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ABSTRACT
[bookmark: _93hl25bvj0uq]Artificial intelligence (AI)–assisted chest radiography has increasingly been utilized as a diagnostic triage tool for tuberculosis (TB) screening and molecular laboratory testing in resource-limited healthcare settings. In the Philippines, limited access to radiologists, molecular diagnostic facilities, and healthcare infrastructure in rural and geographically isolated communities continues to contribute to delayed TB diagnosis and treatment. AI-assisted chest radiography may improve diagnostic efficiency, optimize molecular testing utilization, and strengthen equitable access to healthcare services. This systematic review was conducted following the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA 2020) guidelines and was registered in PROSPERO under registration number: CRD420261395186. A comprehensive literature search was conducted across PubMed/MEDLINE, Scopus, and Web of Science, supplemented by manual searches of institutional and organizational reports. Studies published between January 2019 and March 2026 were screened according to predefined inclusion and exclusion criteria. Eligible studies evaluated AI-assisted chest radiography as a screening or triage tool for molecular diagnostic testing in rural or resource-limited settings. Data was synthesized narratively. Thirty-three studies met the inclusion criteria. The findings demonstrated that AI-assisted chest radiography consistently achieved high sensitivity for TB screening and effectively functioned as a triage mechanism for molecular diagnostic testing including GeneXpert, Truenat, and PCR assays. Several studies reported improved diagnostic yield, reduced unnecessary molecular testing, enhanced workflow efficiency, and improved treatment linkage. Portable AI-assisted chest X-ray systems also demonstrated operational feasibility in geographically isolated and disadvantaged communities. However, variability in specificity, screening thresholds, infrastructure readiness, and implementation capacity across healthcare settings remained important challenges. AI-assisted chest radiography represents a promising strategy for strengthening TB diagnostic pathways, optimizing molecular laboratory utilization, and improving equitable access to diagnostic services in resource-constrained healthcare settings. Further prospective implementation studies, cost-effectiveness analyses, and health systems evaluations are needed to support large-scale integration of AI-assisted diagnostic technologies within Philippine healthcare systems.
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INTRODUCTION
Artificial intelligence (AI) has emerged as one of the most rapidly advancing technologies in modern healthcare, particularly within the field of medical imaging. AI in radiology refers to the application of machine learning and deep learning algorithms capable of analyzing radiologic images and identifying disease-related abnormalities with minimal human intervention (Hosny et al., 2018). In chest radiography, AI systems are trained using large datasets of labeled chest X-ray images to recognize pathologic findings such as pulmonary infiltrates, nodules, consolidations, and cavitary lesions commonly associated with respiratory diseases including tuberculosis (TB) and pneumonia (Esteva et al., 2019; Pesapane et al., 2018). These technologies are increasingly integrated into healthcare systems as clinical decision-support tools that assist healthcare professionals in image interpretation, prioritization of high-risk cases, and facilitation of early diagnostic evaluation (Hanna et al., 2025).
AI-assisted chest radiography systems may function in different capacities within diagnostic pathways. Detection algorithms are primarily designed to identify radiologic abnormalities suggestive of disease, while triage algorithms prioritize patients according to the likelihood of clinically significant findings and recommend additional diagnostic testing when necessary (Gu et al., 2026; Strubchevska et al., 2024). Diagnostic support systems may also generate probability scores or classification outputs that support radiologists and clinicians in clinical decision-making (Rajpurkar et al., 2017; Topol, 2019). In recent years, AI-assisted chest radiography has increasingly been applied in infectious disease screening programs, particularly for pulmonary tuberculosis, where it serves as a triage tool to determine which individuals should undergo confirmatory molecular laboratory testing such as polymerase chain reaction (PCR), GeneXpert, and Truenat assays (Geric et al., 2023).
Tuberculosis remains a major global public health challenge and continues to disproportionately affect low- and middle-income countries where access to diagnostic services remains limited (World Health Organization, 2026). Early detection and rapid initiation of treatment are essential components of TB control strategies because delayed diagnosis contributes to continued disease transmission, poor clinical outcomes, and increased mortality (Cole et al., 2020). Molecular diagnostic tests such as Xpert MTB/RIF and other nucleic acid amplification tests have substantially improved TB diagnosis because of their high sensitivity and rapid turnaround time (Feng et al., 2025). However, access to these molecular diagnostic technologies remains uneven in many resource-constrained healthcare systems due to financial limitations, inadequate laboratory infrastructure, and shortages of trained personnel (World Health Organization, 2021).
