introduction of AI in lung cancer diagnostics activates multiple ethical concerns for 

evaluation. The evidence demonstrates that AI offers enhanced diagnosis capabilities and lower 

workloads to professionals yet human practitioners maintain the control to make final decisions. AI 

instruments should serve to assist medical professionals instead of replacing them in their tasks. The 

healthcare industry remains in an ongoing process to establish regulatory guidelines to handle AI in 

healthcare including data protection measures and requirements for algorithm transparency 

alongside minimizing AI system biases during model use. Widely used AI systems in clinical practice 

require testing and design processes to eliminate bias from algorithms and guarantee patient 

information security. 

Advancement in technology necessitates various development research programs targeting AI. 

AI models at successive levels need two types of data: diagnostic imaging alongside pathology data 

in combination with full patient medical records and genomic details as well as ongoing healthcare 

monitoring through wearable medical devices. Collective work between multiple branches of 

medical science will develop AI systems to achieve stronger diagnostic and predictive strength. 

Modern healthcare prevention and medical treatment are likely to improve significantly through the 

creation of real-time monitoring systems. AI technology that analyzes immunotherapy and targeted 

therapy responses to predict treatment outcomes provides substantial value for maximizing medical 

results for individual patients. 

Table 3. Overview of pathology imaging datasets. 

Source Dataset 
Release 

Date 

Sample 

size 

Number 

of Images 

Image 

Modality 

Image 

Dimension 

Image 

Format 

Ground 

Truth 

Availability 

Nusraat 

Nawreen et al. 

[50] 

Cancer 

Imaging 

Archive 

2021 NS NS CT 256 x 256 DICOM No 

Zhang Li et 

al.[23] 

The 

ACDC@LungHP 
2021 200 200 WSI 

768 x 768 x 

3 
H&E Yes 

Ahmed S. Sakr 

[51] 
LC25000 2022 25 25000 

Histopathological 

images 
768 x 768 JPEG Yes 
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Xi Wang et al. 

[52] 

The Cancer 

Genome Atlas 

(TCGA) 

2020 112 112 WSI 
244 x 244 x 

3 
JPEG RGB Yes 

Nowshin 

Tasnim et al. 

[53] 

IQ-OTH lung 

cancer 
2024 1097 32717 CT 

512 × 512, 

512×623, 404 

× 511 

NS Yes 

Yoganand 

Balagurunathan 

et al.[54] 

ISBI 2018 Lung 

Nodule 

Malignancy 

Prediction test 

set 

2021 1593 100 LDCT 3D scans 

DICOM, 

DICOM-RT, 

NIfTI 

Yes 

D. Jayaraj and S. 

Sathiamoorthy 

[55] 

Lung Image 

Database 

Consortium 

(LIDC) 

2019 NS 1018 CT 512 x 512 

JPEG 

Grayscale 

(transformed 

from 

DICOM 

format) 

Yes 

Sayyada Hajera 

Begum et al.[56] 

Lung Cancer CT 

Scan Images 

Dataset 

2022 110 800 CT 256x256 NS Yes 

Worawate 

Ausawalaithong 

et al., [57] 

JSRT Dataset 2018 247 247 X-ray 
2048 x 

2048 
NS Yes 

Worawate 

Ausawalaithong 

et al.,  [57] 

ChestX-ray14 

Dataset 
2018 112120 112120 X-ray 

1024 x 

1024 
NS Yes 

Juan Cañada et 

al. [58] 
LC25000 dataset 2019 25 1200 

Histopathological 

images 

512 x 

512 
IMG Yes 

Massion, P. P., 

et al. [59] 
NLST dataset 2020 463 14761 CT 

0.25x 

0.25 x 1 
NS Yes 

Rohit Y. 

Bhalerao et al. 

[60] 

LIDC (Lung 

Image Database 

Consortium) 

2019 910 910 CT 256x256 
DICOM, 

JPEG,PNG 
Yes 

5. Conclusions 

The proposed review study examined how AI-based approaches can enhance lung cancer 

diagnosis through digital pathology systems and CT-based imaging analyses. The findings highlight 

that AI enables more precise diagnoses by delivering standardized evaluations, thereby reducing the 

variability inherent in traditional medical approaches. Lung cancer screening becomes more effective 

as deep learning models embedded in AI algorithms demonstrate superior diagnostic performance 

compared to current medical standards. Given the global shortage of onco-pathologists, 

technological interventions such as AI-generated diagnoses and reports have the potential to 
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significantly reduce their cognitive workload. In such a framework, the role of pathologists could 

shift toward overseeing and validating AI-generated outputs, rather than performing every 

diagnostic task manually. However, several important limitations must be acknowledged. The 

performance of AI models is directly dependent on the quality and diversity of their training datasets. 

Many existing studies rely on relatively small datasets derived from homogeneous populations, 

resulting in limited generalizability to broader and more diverse patient cohorts. Additionally, the 

standardization of AI system implementation in clinical environments is adversely affected by 

inconsistencies in performance metrics, imaging protocols, and AI processing techniques across 

studies. Furthermore, the limited transparency of AI systems, particularly deep learning algorithms, 

presents challenges for healthcare practitioners, who may hesitate to adopt these “black box” 

solutions. Finally, the deployment of AI in clinical practice must navigate significant ethical and 

regulatory challenges, including the protection of patient privacy and the mitigation of algorithmic 

biases. 

The successful integration of AI technology into lung cancer assessment requires addressing 

several critical factors. Developing comprehensive AI models requires the use of complete and 

detailed datasets, particularly through federated databases that ensure privacy and security while 

integrating real-time monitoring data, genomic profiles, and comprehensive clinical histories. Such 

datasets are essential for enhancing the precision, robustness, and generalizability of AI systems. The 

implementation of explainable AI is equally vital, as it fosters physician trust and facilitates the safe 

and effective deployment of these technologies in clinical practice. Furthermore, advancing research 

on AI’s capacity to predict treatment outcomes and optimize personalized therapeutic strategies will 

significantly enhance its impact on patient care. Ultimately, realizing the full clinical potential of AI 

in lung cancer diagnostics depends on systematically addressing its current limitations while 

pursuing targeted research and technological advancements. 
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