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Abstract

:

The application of artificial intelligence (AI) in diagnostic imaging has gained significant interest in recent years, particularly in lung cancer detection. This systematic review aims to assess the accuracy of machine learning (ML) AI algorithms in lung cancer detection, identify the ML architectures currently in use, and evaluate the clinical relevance of these diagnostic imaging methods. A systematic search of PubMed, Web of Science, Cochrane, and Scopus databases was conducted in February 2023, encompassing the literature published up until December 2022. The review included nine studies, comprising five case–control studies, three retrospective cohort studies, and one prospective cohort study. Various ML architectures were analyzed, including artificial neural network (ANN), entropy degradation method (EDM), probabilistic neural network (PNN), support vector machine (SVM), partially observable Markov decision process (POMDP), and random forest neural network (RFNN). The ML architectures demonstrated promising results in detecting and classifying lung cancer across different lesion types. The sensitivity of the ML algorithms ranged from 0.81 to 0.99, while the specificity varied from 0.46 to 1.00. The accuracy of the ML algorithms ranged from 77.8% to 100%. The AI architectures were successful in differentiating between malignant and benign lesions and detecting small-cell lung cancer (SCLC) and non-small-cell lung cancer (NSCLC). This systematic review highlights the potential of ML AI architectures in the detection and classification of lung cancer, with varying levels of diagnostic accuracy. Further studies are needed to optimize and validate these AI algorithms, as well as to determine their clinical relevance and applicability in routine practice.
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1. Introduction


Lung cancer accounts for the biggest proportion of mortality resulting from malignancy on the globe [1,2,3]. The majority of patients diagnosed with lung cancer are already in the advanced stages of the disease, which results in a dismal outlook for their future [4,5]. In addition to the advanced stages of diagnosis, the variability of imaging characteristics and histology of lung cancer makes it difficult for doctors to decide which treatment approach will be most effective for both curative and palliative purposes [6].



The imaging characteristics of lung cancer may range from a single microscopic nodule to a ground-glass opacity, several nodules, pleural effusion, lung collapse, and multiple opacities, of which simple and small lesions are exceedingly difficult to detect [7]. Histopathological characteristics include adenocarcinoma, squamous cell carcinoma, small-cell carcinoma, and a wide variety of other less common histological forms by each subgroup [8]. The clinical stage, histology, and genetic aspects of lung cancer all play a significant role in determining the treatment choices available. Nowadays, with the advancement of precision medicine, medical practitioners are required to compile a list of all the patient’s characteristics and gather oncological decision-making teams before making a determination about whether or not to commence chemotherapy, targeted therapy, immunotherapy, and/or any combination of these treatments along with surgery or radiotherapy [9].



In clinical practice, the issue of whether or not the condition should be treated arises on a daily basis. One of the main goals is to identify a model for the detection, categorization, or prediction of lung cancer, although the medical, scientific understanding of the disease is based on the results of clinical tests and the experiences of medical professionals [10]. An important amount of time and energy is consumed for reviewing imaging studies, pathology slides, and reviewing patient documents in order to establish an appropriate diagnosis and identify the most appropriate therapy choices. A reliable prediction and classification model would make the whole process much easier to handle, the role of artificial intelligence (AI) being debatable since the most recent advancement of equipment and software [11].



Artificial intelligence (AI) is a broad term that can be difficult to define, but its applications may involve making predictions or classifications based on previously collected data, such as X-rays, computed tomography (CT), and magnetic resonance imaging (MRI) [12]. The primary components consist of a dataset that is used for training, a pretreatment technique, an algorithm that is used to construct the prediction model, and a pretrained model that is used to expedite the pace at which models are built and inherit past experience [13]. AI built its own logical method to recognize images quickly in order to fulfill its goal of acquiring information swiftly and without any gaps. Computer-aided detection (CAD) systems are neural networks backed by machine learning (ML) algorithms designed to mimic brain-like decisions used in order to ascertain the location of the target site in clinical images. The lesion areas may be marked by AI-based detection techniques, which also helps to eliminate observational oversights [14]. ML algorithms have been proven to facilitate diagnostic medical imaging by differentiating between bronchioles, lung wall, and parenchyma in a clear manner, all while indicating lesions that are abnormal in comparison to the healthy lung zones, helping clinicians to determine alterations with a low threshold for errors [15,16]. Computer-aided diagnostic methods, on the other hand, have given emphasis on identifying nodules as benign or malignant, even for dimensions that go lower than 3 mm in size [17].