Within this context, AI-assisted chest radiography has gained attention as a potentially scalable and cost-effective triage strategy capable of optimizing molecular laboratory utilization while improving diagnostic access in underserved settings (Raval et al., 2025). The integration of artificial intelligence into diagnostic and laboratory workflows has also demonstrated significant potential for improving diagnostic accuracy, operational efficiency, and clinical decision-making across diverse healthcare settings (Melford & O’Brien-Melford, 2026). The diagnostic performance of AI-assisted chest radiography is commonly evaluated using measures such as sensitivity, specificity, positive predictive value, negative predictive value, and area under the receiver operating characteristic curve (AUC) (Essa, 2025; Castilla et al., 2025). Additional implementation outcomes including diagnostic yield, workflow efficiency, cost-effectiveness, and reduction in unnecessary molecular testing are also important in evaluating the clinical utility of AI-assisted screening systems (Kelly et al., 2019). Diagnostic yield is particularly relevant in triage-oriented healthcare settings because it reflects the proportion of confirmed disease cases identified among individuals referred for molecular laboratory testing following AI-assisted screening (Marquez et al., 2025).
The integration of AI-assisted imaging technologies into healthcare systems may provide important benefits in low-resource settings characterized by shortages of radiologists and unequal access to healthcare services. Many low- and middle-income countries continue to face substantial gaps in diagnostic imaging infrastructure and specialist workforce distribution, resulting in delayed diagnosis and limited access to timely healthcare interventions (Frija et al., 2021). Automated chest radiograph interpretation systems may therefore support frontline healthcare providers by facilitating rapid identification of presumptive TB cases and prioritization of patients requiring confirmatory molecular testing, particularly in areas where radiologists are unavailable (World Health Organization, 2021).
These challenges are particularly relevant in the Philippines, where healthcare access remains highly uneven across urban, rural, and geographically isolated communities (Panganiban et al., 2024). Rural healthcare facilities frequently lack radiologists, advanced imaging technologies, and accessible molecular diagnostic laboratories, thereby contributing to delays in TB diagnosis and treatment initiation (Alberto et al., 2022). Molecular diagnostic services are often concentrated in urban referral centers and centralized laboratories, limiting accessibility for individuals residing in geographically isolated and disadvantaged areas (Department of Health Philippines, 2023; World Health Organization [WHO], 2018). Consequently, healthcare disparities continue to affect the efficiency of TB detection and disease management in underserved Philippine communities.
In response to these healthcare delivery challenges, AI-assisted chest radiography has emerged as a promising approach for strengthening TB screening and diagnostic triage pathways within rural and resource-constrained settings. Portable digital chest X-ray systems integrated with AI-powered computer-aided detection (CAD) software now enable rapid point-of-care screening and identification of presumptive TB cases even in geographically isolated communities (Yacat, 2024; Macpherson et al., 2025). Several implementation initiatives in the Philippines have demonstrated the operational feasibility of combining AI-assisted chest radiography with mobile molecular testing platforms such as GeneXpert and Truenat systems to improve diagnostic accessibility and reduce delays in care (Stop TB Partnership, 2024; University Research Co., 2024). These developments suggest that AI-assisted radiographic triage may strengthen healthcare delivery by optimizing molecular testing pathways and improving access to diagnostic services in underserved populations.
Despite growing international interest in AI-assisted radiologic diagnostics, existing evidence remains fragmented regarding its real-world impact on diagnostic yield, laboratory utilization, workflow efficiency, and health equity in resource-limited healthcare settings (Flores et al., 2025). Much of the available literature has focused primarily on technical algorithm development and diagnostic accuracy validation under controlled conditions rather than evaluating the broader implementation and public health implications of integrating AI-assisted chest radiography into routine healthcare delivery systems. Furthermore, limited synthesized evidence currently exists regarding the use of AI-assisted chest radiography specifically as a triage tool for molecular laboratory testing within the Philippine healthcare context (Marquez et al., 2025).
Although several international studies have demonstrated promising diagnostic performance of AI-assisted chest radiography systems, important concerns remain regarding variability in screening thresholds, healthcare infrastructure readiness, algorithmic bias, data governance, and equitable deployment in low-resource healthcare systems (Hwang et al., 2024). In addition, evidence regarding the operational effectiveness and public health impact of AI-assisted diagnostic triage in geographically isolated and disadvantaged communities remains limited. Understanding how these technologies influence diagnostic pathways and healthcare accessibility is therefore essential for informing evidence-based digital health strategies and national TB control programs.
Given these gaps in the literature, a comprehensive synthesis of available evidence is necessary to better understand the role of AI-assisted chest radiography in strengthening molecular diagnostic pathways and promoting equitable access to healthcare services in underserved communities. Evaluating its impact on diagnostic yield, workflow efficiency, and laboratory utilization is particularly important in settings where healthcare resources remain constrained and diagnostic capacity is limited.
Therefore, this systematic review aimed to evaluate the impact of AI-assisted chest radiography as a triage tool for molecular laboratory testing in rural healthcare settings in the Philippines and comparable resource-limited settings. Specifically, the study aimed to: (1) assess the diagnostic yield of AI-assisted chest radiography in identifying patients requiring molecular testing; (2) examine the effectiveness of AI-based radiographic triage in optimizing molecular laboratory testing pathways; and (3) evaluate the implications of AI-assisted diagnostic triage for improving health equity and access to diagnostic services in rural and underserved communities.
[bookmark: _aqi86nv2d9o8]




