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Abstract: Tuberculosis is a preventable and curable disease, however, it remains as the second leading 

cause of death worldwide. Systematic screening for TB is one of the key active approaches of the End 

TB Strategy. However, conventional tools for TB screening have some limitations. AI-based 

algorithms could be developed, which can help in improving the performance of conventional 

screening methods. This study intends to evaluate the diagnostic test accuracy of AI-assisted PTB 

screening tools by meta-analyzing existing literature, and comparison of sensitivity and specificity, as 

well as assessment of factors which may influence the diagnostic performance of AI-assisted TB 

screening tools. Literature search was done through electronic databases, reference tracking, and 

library search. The Preferred Reporting of Items for Systematic Reviews and Meta-Analysis 

(PRISMA) flow diagram was used to report the selection and screening of relevant studies between 

2014 to 2024. A final count of 31 studies were included in this analysis. Quality assessment was done 

through the use of QUADAS-C tool. Meta analysis was done through RevMan 5.4.1 and STATA 17. 

Sensitivity and specificity were used in this analysis. A subgroup analysis was also conducted. The 

AI-assisted screening tools for pulmonary tuberculosis showed a pooled sensitivity of 93.84% (95% 

CI: 90.88-95.88) and 83.27% (95% CI: 73.41-89.97), and a diagnostic odds ratio (DOR) of 75.829 

(95% CI: 33.19-173.23). Machine Learning (ML) algorithms yielded the highest sensitivity and 

specificity at 95.06% (95% CI:83.57-98.64) and 91.01% (95% CI: 76.76-96.88) respectively among 

the AI algorithm subgroup. The results of the meta-analysis done show that AI-assisted screening tools 

for pulmonary tuberculosis are viable options to improve screening for pulmonary tuberculosis. More 

robust, multi-center clinical studies regarding the diagnostic accuracy of these AI-assisted tools must 

be conducted in order to ensure a more valid and generalizable study. 
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Introduction 

Pulmonary Tuberculosis (PTB) is a highly contagious disease caused by Mycobacterium tuberculosis, 

leading to 7.5 million new cases globally in 2022. (World Health Organization, 2023) It 

disproportionately affects marginalized populations and is prevalent in 30 high-burden countries, 

including the Philippines, where significant cases go undetected. (Natarajan et al, 2020) Current TB 

screening tools have limitations, such as suboptimal sensitivity in sputum smear microscopy and the 

need for trained personnel for chest X-rays. (U.S. Aid for International Development, 2022) Artificial 

intelligence (AI) presents a promising alternative. However, challenges remain, including the need for 

diverse training datasets and integration into existing healthcare systems for optimal performance. 

(Alsdurf et al, 2021) Future research should address these gaps to improve TB detection and 

management. This study intends to compare AI-assisted PTB screening tools with conventional PTB 

screening tools by meta-analyzing existing literature. 
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Materials and Methods  

This study utilizes a meta-analysis design to assess the efficacy of artificial intelligence (AI) screening 

methods for pulmonary tuberculosis (PTB) in low- and middle-income countries (LMICs), where the 

illness is disproportionately prevalent. These countries frequently have limited healthcare resources, 

thus reliable and cost-effective screening approaches are critical for improving public health outcomes. 

This study intends to address the critical need for improved diagnostic approaches in areas such as the 

LMICs where traditional methods may underperform.  

The study consists of randomized controlled trials and observational studies that focus on high-risk 

groups or suspected tuberculosis cases, with interventions provided by AI-based systems such as 

machine learning and deep learning. Conventional screening methods like symptom assessment, chest 

radiography, and WHO-recommended diagnostic tests are used as comparators. The primary outcomes 

to be evaluated are diagnostic performance indicators such as sensitivity, specificity, positive predictive 

value (PPV), and negative predictive value (NPV). Studies published in English or with official English 

translations throughout the last decade (July 2014 to July 2024) are included, however case reports, 

editorials, and studies lacking original data or relevant performance metrics are excluded. 

A thorough literature search was conducted across numerous electronic databases, including 

PubMed/MEDLINE and ScienceDirect, in search of relevant research published between 2014 and 

2024. The search method used a combination of keywords and medical subject headings in accordance 

with PRISMA guidelines. Additional papers were discovered through reference searches. To collect 

information on study characteristics, intervention details, and outcome measures, data was extracted 

using a standardized form. The data were analyzed using RevMan 5.4.1 software, and the risk of bias 

was assessed using the QUADAS-C tool. To guarantee consistency and generalizability, the study will 

include pooled estimates of diagnostic performance parameters as well as subgroup analyses. 