In the 21st century, artificial intelligence has been more connected to human life, and this tendency can also be seen throughout all fields of medicine. In oncology, particularly for lung cancer, the goal of AI is to provide individualized solutions for each individual patient by taking into account the tumor’s texture, character, stage, and invasion region [18]. Because of the many existing subtypes, lung cancer is the ideal subject for the use of AI. A significant number of studies have indicated the application’s potential use in the identification of lung nodules, as well as diagnostic applications in histology, disease risk stratification, the creation of drugs, and even the prediction of prognosis. Therefore, this systematic review is primarily focused on analyzing and assessing the diagnostic accuracy of existing machine learning AI architectures in the detection and classification of lung cancer, thus providing a comprehensive evaluation of the current state of AI applications in this field.




2. Materials and Methods


2.1. Review Protocol


This systematic review was conducted in February 2023, utilizing four online databases: PubMed, Web of Science, Cochrane, and Scopus. The review encompassed the literature published up until December 2022. The investigation covered the following medical subject heading (MeSH) [19] keywords: “lung cancer”, “pulmonary nodule”, “pulmonary cancer”, “lung neoplasms”, “thoracic neoplasms”, “AI”, “artificial intelligence”, “machine learning”, “cancer screening”, “neural network”, and “diagnostic imaging”. The search was restricted to English-language journal articles.



The study used a structured and systematic search strategy in compliance with the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) [20] criteria and the International Prospective Register of Systematic Reviews (PROSPERO) [21] guidelines. All pertinent scientific papers examining the accuracy of machine learning AI algorithms in lung cancer detection were incorporated into the analysis. This systematic review was registered on the Open Science Framework (OSF) platform [22].



The primary objective of this systematic review was to address the following research questions:




	-

	
What is the accuracy of machine learning AI algorithms in lung cancer detection?




	-

	
What machine learning architectures are currently in use?




	-

	
What is the clinical relevance of these diagnostic imaging methods?










2.2. Data Extraction


The main sources of information for the gathered material included the text, tables, figures, and additional web resources present in the articles. The initial stage of the selection process involved the elimination of duplicate submissions, followed by a thorough examination of each abstract and, ultimately, a complete review of the entire text. Additionally, the reference lists of the collected papers were meticulously inspected to identify relevant content.



In the context of our review, we considered the following variables to be considered for reporting: (1) study characteristics: study number and author, country of the study, the year of study development, study design, and quality assessment; (2) summary of findings: number of patients, AI architecture, the reference group for the ML architecture, and type of lesions identified; (3) performance of the ML architecture: total positive, total negative, false positive, false negative value, and the type of images used for testing; (4) other particularities of the ML architecture: sensitivity, specificity, accuracy, and study particularities.



We included studies involving adults who were screened for lung cancer incidentally or by screening. The index evaluations included machine learning AI algorithms for analyzing medical images for lung cancer detection. The ML architectures considered for inclusion in the study comprised neural networks and CADs that are built on machine learning models [23,24]. The ML algorithms used radiological parameters to determine the presence of lung cancer and classify the nodules. We excluded the studies employing phantom, histopathology, or microscopic images, non-imaging modalities, and those investigating the accuracy of image segmentation without the augmentation of machine learning architectures. Similarly, studies that assessed other AI algorithms, such as deep learning methods, were excluded in order to allow for a proper standardization of ML algorithms. Other excluded studies were those that assessed other forms of pulmonary disease. Commentaries, editorials, abstract-only assessments, and critiques were also not included in this systematic review. Estimates of diagnostic accuracy, such as true negative (TN), true positive (TP), false negative (FN), and false positive (FP), or sufficient information from which estimates could be computed were required for inclusion.