[bookmark: _79lgut6eud6c]METHODOLOGY
[bookmark: _vwhaoo8ny8qh]Study Design
This study was conducted as a systematic review following the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA 2020) guidelines to synthesize available evidence regarding the use of artificial intelligence (AI)–assisted chest radiography as a triage tool for molecular laboratory testing and its implications for diagnostic yield, workflow optimization, and health equity in rural and resource-limited healthcare settings. The review aimed to identify, evaluate, and synthesize published literature examining how AI-supported chest radiographic interpretation influences diagnostic pathways and utilization of molecular laboratory testing in underserved populations. The review protocol was registered in the International Prospective Register of Systematic Reviews (PROSPERO) under registration number: CRD420261395186.
[bookmark: _8pqpp283mvyz]Information Sources and Search Strategy
A comprehensive literature search was conducted across three major electronic databases: PubMed/MEDLINE, Scopus, and Web of Science. These databases were selected because they provide broad coverage of biomedical, radiologic, public health, and digital health research relevant to artificial intelligence and diagnostic imaging. Additional studies were identified through manual screening of reference lists from included articles as well as institutional reports, programmatic publications, and organizational documents related to AI-assisted chest radiography, tuberculosis screening, and molecular diagnostic implementation.
The search strategy combined controlled vocabulary terms and free-text keywords related to artificial intelligence, chest radiography, tuberculosis screening, molecular diagnostics, and rural healthcare delivery. An example of the search strategy used in PubMed included the following terms: (“artificial intelligence” OR “machine learning” OR “deep learning” OR AI OR “computer-aided detection”) AND (“chest radiography” OR “chest X-ray” OR radiography) AND (triage OR screening OR “case finding”) AND (“molecular testing” OR PCR OR GeneXpert OR Truenat OR “molecular diagnosis”) AND (“tuberculosis” OR TB) AND (“rural health” OR “resource-limited settings” OR “low-resource settings” OR Philippines). Equivalent Boolean operators and indexing terms were adapted for Scopus and Web of Science to ensure consistent retrieval of relevant studies across databases. Only studies published in English between January 2019 and March 2026 were considered for inclusion to capture recent developments in AI-assisted medical imaging and molecular diagnostic technologies.
[bookmark: _8l164hcy0jzn]Eligibility Criteria
Eligibility criteria were developed using the Population, Intervention, Comparator, Outcomes, and Study Design (PICOS) framework. Studies were included if they evaluated AI-assisted chest radiography, computer-aided detection systems, or deep learning–based chest X-ray interpretation tools used in clinical screening or triage settings. Eligible studies were required to examine the role of AI-based radiographic interpretation in guiding subsequent molecular diagnostic testing, including polymerase chain reaction (PCR), Xpert MTB/RIF, GeneXpert, Truenat, or other nucleic acid amplification tests. Studies reporting diagnostic outcomes such as sensitivity, specificity, area under the receiver operating characteristic curve (AUC), diagnostic yield, workflow efficiency, or healthcare accessibility outcomes were included in the review.
Studies conducted in rural, resource-limited, community-based, or low-resource healthcare settings were prioritized because of the review’s focus on health equity and diagnostic accessibility. Original research articles, implementation studies, operational studies, and credible institutional or programmatic reports published in peer-reviewed or publicly accessible sources were eligible for inclusion.
Studies were excluded if they were review articles, editorials, commentaries, conference abstracts, or letters without primary findings. Studies focusing solely on algorithm development without clinical or implementation evaluation were also excluded. Additionally, studies that did not involve chest radiography, molecular diagnostic pathways, or relevant diagnostic and implementation outcomes were excluded from the review.
[bookmark: _tqepc29nmaji]Study Selection
All retrieved records were exported into a reference management software program, and duplicate records were removed prior to screening. Titles and abstracts of identified studies were independently screened according to the predefined eligibility criteria to determine relevance to the research objectives. Full-text articles of potentially eligible studies were subsequently retrieved and assessed for final inclusion in the systematic review. Disagreements encountered during the screening and selection process were resolved through discussion and consensus among the reviewers.
The study selection process was documented using a PRISMA 2020 flow diagram. A total of 185 records were initially identified through database searches and additional sources. After removal of duplicate records, 143 studies underwent title and abstract screening. Following eligibility assessment, 33 studies met the inclusion criteria and were included in the final narrative synthesis.
[bookmark: _3np0t48pdby]Data Extraction
Data from the included studies were extracted using a standardized data extraction form developed specifically for this review. Extracted information included the first author, year of publication, country or region of study, study design, healthcare setting, sample population, type of AI system or software evaluated, imaging modality used, molecular diagnostic method employed, and reported diagnostic performance outcomes including sensitivity, specificity, and AUC. Additional information related to diagnostic yield, workflow efficiency, implementation feasibility, operational outcomes, healthcare accessibility, and implications for health equity was also extracted where available. The extracted data were organized into structured evidence tables to facilitate systematic comparison and synthesis of findings across included studies.
[bookmark: _te3ux5pl8v1a]Quality Assessment and Risk of Bias
The methodological quality and risk of bias of included diagnostic accuracy studies were assessed using the Quality Assessment of Diagnostic Accuracy Studies-2 (QUADAS-2) tool. The QUADAS-2 tool evaluates methodological quality across four domains: patient selection, index test, reference standard, and flow and timing. Each included study was assessed according to these domains to determine the reliability, validity, and applicability of the reported diagnostic performance outcomes. Implementation and operational studies that were not strictly diagnostic accuracy studies were additionally evaluated narratively according to methodological clarity, reporting completeness, implementation relevance, and consistency of outcome reporting.
[bookmark: _i37xqp47fr4t]