A Certificate of Exemption from Review was granted due to the study's use of publicly available data. 

This study intends to benefit marginalized groups by offering insights that can help enhance healthcare 

treatments in these vulnerable communities. 

Results and Discussion  

The systematic review process, based on the PRISMA guidelines, began with a search of 80,648 papers 

from databases such as PubMed and ScienceDirect. After removing 124 duplicates, 44,193 studies were 

deemed ineligible due to criteria like language and publication date. An additional 34,377 studies were 

irrelevant, leaving 1,954 for title and abstract screening. Of these, 1,839 were excluded as irrelevant. 

The reviewers retrieved full-text copies of 132 studies, but 17 were inaccessible. Ultimately, 115 articles 

were screened, with 2 lacking a conventional TB comparator, and 78 studies from non-low and middle-

income countries were excluded, focusing the review on relevant research. The review includes 31 

suitable articles chosen based on predetermined inclusion and exclusion criteria. The studies' designs 

vary, with 19 cross-sectional studies, 6 cohort studies, 1 case-control study, 2 retrospective multicenter 

trials, 1 experimental study, 1 comparative effectiveness research study, and one computational 
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analysis. This variety of study types provides an extensive overview of the efficacy of AI-assisted 

systems for pulmonary tuberculosis (PTB) screening.  

All included studies were conducted in low- and middle-income countries (LMICs), reflecting the 

global burden of tuberculosis in regions with limited healthcare resources. The majority of the studies 

originated from India (10 studies), followed by Pakistan (6 studies) and Tanzania (3 studies), with 

additional studies conducted in Nepal, Zambia, the Philippines, Bangladesh, Cambodia, Gambia, Sri 

Lanka, and Vietnam. The participant demographics varied, with sample sizes ranging from 104 to 

23,954, primarily focusing on individuals presumed to have TB through symptom-based screening or 

healthcare referrals. Some studies also targeted high-risk populations, including people living with HIV, 

patients with diabetes mellitus, prisoners, and migrants. Benchmark datasets, notably Montgomery 

County (MC) and Shenzhen (SZ), were commonly used in six studies.  

The majority of studies (87.10%) used chest X-rays (CXR) as the primary diagnostic method for PTB. 

Other diagnostic procedures included culture analysis, sputum analysis, and WHO-recommended tests 

such as the Xpert MTB/Rif. The AI models utilized in these studies were divided into two categories: 

Deep Learning (DL) and Machine Learning (ML), with 24 investigations using DL methods. Notable 

AI tools included the CAD4TB software, which was evaluated in 12 investigations, and Convolutional 

Neural Networks (CNN), which were investigated in five studies. Additional AI tools used included 

Normalization Free Network (NFNet), Egret Swarm Optimization Algorithm, and Adapted Monarch 

Butterfly Optimization Integrated Deep Belief Network. Most studies compared AI-assisted screening 

tools against human readers for CXR (25 studies), while others used Xpert MTB/Rif, culture, or sputum 

analysis as comparators.  

The quality of the included studies was assessed using the QUADAS-C tool, which evaluates risk of 

bias across four domains: patient selection, index test, reference standard, and flow and timing. This 

assessment identified a high or uncertain risk of bias in over half of the studies, highlighting 

inconsistencies in reporting and the need for improved quality assessment tools tailored for AI-based 

diagnostic accuracy studies. A comprehensive review of existing literature indicated significant risks of 

bias across multiple domains. A high or unknown risk of bias was identified in 57.5% of the patient 

selection domain and 26% of the index test domain. The challenges that health systems encounter in 

achieving diagnostic needs were highlighted, with an emphasis on AI systems as complementary 

diagnostic tools and an acknowledgement of the lack of comprehensive quality assessment standards 

for AI investigations. Furthermore, the need for prospective research to prove AI diagnostic 

effectiveness while eliminating bias reporting was emphasized. The included studies exhibited various 

biases, with 28 classified as having an uncertain risk of bias. Only two studies showed low risk, while 

one showed significant risk due to insufficient patient screening criteria and inconsistent reporting on 

participant flow. A total of 20 studies were flagged for selection bias, with three assessed as high risk. 