The diagnostic test accuracy (DTA) measurements comprised sensitivity and specificity, which showed the proportion of individuals with the target condition who had positive test findings and the percentage of those without the disease who had negative test results, respectively. A diagnostic test that was both sensitive and specific was considered to be ideal.




2.3. Study Selection and Quality Assessment


The preliminary search results yielded a total of 5894 articles, out of which 517 were identified as duplicates. After excluding 5062 papers based on their abstracts, 315 full-text articles were assessed for eligibility. Ultimately, nine articles were selected for inclusion in the systematic review, as presented in Figure 1. Based on the Study Quality Assessment Tools provided by the National Heart, Lung, and Blood Institute (NHLBI) [25], two investigators independently evaluated the published material and documented their findings. These tools are tailored to specific study designs, enabling the detection of methodological or design concerns.



For the remaining studies, the Quality Assessment Tool for Observational Cohort and Cross-Sectional Investigations was employed. Each question within the tool received a score of 1 point for “Yes” answers and 0 points for “No” and “Other” responses. Subsequently, the final performance score was calculated. Accordingly, studies with scores ranging from 0 to 4 were considered to be of fair quality, those with scores between 5 and 9 were deemed to be of good quality, and those with a score of 10 or higher were classified as excellent quality. To mitigate inherent biases in the included studies, two researchers were assigned to evaluate the quality of the chosen articles. This approach minimized the risks associated with selection bias, missing data, and measurement bias.





3. Results


3.1. Overview


Data from nine studies [26,27,28,29,30,31,32,33,34] were analyzed to determine the diagnostic accuracy of machine learning AI architecture in the detection and classification of lung cancer. The studies were conducted in various countries, including Turkey, the United States, Poland, Pakistan, Italy, Bangladesh, and India, and were published between 2014 and 2022. The study designs varied among the selected articles, with five case–control studies [28,29,30,31,33], three retrospective cohort studies [26,27,34], and one prospective cohort study [32]. The quality of the included studies ranged from excellent to fair, with one study deemed excellent [26], three rated as good [29,30,32], and five considered fair [27,28,31,33,34].



A summary of the study characteristics is presented in Table 1. Dandil et al. [26] conducted the earliest study in 2014, which was a retrospective cohort study in Turkey and was the only one rated as excellent in quality. Wu et al. [27] and Kumar et al. [34] also utilized retrospective cohort study designs conducted in the United States and India, respectively, with both being rated as fair in quality. Chauvie et al. [32] carried out a prospective cohort study in Italy, which was rated as good in quality. The remaining five studies were case–control studies conducted in various countries, including Poland [28,31], Pakistan [29], the United States [30], and Bangladesh [33]. The quality of these studies was mixed, with two rated as good [29,30] and three considered fair [28,31,33].



The studies employed various machine learning architectures, including artificial neural network (ANN) [26], entropy degradation method (EDM) [27], probabilistic neural network (PNN) [28,31], support vector machine (SVM) [29,33,34], partially observable Markov decision process (POMDP) [30], and random forest neural network (RFNN) [32]. The type of lesions analyzed in the studies included small-cell lung cancer (SCLC) [26,27], non-small-cell lung cancer (NSCLC) [34], and comparisons of malignant and benign lesions [28,29,30,31,32,33].



The patient population in the studies ranged from as few as 32 patients [34] to as many as 5402 patients [30]. Comparison groups varied among the studies, with some employing microscopic analysis [26,32], expert radiologists’ opinions [29,30,34], random X-rays [28,31], and random slices from healthy lung scans [27,33] as the benchmark for assessing the AI architecture’s performance.