[bookmark: _mo1br2rq34qp]Data Synthesis
A narrative synthesis approach was employed because substantial heterogeneity existed across study designs, AI software platforms, screening thresholds, healthcare settings, implementation models, and reported outcome measures. Quantitative meta-analysis was not performed due to variability in methodologies and inconsistency in reporting diagnostic outcomes among included studies. The findings were synthesized according to key thematic domains, including diagnostic accuracy and validation of AI-assisted chest radiography, diagnostic yield and optimization of molecular testing pathways, implementation feasibility and operational outcomes, healthcare access and health equity implications, and digital health infrastructure and workflow optimization. Where comparable diagnostic performance measures were available, findings related to sensitivity, specificity, AUC, and reductions in molecular testing utilization were summarized descriptively across studies.
[bookmark: _lwjo8u4r2j70]Ethical Considerations
This study involved the review and synthesis of previously published literature and publicly accessible reports and did not involve direct participation of human subjects, collection of identifiable personal information, or patient intervention. Therefore, formal ethical approval from an institutional review board or ethics committee was not required.
The review was conducted in accordance with principles of academic integrity, transparency, and responsible research reporting. All included studies were appropriately cited and acknowledged to ensure proper attribution of original findings and avoidance of plagiarism. Ethical considerations related to the implementation of artificial intelligence in healthcare, including algorithmic bias, equitable access to diagnostic technologies, digital health disparities, and responsible deployment of AI systems in resource-limited healthcare settings, were also considered during interpretation and discussion of findings.
[bookmark: _rekambg3aumc]Reporting Standards
This systematic review was conducted and reported in accordance with the PRISMA 2020 guidelines for systematic reviews. A completed PRISMA checklist and PRISMA flow diagram were prepared and included as supplementary materials to improve transparency, reproducibility, and reporting quality of the review process. Figure 1. PRISMA flow diagram showing the study selection process for the systematic review on AI-assisted chest radiography as a triage tool for molecular laboratory testing in rural Philippine healthcare settings. Records were identified through electronic database searches in PubMed/MEDLINE, Scopus, and Web of Science. Additional records were identified through manual screening of reference lists, institutional reports, programmatic documents, and relevant organizational publications related to AI-assisted chest radiography, tuberculosis screening, and molecular diagnostic testing.
A total of 185 records were identified. Of these, 160 records were obtained from database searches and 25 records were identified through additional sources. After removal of 42 duplicate records, 143 records remained for title and abstract screening. During screening, 82 records were excluded because they were not directly related to AI-assisted chest radiography, molecular diagnostic testing, tuberculosis screening, rural healthcare, or health equity. A total of 61 full-text records were assessed for eligibility. Of these, 28 records were excluded. Reasons for exclusion included review articles or commentaries not presenting primary findings, studies focused only on algorithm development without clinical or programmatic evaluation, studies not involving chest radiography, studies without molecular diagnostic confirmation or diagnostic pathway outcomes, and studies not relevant to rural or resource-limited healthcare settings. Finally, 33 studies met the inclusion criteria and were included in the systematic review. These studies were synthesized narratively according to diagnostic accuracy and performance, implementation and programmatic outcomes, diagnostic infrastructure and digital health relevance, cost-effectiveness or modelling evidence, and broader AI-assisted radiology workflow optimization.
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Figure 1. PRISMA flow diagram showing the study selection process for the systematic review on AI-assisted chest radiography as a triage tool for molecular laboratory testing in rural Philippine healthcare settings