Concerns were raised about the clarity of patient recruitment and selection criteria in some research, 

underlining the need of well-defined techniques for improving study validity. Measurement bias was 

observed in studies that lacked explicit validation protocols, potentially compromising the 

reproducibility of results. Variability in diagnostic performance was observed when multiple CAD 

software were used, resulting in discrepancies. Verification bias was also found in research that lacked 

comprehensive discussion on the limitations of reference standards utilized by AI systems, which could 
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affect diagnostic accuracy. Timing bias was prevalent in 25 studies that lacked clear reporting on 

participant flow and timing of tests. Several studies were classified as high risk due to insufficient 

information on when tests were administered and whether all individuals were evaluated using the same 

reference standard. A lack of detailed explanations for patient exclusions raised concerns about the 

findings' reliability. A meta-analysis was conducted to compare the diagnostic accuracy of AI-assisted 

screening tools for pulmonary tuberculosis (PTB) to traditional screening approaches. The AI tools 

evaluated include those that use Deep Learning (DL) and Machine Learning (ML) algorithms, whereas 

conventional standards specified by the WHO include symptom screening, chest radiography, and other 

diagnostic procedures. Using Review Manager 5.4.1 and STATA version 17, the meta-analysis 

demonstrated a pooled sensitivity of 93.84% (95% CI: 90.88-95.88) and specificity of 83.27% (95% 

CI: 73.41-89.97) for AI-assisted tools. Notably, the results using STATA, which uses a bivariate model 

to account for study heterogeneity, differed slightly from those obtained with RevMan due to the latter's 

simpler pooling procedures. Recalculating the pooled sensitivity and specificity in Microsoft Excel 

yielded estimates of 91.57% (95% CI: 91.12–91.93) and 74.17% (95% CI: 73.80–74.17), respectively, 

demonstrating how the bivariate model accounts for variation between studies. The bivariate analysis 

yielded important parameter estimates. The estimated log odds ratio for sensitivity was 2.72 (95% CI: 

2.30-3.15), indicating accurate detection of true positives, while the log odds ratio for specificity was 

1.60 (95% CI: 1.02-2.19), indicating the test's ability to detect true negatives. Variance in sensitivity 

and specificity suggested moderate variability across studies. The correlation between sensitivity and 

specificity was determined to be 0.34 (95% confidence interval: -0.04-0.63), illustrating a moderately 

positive association. The diagnostic odds ratio (DOR) was calculated to be 75.829 (95% CI: 33.19-

173.23), indicating the tests' significant discriminatory capacity. However, DOR values must be 

interpreted cautiously, as they do not account for false negatives and false positives. Subgroup analyses 

were performed based on AI algorithms and diagnostic modalities.  

Pooled sensitivity in studies utilizing ML algorithms was 95.06% (95% CI: 83.57-98.64), while 

specificity was 91.01% (95% CI: 76.76-96.88). In contrast, studies using DL algorithms demonstrated 

a pooled sensitivity of 93.99% (95% CI: 90.49-96.26) and specificity of 80.27% (95% CI: 67.12-89.03). 

For studies that used a combination of algorithms, pooled sensitivity and specificity were 90.48% (95% 

CI: 88.26-92.70) and 89.06% (95% CI: 86.74-91.38), respectively. 

Further subgroup analysis was carried out using diagnostic samples. The sensitivity of chest X-rays 

ranged from 64% to 100%, with the pooled sensitivity and specificity estimated at 93.75% (95% CI: 

90.41-95.98) and 84.24% (95% CI: 73.53-91.14). Other diagnostic techniques, such as Xpert MTB/Rif 

and culture, showed a pooled sensitivity of 93.67% (95% CI: 85.88-97.30) and specificity of 75.42% 

(95% CI: 50.75-90.13). The majority of studies (28) were classified as having unclear risk of bias, with 

pooled sensitivity of 94.30% (95% CI: 91.14-96.37) and pooled specificity of 84.28% (95% CI: 73.68-