The AI architectures demonstrated promising results in detecting and classifying lung cancer across different lesion types. ANN [26], EDM [27], and SVM [34] showed effectiveness in detecting SCLC and NSCLC, respectively, while PNN [28,31], SVM [29,33], POMDP [30], and RFNN [32] were successful in differentiating between malignant and benign lesions, as described in Table 2.




3.2. Performance Evaluation


The performance analysis of the ML architectures focused on true positives (TP), true negatives (TN), false positives (FP), and false negatives (FN) for each study, as well as the type and number of images used for testing. The studies demonstrated varying degrees of success in the diagnostic accuracy of ML algorithms. Dandil et al. [26] reported a high overall accuracy, with 24 TP, 34 TN, 4 FP, and 2 FN using 128 CT scans. In contrast, Wu et al. [27] reported a slightly higher number of false results, with 30 TP, 26 TN, 10 FP, and 6 FN using 12 high-resolution computed tomography (HRCT) scans, each containing 100–500 slices. Wozniak et al. [28] achieved a balanced performance with 40 TP, 52 TN, 6 FP, and 2 FN using 100 X-rays, of which 80 were from healthy individuals. Khan et al. [29] showed high overall accuracy with 383 TP, 389 TN, 4 FP, and 10 FN using CT scans.



Petousis et al. [30] reported a relatively high number of false positives with 31 TP, 482 TN, 565 FP, and 1 FN using low-dose computed tomography (LDCT) images. Capizzi et al. [31] demonstrated a balanced performance with 43 TP, 68 TN, 7 FP, and 2 FN using X-ray images. Chauvie et al. [32] showed an impressive performance with 18 TP, 1573 TN, 1 FP, and 2 FN using Lung CT Screening Reporting & Data System (RADS) images. Hoque et al. [33] reported a high true positive rate but a low true negative rate with 71 TP, 3 TN, 3 FP, and 1 FN using CT scans. Lastly, Kumar et al. [34] achieved a high true positive rate and low false results with 32 TP, 6 TN, 2 FP, and 2 FN using CT scans, as presented in Table 3.



The findings from Table 4 provide insight into the sensitivity, specificity, accuracy, and particularities of the machine learning architectures used in the nine studies. The sensitivity ranged from 0.81 [34] to 0.99 [29], while the specificity varied from 0.46 [30] to 1.00 [32]. The accuracy of the ML algorithms ranged from 77.8% [27] to 100% [32].



Dandil et al. [26] reported a sensitivity of 0.92, a specificity of 0.89, and 92.3% accuracy. The computer-aided diagnosis (CAD) system they designed involved a combination of self-organizing maps (SOM) and artificial neural networks (ANN). Wu et al. [27] reported lower sensitivity (0.83), specificity (0.72), and accuracy (77.8%) compared to Dandil et al., with their algorithm making 10 false positive predictions and missing 6 cases. Wozniak et al. [28] achieved high sensitivity (0.95), specificity (0.90), and accuracy (92.0%), with their probabilistic neural network (PNN) architecture demonstrating lower computational complexity and the ability to detect low-contrast nodules.



Khan et al. [29] reported impressive results, with a sensitivity of 0.97, specificity of 0.99, and 98.0% accuracy. Their support vector machine (SVM) ML architecture included image contrast enhancement, segmentation, and optimal feature extraction. Petousis et al. [30] achieved high sensitivity (0.97) but relatively low specificity (0.46), and the algorithm was noted to reduce the rate of false positives while maintaining a high rate of true positives. Capizzi et al. [31] reported high sensitivity (0.96), specificity (0.91), and 92.5% accuracy, with their algorithm capable of identifying nodules with a diameter ≤ 20 mm and minimal contrast.



Chauvie et al. [32] achieved a sensitivity of 0.90, a specificity of 1.00, and a remarkable 100% accuracy. Their neural network was the only technique to achieve a high positive predictive value (PPV) without sacrificing sensitivity. Hoque et al. [33] reported a high sensitivity of 0.99 and a specificity of 0.50, with an accuracy of 95.0%. Their improved SVM model effectively identified regions of interest in the lung area where the cancer was localized. Lastly, Kumar et al. [34] reported a sensitivity of 0.81, a specificity of 0.82, and 98.8% accuracy. Their SVM model outperformed other classifiers, such as K-nearest neighbors (KNN), naïve Bayes, and J48, even when using the synthetic minority oversampling technique (SMOTE).