RESULTS
[bookmark: _z6br8gv07lr8]Philippine Studies Diagnostic Accuracy and Performance Studies
Flores et al. (2025) conducted a prospective cohort study following STARD guidelines to evaluate the diagnostic performance of qXR version 3.0 compared with radiologist interpretations for tuberculosis (TB) screening among adults in Metro Manila, Philippines. Participants underwent chest radiography and Xpert MTB/RIF molecular testing as the reference standard. qXR 3.0 demonstrated 100% sensitivity and 72.7% specificity, meeting World Health Organization (WHO) screening benchmarks. Strong concordance between AI and radiologist interpretations was observed, suggesting that AI-assisted chest radiography may help address radiologist shortages and improve TB screening capacity in the Philippines.
Marquez et al. (2025) conducted a retrospective cross-sectional analysis across four Philippine regions evaluating AI-powered computer-aided detection (AI-CAD) integrated with chest X-ray (CXR) screening for active TB case finding. Using molecular World Health Organization–recommended rapid diagnostic (mWRD) tests as the reference standard, the AI-CAD system achieved very high pseudo-sensitivity (95.6%) but lower pseudo-specificity (28.1%). Receiver operating characteristic analysis yielded an area under the curve (AUC) of 0.820. Threshold analyses demonstrated important trade-offs between reducing molecular testing burden and avoiding missed TB cases, emphasizing the importance of context-specific calibration.
Nampewo et al. (2024) retrospectively compared AI-assisted CXR interpretation with conventional human-reader interpretation within the Philippine Business for Social Progress (PBSP) active case-finding program. The AI-assisted workflow demonstrated improved operational efficiency, with a lower number needed to screen (26.3 vs. 41.5) and substantially lower patient drop-out rates (16.6% vs. 43.1%) compared with human-reader interpretation. Faster AI-generated results also contributed to higher treatment initiation rates.
Philipsen et al. (2019) evaluated automated CXR interpretation within the DetecTB program in Palawan, Philippines. Automated software interpretations were compared with physician readings using Xpert MTB/RIF confirmation. The study demonstrated favorable sensitivity and specificity for AI-assisted interpretation and highlighted the incremental diagnostic yield of combining AI with physician review.
[bookmark: _gfrhc8dwqa51]Implementation and Programmatic Studies
Stop TB Partnership (2024) implemented an intervention under the Introducing New Tools Project (iNTP) integrating ultra-portable digital chest X-ray systems, CAD4TB software, and Truenat molecular testing across geographically isolated and disadvantaged areas (GIDAs) in the Philippines. The intervention demonstrated the operational feasibility of combining AI-assisted radiography with portable molecular diagnostics for community-based TB screening and active case finding.
Lecciones et al. (2024) implemented active TB case finding in urban poor communities in Metro Manila using mobile vans equipped with AI-powered CAD chest X-ray systems integrated with primary healthcare services. Presumptive TB cases identified through symptoms or CAD-AI were referred for confirmatory molecular testing. The study highlighted the feasibility of integrating AI-assisted TB screening into broader primary healthcare delivery systems.
Dati (2025) described the implementation of AI-assisted ultra-portable chest X-ray systems in South Cotabato, Philippines, focusing on decentralized screening in rural and remote communities. The program emphasized rapid on-site screening, integration with local health systems, and improved access to TB services in underserved populations. Escosio (2026) described the deployment of an ultra-portable AI-powered X-ray system (REMEX KA6) in remote island communities in Batanes, Philippines. The battery-operated device enabled rapid point-of-care TB screening and reduced dependence on centralized hospital facilities. University Research Co. (2024) described a community-based TB screening program combining AI-assisted ultra-portable chest X-ray systems with Truenat mobile molecular testing in geographically isolated Philippine communities. The integrated workflow significantly reduced diagnostic turnaround time and improved accessibility to TB diagnostic services.
Japan International Cooperation Agency (JICA) (2023) implemented a pilot program with the Philippine Department of Health evaluating AI-assisted CAD chest X-ray screening in Muntinlupa City. The program demonstrated improved identification of presumptive TB cases and strengthened linkage to diagnostic follow-up and treatment.
Villanueva (2025) reported large-scale implementation of AI-assisted TB screening across 28 public hospitals and health centers in Luzon through a partnership between Siemens Healthineers and PBSP. AI-generated chest X-ray interpretations enabled rapid presumptive TB identification and improved diagnostic throughput in facilities with limited radiology workforce.
[bookmark: _yari85417ooc]Digital Health and Diagnostic Infrastructure Studies
Philippine Council for Health Research and Development (PCHRD) (2023) conducted qualitative descriptive analyses based on multi-stakeholder expert discussions regarding digital healthcare transformation in the Philippines. Key themes included digital infrastructure, workforce capacity, governance, telemedicine implementation, and integration of digital innovations into healthcare systems.
Alberto et al. (2022) examined the availability and accessibility of diagnostic services in the Philippines, identifying major regional disparities in infrastructure, workforce distribution, and healthcare financing. The study emphasized the importance of strengthening diagnostic systems and expanding access to imaging and laboratory technologies. Tan-Lim et al. (2025) developed Philippine guidance documents for the use of real-world evidence (RWE) in health technology assessment through systematic review and expert consultation. The study provided methodological guidance relevant to evaluating emerging technologies such as AI-assisted diagnostics.
[bookmark: _dtz6f0oeqx37]Additional Philippine AI Imaging Studies