91.13). In studies with low risk of bias, pooled sensitivity was 89.92% (95% CI: 89.30-90.54) and 

specificity was 72.33% (95% CI: 71.50-73.16). Sensitivity analysis revealed minimal changes in pooled 

sensitivity (93.92%) and specificity (83.48%) when excluding high-risk bias studies, indicating stable 

results. The analysis also highlighted a trade-off between sensitivity and specificity, particularly when 

excluding specific AI algorithms from the analysis. This study conducted a meta-analysis to evaluate 

the diagnostic performance of AI-assisted screening tools for pulmonary tuberculosis (PTB) in low and 
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middle-income countries, analyzing 31 studies with a total of 74,430 participants. Quality assessments 

were performed using the QUADAS-C tool, revealing that AI-assisted tools achieved a pooled 

sensitivity of 93.84% and specificity of 83.27%, meeting WHO guidelines for TB screening. In 

comparison, traditional symptom screening yielded lower sensitivity (42% to 71%) and higher 

specificity (64% to 94%), while chest X-rays (CXR) showed a sensitivity of 85% and specificity of 

96%. The molecular test Xpert MTB/Rif had a sensitivity of 69% and specificity of 99%.35 Among 

diagnostic modalities, CXR and other samples showed similar sensitivities, but CXR had significantly 

higher specificity, with Machine Learning algorithms demonstrating the highest sensitivity (95.06%) 

and specificity (91.01%) within the AI subgroup. A comprehensive evaluation of published studies 

comparing the diagnostic accuracy of AI-assisted tools for screening pulmonary tuberculosis (PTB) was 

conducted through a meta-analysis of 31 studies published between 2014 and 2024. Out of 80,648 

records identified from four online databases (EBSCOHost, PubMed, ScienceDirect, and ELibrary 

USA), these studies were selected to assess performance metrics such as sensitivity, specificity, 

negative predictive value (NPV), and positive predictive value (PPV). AI-assisted screening tools for 

pulmonary tuberculosis (PTB) have the potential to enhance existing conventional screening methods, 

particularly in resource-poor areas with limited healthcare access. These tools can provide point-of-care 

access to disadvantaged populations and help healthcare workers manage more patients efficiently, 

thereby maximizing the effectiveness of TB screening programs. However, the results indicate that 

various AI-assisted tools exhibit different sensitivity and specificity relationships, highlighting the 

necessity for careful assessment of methodologies when selecting and implementing these tools to 

ensure optimal diagnostic accuracy for specific populations. Despite these promising developments, 

there are limitations to the current research. More comprehensive studies are essential to minimize bias 

in evaluating the diagnostic accuracy of evolving AI-assisted tools. Additionally, investigations into 

turnaround times and cost-effectiveness are crucial for health economists and policymakers in designing 

effective TB screening programs.37,38 The lack of detailed demographic data in many studies included 

in the meta-analysis also underscores the need for further research to explore differences in 

effectiveness across diverse populations, as the characteristics of study participants were often not 

explicitly described.  

Conclusion 

The meta-analysis indicates that AI-assisted screening tools for pulmonary tuberculosis (PTB) are 

promising options for enhancing screening processes, particularly in high-risk populations within 

resource-poor areas, such as the Philippines. To improve the validity and generalizability of these 

findings, more robust multi-center clinical studies are necessary to minimize potential biases. A 

thorough review and quality assessment of the studies are essential, focusing on key domains such as 

patient selection and the flow and timing of diagnostic tests, as suggested by the QUADAS-C 

framework. The insights gained from this study could inform the implementation of TB screening 

programs in vulnerable populations, ultimately aiming to reduce morbidity and mortality associated 

with tuberculosis. To effectively integrate AI-assisted screening tools into clinical practice, it is crucial 

to provide proper training and technical support to healthcare workers, especially those in grassroots 

settings. Future research should focus on the diagnostic accuracy of these tools across diverse 

demographics, geographical areas, and clinical contexts, as well as their long-term impact on patient 



 Santos CBT. et al., / Comparative Evaluation of the Diagnostic Accuracy of ………  

140 

 

outcomes and cost-effectiveness. Collaborative efforts among health researchers, professionals, and AI 

developers could refine AI algorithms for tuberculosis screening. Additionally, adequate resource 

allocation from governments and NGOs is vital for the development and implementation of these tools. 

Establishing evidence-based guidelines for the use of AI-assisted tools and conducting long-term 

evaluations will ensure their safety and effectiveness, ultimately contributing to the WHO's goal of a 

TB-free world. 
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