4. Discussion


4.1. Summary and Contributions


The present study aimed to analyze the diagnostic accuracy of machine learning AI architectures in detecting and classifying lung cancer. Various machine learning AI architectures have the potential to improve the diagnostic accuracy of lung cancer detection and classification. The analyzed studies [26,27,28,29,30,31,32,33,34] demonstrated that AI-based methods could be effective alternatives or supplementary tools to conventional diagnostic approaches, such as microscopic analysis or expert radiologists’ assessments. Moreover, our results, based on data from the nine studies conducted between 2014 and 2022, demonstrated that AI architectures show promise in accurately detecting and classifying lung cancer across different lesion types. These findings are consistent with previous research, which has similarly found AI-based systems to be effective in diagnosing lung cancer [35,36,37].



The analysis of the data collected from the nine studies highlighted the potential of machine learning AI architecture for detecting and classifying lung cancer. While the study designs and quality varied, the findings demonstrated a consistent trend toward improved diagnostic accuracy using AI-based methods. Nevertheless, the variations in study design, patient population, AI architecture, and comparison groups highlight the need for further research to establish the most effective AI algorithms and techniques for lung cancer detection and classification.



Comparing and contrasting the results from the nine studies, it is evident that the ML architectures demonstrated promising results in the detection and classification of lung cancer, with generally high true positive and true negative rates and low false positive and false negative rates. However, the performance varied across studies, with some achieving higher overall accuracy than others. The studies employed various types of imaging, including CT, HRCT, LDCT, X-rays, and RADS, indicating that ML architectures can potentially be effective across a range of imaging modalities.



In our analysis, the performance of AI architectures varied between studies, with the highest accuracy reported by Chauvie et al. [32] at 100% and the lowest by Wu et al. [27] at 77.8%. These variations may be attributed to differences in study design, quality, AI architecture, and patient populations. A possible explanation for the high accuracy achieved by Chauvie et al. [32] is the use of a random forest neural network (RFNN) in combination with Lung CT Screening Reporting & Data System (RADS) images, which may have improved the detection of malignant and benign lesions.



In comparing our findings with other studies, Narshullah et al. [35] reported an overall accuracy of 94.7% using a deep learning model for lung cancer diagnosis. This is consistent with the high accuracy results reported by Khan et al. [29] and Kumar et al. [34] in our analysis, both of which used support vector machine (SVM) models. Additionally, Ardila et al. [36] found that a deep learning model outperformed expert radiologists in detecting lung cancer, achieving an area under the curve (AUC) of 0.94 compared to 0.88 for human experts. This supports the findings of Petousis et al. [30], who reported a high true positive rate for their AI architecture, despite the relatively low specificity.



The selected studies were conducted in different countries and employed a range of ML architectures, including ANN, EDM, PNN, SVM, POMDP, and RFNN. The findings from these studies were generally promising, demonstrating the potential of AI as a tool for lung cancer diagnosis. Our results are consistent with the growing body of evidence that supports the use of AI for lung cancer detection and classification. For instance, Ardila et al. reported a deep learning algorithm that achieved an area under the curve (AUC) of 94.4% for lung cancer detection on low-dose computed tomography (LDCT) scans [36]. Similarly, a study by Nam et al. showed that a deep-learning-based nodule detection model had a sensitivity of 93.8% and a specificity of 87.4% [37]. These findings indicate that AI architectures have the potential to achieve high diagnostic accuracy in lung cancer detection.