Baltazar et al. (2021) developed and evaluated deep learning models for COVID-19 pneumonia detection using chest X-rays in the Philippines. Multiple convolutional neural network architectures achieved strong diagnostic performance, demonstrating the broader applicability of AI-assisted radiographic interpretation within Philippine healthcare settings. Carnimeo et al. (2024) conducted a community-based implementation and feasibility study in Tondo, Manila using AI-assisted CAD software for active TB case finding. Threshold calibration strategies were applied to optimize resource utilization and confirmatory GeneXpert testing. The study demonstrated operational feasibility, acceptability, and linkage-to-treatment benefits in high-burden urban communities.
[bookmark: _1xdlhuyrrhtw]International Studies Diagnostic Accuracy and Validation Studies
Qin et al. (2019) conducted a retrospective multi-site diagnostic accuracy study in Nepal and Cameroon evaluating three AI systems (CAD4TB, qXR, and Lunit INSIGHT) against Xpert MTB/RIF confirmation. All systems demonstrated high diagnostic accuracy, with AUC values ranging from 0.92 to 0.94. AI-assisted triage reduced follow-on Xpert testing by up to 66% while maintaining sensitivity above 95%. Qin et al. (2021) evaluated five commercially available AI-CAD systems for TB triage in Bangladesh using Xpert confirmation as the reference standard. qXR and CAD4TB met WHO minimum triage criteria, achieving specificity above 72% at 90% sensitivity, while reducing the need for follow-up Xpert testing by more than 50%.
Biewer et al. (2024) assessed qXR versions 3.0 and 4.0 within a hospital-based FAST strategy in Peru. qXR v4 achieved high sensitivity (0.91–0.93) but lower specificity (~0.32–0.44), supporting its use as a highly sensitive triage tool while emphasizing the need for setting-specific threshold optimization. Jiang et al. (2025) evaluated AI-powered CAD as a triage tool for pulmonary TB in China using real-world data from county- and township-level healthcare facilities. AI-CAD identified 83.9% of confirmed TB cases compared with 25.6% detected by radiologists while reducing radiologist workload by 85.5%.
Nijiati et al. (2022) evaluated deep convolutional neural network models for active pulmonary TB detection using chest X-rays in China. The ResNet model demonstrated excellent performance with 96.73% accuracy, 95.50% sensitivity, 98.05% specificity, and an AUC of 0.9944. Chiu et al. (2025) evaluated a deep learning TB detection model using chest radiographs and PCR confirmation in Taiwan. The model achieved strong internal validation performance (AUC 0.915) and demonstrated potential as a triage tool for identifying patients requiring molecular testing.
[bookmark: _u1rx1zqjs6jh]Cost-Effectiveness and Modelling Studies
Raval et al. (2025) conducted a rapid health technology assessment in India evaluating AI-assisted CXR interpretation tools (qXR and Genki). AI-assisted interpretation substantially reduced cost per interpreted case compared with radiologist interpretation and demonstrated favorable incremental cost-effectiveness ratios, supporting the economic viability of AI-assisted TB screening. Codlin et al. (2024) modeled the impact of combining AI-assisted chest radiography with sputum pooling strategies across Bangladesh, Nigeria, Vietnam, and Zambia. The optimal strategy reduced Xpert test utilization by 50.8%–61.5%, potentially expanding molecular diagnostic coverage by up to 160%.
Mandal et al. (2026) used mathematical modelling to estimate the epidemiological impact of scaling up AI-enabled ultra-portable chest X-ray systems integrated with Xpert and Truenat testing across ten high-burden Asian countries. Community-based AI-assisted screening with molecular confirmation was projected to avert approximately 9.8 million TB cases and 1.9 million deaths over ten years.
[bookmark: _dxd08wxffr5x]Implementation and Operational Studies
Eneogu et al. (2024) evaluated the Wellness on Wheels (WoW) mobile TB screening model in Nigeria integrating digital chest radiography, CAD4TB, and GeneXpert testing. Iterative refinements improved screening efficiency, treatment initiation, and diagnostic yield, highlighting the feasibility of AI-assisted mobile screening. Yang et al. (2025) published a study protocol for a cluster randomized controlled trial in China evaluating CAD-assisted chest X-ray screening within primary healthcare settings. The study aims to assess diagnostic yield, diagnostic delay, and implementation feasibility.
[bookmark: _9se6k5o1xqgm]Reviews and Methodological Studies
Hwang et al. (2024) conducted a narrative review and critical appraisal of AI-based CAD systems for TB detection using chest radiography. The review synthesized findings from real-world implementation and diagnostic studies, highlighting strong diagnostic performance while emphasizing economic, ethical, and policy considerations for scalability.
[bookmark: _ujoylv35z98w]
[bookmark: _8761u3m5j6fc]Other AI Radiology Studies Relevant to Diagnostic Workflow Optimization
Several studies outside tuberculosis (TB) screening have demonstrated the broader role of AI-assisted radiographic interpretation in improving diagnostic efficiency and workflow optimization. Ippolito et al. (2023) evaluated AI-assisted differentiation of COVID-19 pneumonia and bacterial pneumonia using chest X-rays, highlighting the potential of AI to support rapid and accurate diagnosis. Similarly, Májovský et al. (2025) demonstrated improved diagnostic accuracy among military physicians interpreting chest radiographs with AI assistance. In a real-world clinical setting, Kromrey et al. (2024) assessed concordance between AI software and radiologist diagnoses in chest radiography, showing substantial agreement between AI systems and human experts. Furthermore, Liu et al. (2026) reported improved reporting efficiency in AI-assisted chest CT interpretation using a quasi-experimental difference-in-differences design. In addition, Castilla et al. (2025) externally validated a deep learning chest radiograph triage system and demonstrated strong sensitivity and specificity for thoracic abnormality detection. Collectively, these studies support the broader applicability of AI-assisted imaging technologies in enhancing diagnostic workflows, improving efficiency, and addressing workforce limitations within healthcare systems. 