The sensitivity and specificity of the ML architectures in our analysis ranged from 81% [34] to 99% [29] and 46% [30] to 100% [32], respectively. This variation may be attributed to differences in study design, data quality, and the type of ML architecture used. For example, Chauvie et al. [32] achieved a high specificity of 1.00 and an impressive 100% accuracy using the RFNN architecture, while Petousis et al. [30] reported a relatively low specificity of 0.46 using the POMDP architecture. These results suggest that the choice of ML architecture may impact the diagnostic performance of AI systems.



Another study compared the diagnostic performance of two AI methods and found that machine learning was superior to deep learning in early lung cancer detection from medical imaging. The results of deep learning had a sensitivity of 83.7% and a specificity of 82.6%, consistent with previous findings [38]. Deep learning requires large datasets for optimal performance, but some studies used smaller datasets [39,40], reducing statistical power. In cases with insufficient data, traditional machine learning was preferable for accurately detecting lung cancer, although deep learning still held potential for clinical applications with comparable diagnostic accuracy [41].



Deep learning algorithms have been of high interest lately, and various studies attempted to determine their utility as diagnostic tools. In one study [42], the authors compared a deep learning model with an SVM model, which had been widely used in disease prediction, as well as in three of the studies included in our systematic review [29,33,34]. The SVM performed poorly on high-dimensional gene expression datasets, resulting in low prediction accuracy. However, their deep learning model achieved higher accuracy and AUC scores than SVM, as it could automatically learn direct interactions and nonlinear relationships. The results confirmed deep learning’s ability to fit complex relationships without manual intervention, suggesting its increasing importance in disease diagnosis and potential for further development.



Wang et al. [43] utilized a deep learning model to predict EGFR mutation status in lung adenocarcinoma using CT images. Their model achieved an accuracy of 85.4%. In comparison to these studies that focus on deep learning AI algorithms, their findings also show the potential of deep learning AI in lung cancer detection and classification. However, our findings highlight the superiority of traditional ML when dealing with smaller and insufficient datasets. In such cases, ML architectures may be more suitable for accurately detecting lung cancer in different imaging modalities. While deep learning has demonstrated considerable potential in clinical applications, it requires larger and high-dimensional datasets for optimal diagnostic performance. Therefore, both deep learning and machine learning approaches have their merits and can be complementary depending on the available data and specific use cases.



Our findings also highlight the importance of careful evaluation and validation of AI algorithms for lung cancer diagnosis. In some studies, the ML architectures demonstrated high true positive rates but relatively low true negative rates [33], which may lead to unnecessary follow-up procedures or interventions for patients with benign lesions. Moreover, the studies used various comparison groups, such as microscopic analysis, expert radiologists’ opinions, random X-rays, and random slices from healthy lung scans, which could influence the performance evaluation of the AI systems.



The results of this systematic review not only offer an overview of the current state of machine learning AI architectures used in lung cancer detection, but also provide insights for future research directions. For AI researchers and data scientists, the performance metrics we present here could guide the selection and optimization of models in further studies. For clinicians, understanding the capabilities of these AI tools may open up new possibilities for early lung cancer detection and timely treatment, potentially improving patient outcomes. Moreover, policymakers and healthcare administrators might use this information to inform decisions about incorporating AI diagnostics into routine healthcare, potentially reducing the workload of radiologists and pathologists and improving overall healthcare efficiency.




4.2. Study Limitations and Future Directions


Our study has several limitations that should be acknowledged. First, the included studies were heterogeneous in terms of patient populations, imaging techniques, lesion types, and ML architectures used. This heterogeneity may have affected the pooled diagnostic accuracy measures, limiting the generalizability of our findings. Second, the number of studies included in our analysis was relatively small. As a result, our findings should be interpreted with caution, and further research is needed to confirm these results. Moreover, publication bias may have influenced our findings, as studies with positive results are more likely to be published than those with negative results. Additionally, the quality of the included studies varied, with some studies having a relatively small sample size or lacking clear methodological details that may have affected the reliability of our results. Although pooled data analysis can provide more robust and statistically significant insights, the current variability in methodologies, AI architectures, and evaluation metrics among the reviewed studies may limit the applicability and reliability of a pooled analysis. Finally, our study focused on the diagnostic accuracy of AI in detecting and classifying lung cancer but did not explore other important aspects, such as the impact of AI on clinical decision making, patient outcomes, or cost-effectiveness.