DISCUSSIONS
The findings of this systematic review demonstrate that AI-assisted chest radiography has substantial potential to strengthen tuberculosis (TB) diagnostic pathways and improve access to molecular laboratory testing in rural and resource-limited healthcare settings in the Philippines. Across both Philippine and international studies, AI-powered computer-aided detection (AI-CAD) systems consistently demonstrated high sensitivity in identifying presumptive TB cases requiring confirmatory molecular testing. These findings support previous evidence that artificial intelligence can augment radiologic interpretation and improve screening efficiency in settings with limited radiology expertise (Hosny et al., 2018; Geric et al., 2023). In the Philippine context, studies by Flores et al. (2025) and Marquez et al. (2025) demonstrated that AI-assisted chest radiography met or exceeded World Health Organization (WHO) benchmarks for TB screening tools, suggesting that AI systems may function effectively as triage mechanisms for molecular diagnostics such as Xpert MTB/RIF and Truenat testing. The consistency of these findings across geographically diverse settings indicates that AI-assisted radiographic screening may offer a scalable approach for strengthening diagnostic capacity in underserved communities.
One of the most important findings of this review was the consistently high sensitivity reported among AI-assisted chest radiography systems. High sensitivity is particularly valuable in TB screening because missed diagnoses contribute to delayed treatment initiation, continued disease transmission, and worse clinical outcomes. Several international studies included in this review, including those by Qin et al. (2019), Qin et al. (2021), and Biewer et al. (2024), demonstrated that AI-CAD systems maintained sensitivities above 90% while substantially reducing the need for follow-up molecular testing. Similarly, Flores et al. (2025) reported 100% sensitivity for qXR version 3.0 in Philippine TB screening cohorts. These findings align with previous literature indicating that deep learning–based chest radiograph interpretation systems are particularly effective in identifying radiographic abnormalities suggestive of pulmonary TB (Rajpurkar et al., 2017; Hwang et al., 2024). From a public health perspective, maximizing sensitivity is especially critical in high-burden settings such as the Philippines, where underdiagnosis remains a major challenge in TB control programs.
Despite strong sensitivity, several studies reported lower specificity among AI-assisted screening systems, particularly when thresholds were optimized to maximize case detection. Marquez et al. (2025) observed high pseudo-sensitivity but substantially lower pseudo-specificity, while Biewer et al. (2024) similarly reported reduced specificity in hospital-based screening environments. This trade-off between sensitivity and specificity is expected in triage-oriented diagnostic systems because prioritizing sensitivity inevitably increases the number of false-positive referrals for confirmatory testing. Although lower specificity may increase molecular testing demand and healthcare costs, this approach may still be clinically acceptable in resource-constrained environments where the consequences of missed TB cases are severe. The findings therefore support recommendations from the WHO (2021) emphasizing the importance of context-specific threshold calibration and local validation of AI-assisted screening tools before implementation. Threshold optimization may allow healthcare systems to balance resource utilization with diagnostic performance according to local disease prevalence and laboratory capacity.
Another major finding of this review was the potential of AI-assisted chest radiography to improve diagnostic yield and optimize molecular testing pathways. Multiple studies demonstrated that AI-assisted triage reduced unnecessary molecular testing while preserving high case detection rates. Qin et al. (2019) reported that AI-assisted triage reduced Xpert MTB/RIF utilization by up to 66% while maintaining high sensitivity. Similarly, Codlin et al. (2024) showed that integrating AI-assisted radiography with sputum pooling strategies could reduce Xpert utilization by more than 50% while expanding diagnostic coverage. In the Philippines, Nampewo et al. (2024) found that AI-assisted workflows improved operational efficiency, reduced patient drop-out rates, and increased treatment initiation compared with conventional human-reader interpretation. These findings suggest that AI-assisted triage can contribute not only to improved diagnostic accuracy but also to more efficient allocation of limited molecular diagnostic resources. In rural healthcare systems where GeneXpert or Truenat machines may be scarce, optimizing laboratory utilization is essential for sustaining equitable diagnostic access.
The findings also highlight the important role of AI-assisted chest radiography in promoting health equity in rural and geographically isolated communities. Healthcare access in the Philippines remains uneven, with many rural regions lacking radiologists, imaging infrastructure, and accessible molecular diagnostic laboratories (Alberto et al., 2022; Panganiban et al., 2024). Several implementation studies included in this review demonstrated that portable AI-assisted chest X-ray systems enabled rapid point-of-care screening in geographically isolated and disadvantaged areas (GIDAs). Programs described by Stop TB Partnership (2024), University Research Co. (2024), Dati (2025), and Escosio (2026) demonstrated that ultra-portable digital radiography systems integrated with AI-CAD software and mobile molecular testing platforms could significantly reduce diagnostic delays in underserved communities. These findings support broader evidence that digital health technologies can help bridge healthcare disparities by decentralizing diagnostic services and reducing dependence on centralized hospital infrastructure (Frija et al., 2021; PCHRD, 2023).
Beyond improving healthcare access, AI-assisted radiographic triage may also help address workforce shortages in low-resource settings. The Philippines continues to experience maldistribution of healthcare professionals, including radiologists and laboratory personnel, particularly in rural provinces (Department of Health Philippines, 2023). AI-assisted interpretation systems can provide frontline healthcare workers with rapid decision-support tools capable of identifying presumptive TB cases in settings where specialist interpretation is unavailable. Jiang et al. (2025) demonstrated that AI-CAD systems substantially reduced radiologist workload while improving case detection rates compared with conventional radiologist interpretation alone. Similarly, Nampewo et al. (2024) reported improved screening efficiency and reduced delays with AI-assisted workflows in Philippine active case-finding programs. These findings support previous studies suggesting that AI may augment rather than replace healthcare professionals by improving workflow efficiency and allowing human expertise to be directed toward more complex diagnostic tasks (Topol, 2019; Gu et al., 2026).
The operational feasibility of AI-assisted chest radiography was another important theme identified across the included studies. Multiple Philippine implementation programs demonstrated successful integration of AI-assisted chest X-ray systems within community-based TB screening initiatives, mobile clinics, and primary healthcare services. Studies by Lecciones et al. (2024), JICA (2023), and Villanueva (2025) highlighted the adaptability of AI-assisted systems across diverse healthcare settings, including urban poor communities, rural municipalities, and public hospital networks. These implementation experiences suggest that AI-assisted radiographic triage may be integrated into existing TB control programs without requiring extensive infrastructure expansion. Furthermore, the growing availability of battery-operated ultra-portable X-ray systems may improve the sustainability of screening programs in remote areas with unreliable electricity and transportation infrastructure.
The broader implications of AI-assisted imaging technologies extend beyond TB screening alone. Several studies included in this review demonstrated the applicability of AI-assisted chest imaging for other respiratory and thoracic conditions, including COVID-19 pneumonia and general thoracic abnormality detection (Baltazar et al., 2021; Ippolito et al., 2023; Castilla et al., 2025). These findings suggest that investments in AI-assisted imaging infrastructure may provide broader health system benefits by strengthening radiologic diagnostic capacity across multiple disease categories. As digital health systems continue to evolve in the Philippines, integrating AI-assisted imaging technologies into national diagnostic programs may contribute to more resilient and efficient healthcare delivery systems.
Despite these promising findings, several important limitations within the available evidence must be acknowledged. Many included studies were retrospective or observational in design, limiting the ability to establish causal relationships between AI-assisted triage and improved clinical outcomes. Considerable heterogeneity also existed across studies in terms of AI software platforms, screening thresholds, study populations, and reference standards. Additionally, several implementation reports lacked standardized reporting of diagnostic accuracy metrics or long-term patient outcomes. Few studies directly evaluated cost-effectiveness, ethical considerations, data governance issues, or patient acceptability of AI-assisted diagnostic systems in rural settings. Furthermore, most evidence focused on tuberculosis screening, limiting generalizability to other diseases requiring molecular laboratory confirmation. These limitations highlight the need for prospective implementation trials, standardized reporting frameworks, and long-term health systems evaluations in low-resource settings.
This systematic review itself also has several limitations. The review included only English-language studies published between 2023 and 2026, which may have excluded relevant earlier or non-English literature. Additionally, some Philippine implementation studies originated from programmatic reports and organizational publications rather than peer-reviewed journals, potentially increasing the risk of publication bias. Nevertheless, including these reports was important because they provided valuable real-world implementation evidence relevant to rural healthcare delivery and diagnostic equity within the Philippine setting.
The findings of this systematic review suggest that AI-assisted chest radiography represents a promising strategy for strengthening molecular diagnostic triage pathways and improving equitable access to TB diagnostic services in rural Philippine communities. By combining high diagnostic sensitivity with operational scalability, AI-assisted radiographic screening may help optimize molecular testing utilization, reduce diagnostic delays, and address healthcare workforce shortages in underserved settings. However, successful large-scale implementation will require careful threshold calibration, infrastructure investment, workforce training, governance frameworks, and continued evaluation of clinical and economic outcomes. Future research should prioritize prospective real-world implementation studies, cost-effectiveness analyses, and equity-focused evaluations to better define the long-term role of AI-assisted diagnostics in Philippine healthcare systems.
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	Table 1. Summary of Studies Included in the Systematic Review 