The potential of AI for lung cancer detection and classification is evident; however, further research is needed to optimize ML architectures and evaluate their performance in diverse patient populations. Some future research directions should include the development and validation of AI algorithms in large, multi-center studies that include diverse patient populations to ensure the generalizability of the results. Another important topic is the investigation of the optimal combination of imaging modalities, such as CT, PET, and MRI, and their integration with AI algorithms for improved lung cancer diagnosis. Other possible study hypotheses include the exploration of AI’s role in predicting treatment response, prognosis, and patient outcomes; evaluation of the cost-effectiveness of AI-based lung cancer diagnosis, including the potential reduction in unnecessary follow-up procedures or interventions for patients with benign lesions; and the assessment of the impact of AI on clinical decision making and patient–physician communication, which may lead to better patient-centered care.





5. Conclusions


This systematic review has provided a thorough evaluation of the diagnostic accuracy of machine learning AI architectures in lung cancer detection and classification with varying degrees of success, demonstrating their potential and areas for improvement. The study designs and quality varied, while the algorithms employed included ANN, EDM, PNN, SVM, POMDP, and RFNN. The AI architectures were effective in differentiating malignant from benign lesions and identifying small-cell lung cancer and non-small-cell lung cancer. Although the sensitivity, specificity, and accuracy of the AI architectures varied, promising results were demonstrated in many cases, indicating the potential of machine learning algorithms to improve lung cancer detection and classification. However, further research and optimization are needed to enhance the performance and reliability of these AI techniques in real-world settings.
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Figure 1. PRISMA flow diagram. 
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Table 1. Study characteristics.






Table 1. Study characteristics.





	Study and Author
	Country
	Study Year
	Study Design
	Study Quality





	1 [26] Dandil et al.
	Turkey
	2014
	Retrospective cohort
	Excellent



	2 [27] Wu et al.
	USA
	2017
	Retrospective cohort
	Fair



	3 [28] Wozniak et al.
	Poland
	2018
	Case–control
	Fair



	4 [29] Khan et al.
	Pakistan
	2019
	Case–control
	Good



	5 [30] Petousis et al.
	USA
	2019
	Case–control
	Good



	6 [31] Capizzi et al.
	Poland
	2020
	Case–control
	Fair



	7 [32] Chauvie et al.
	Italy
	2020
	Prospective cohort
	Good



	8 [33] Hoque et al.
	Bangladesh
	2020
	Case–control
	Fair



	9 [34] Kumar et al.
	India
	2022
	Retrospective cohort
	Fair
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Table 2. Summary of findings.






Table 2. Summary of findings.





	Study
	Number of Patients
	AI Architecture
	Comparison Group
	Type of Lesions





	1 [26] Dandil et al.
	47
	ANN
	Microscopic analysis
	SCLC



	2 [27] Wu et al.
	72
	EDM
	Random slices from healthy lung scans
	SCLC



	3 [28] Wozniak et al.
	404 for training,

100 for testing
	PNN
	Random X-rays
	Malignant vs. benign



	4 [29] Khan et al.
	84
	SVM
	Expert radiologists
	Malignant vs. benign



	5 [30] Petousis et al.
	5402
	POMDP
	Expert radiologists
	Malignant vs. benign



	6 [31] Capizzi et al.
	320 for training,

120 for testing
	PNN
	Random X-rays
	Malignant vs. benign



	7 [32] Chauvie et al.
	1594
	RFNN
	Microscopic analysis
	Malignant vs. benign



	8 [33] Hoque et al.
	78
	SVM
	Random slices from healthy lung scans
	Malignant vs. benign



	9 [34] Kumar et al.
	32
	SVM
	Expert radiologists
	NSCLC







AI—artificial intelligence; ANN—artificial neural network; NR—not reported; PNN—probabilistic neural network; EDM—entropy degradation method; SCLC—small-cell lung cancer; PNN—probabilistic neural network; SVM—support vector machine; POMDP—partially observable Markov decision process; RFNN—random forest neural network; NSCLC—non-small-cell lung cancer.
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Table 3. Performance of the ML architecture.






Table 3. Performance of the ML architecture.





	Study
	TP
	TN
	FP
	FN
	Images Used for Testing





	1 [26] Dandil et al.
	24
	34
	4
	2
	128 CTs



	2 [27] Wu et al.
	30
	26
	10
	6
	12 HRCTs (100–500 slices)



	3 [28] Wozniak et al.
	40
	52
	6
	2
	100 X-rays (80 healthy)



	4 [29] Khan et al.
	383
	389
	4
	10
	CT scans



	5 [30] Petousis et al.
	31
	482
	565
	1
	LDCT



	6 [31] Capizzi et al.
	43
	68
	7
	2
	X-rays



	7 [32] Chauvie et al.
	18
	1573
	1
	2
	RADS



	8 [33] Hoque et al.
	71
	3
	3
	1
	CT scans



	9 [34] Kumar et al.
	32
	6
	2
	2
	CT scans







ML—machine learning; TP—total positive; TN—total negative; FP—false positive; FN—false negative; CT—computed tomography; HRCT—high-resolution computed tomography; LDCT—low-dose computed tomography; RADS—Lung CT Screening Reporting & Data System.
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Table 4. Other particularities of the machine learning architectures.
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	Study
	Sensitivity
	Specificity
	Accuracy
	Particularities





	1 [26] Dandil et al.
	0.92
	0.89
	92.3%
	The designed CAD system provides the segmentation of nodules on the lobes with a neural networks model of SOM and ensures classification between benign and malignant nodules with the help of ANN.



	2 [27] Wu et al.
	0.83
	0.72
	77.8%
	The algorithm makes 10 false positive predictions among 36 tests and misses 6 cases.



	3 [28] Wozniak et al.
	0.95
	0.90
	92.0%
	This method starts with the localization and extraction of the lung nodules by computing, for each pixel of the original image, the local variance obtaining an output image with the same size as the original image. The PNN architecture has a lower computational complexity, and it can detect low-contrast nodules.



	4 [29] Khan et al.
	0.97
	0.99
	98.0%
	The ML architecture consists of multiple phases that include image contrast enhancement, segmentation, and optimal feature extraction, followed by the employment of these features for training and testing of SVM.



	5 [30] Petousis et al.
	0.97
	0.46
	NR
	The ML algorithm reduced the rate of false positives yet preserved a high rate of true positives comparable to that of human experts and identified lung malignancies earlier.



	6 [31] Capizzi et al.
	0.96
	0.91
	92.5%
	The algorithm can identify nodules with a diameter ≤ 20 mm and minimal contrast.



	7 [32] Chauvie et al.
	0.90
	1.00
	100%
	Given the various radiological characteristics of nodules on CT and DTS, the lung-RADS category did not improve the diagnostic accuracy of visual examination. The neural network was the only technique to achieve a high PPV without sacrificing sensitivity, as compared with binary visual analysis, logistic regression, and random forest algorithm.



	8 [33] Hoque et al.
	0.99
	0.50
	95.0%
	The improved SVM model achieved higher accuracy in identifying regions of interest in the lung area where the cancer was localized.



	9 [34] Kumar et al.
	0.81
	0.82
	98.8%
	The SVM model achieved higher precision than KNN, naïve Bayes, and J48 classifier, with or without SMOTE.







ML—machine learning; CAD—computer-aided diagnosis; SOM—self-organizing maps; ANN—artificial neural network; SVM—support vector machine; NR—not reported; CT—computed tomography; DTS—digital tomosynthesis; RADS—Lung CT Screening Reporting & Data System; PPV—positive predictive value; KNN—K-nearest neighbors; SMOTE—synthetic minority oversampling technique.
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