	Study Type
	Number of Studies (n)
	Examples of Outcomes Reported

	Diagnostic Accuracy and Validation Studies
	12
	Sensitivity, specificity, AUC, diagnostic performance

	Implementation and Operational Studies
	10
	Feasibility, workflow integration, treatment linkage, screening efficiency

	Cost-Effectiveness and Modelling Studies
	3
	Molecular test reduction, economic impact, projected TB case reduction

	Digital Health and Infrastructure Studies
	3
	Healthcare access, digital integration, workforce and infrastructure gaps

	Review and Methodological Studies
	2
	AI implementation challenges, policy considerations

	Other AI Imaging Workflow Studies
	3
	Reporting efficiency, workflow optimization, radiologist concordance

	Total
	33
	













Table 2. Types of Studies Included in the Review 

	Characteristic
	Findings

	Main Disease Focus
	Tuberculosis (TB)

	Imaging Modality
	Chest radiography / chest X-ray

	Common AI Systems Evaluated
	qXR, CAD4TB, Lunit INSIGHT

	Common Molecular Tests Used
	Xpert MTB/RIF, GeneXpert, PCR, Truenat

	Common Study Settings
	Rural communities, public hospitals, mobile clinics, urban poor communities

	Major Outcomes Evaluated
	Diagnostic accuracy, diagnostic yield, workflow efficiency, health equity, implementation feasibility




	Table 3. Summary and Classification of Studies Included in the Systematic Review According to Study Category, Authors, and Main Research Focus

	Category of Studies
	Authors and Year
	Main Focus

	Philippine diagnostic accuracy and performance studies
	Flores et al. (2025); Marquez et al. (2025); Nampewo et al. (2024); Philipsen et al. (2019)
	Diagnostic performance of AI-assisted chest radiography for TB screening and molecular testing triage

	Philippine implementation and programmatic studies
	Stop TB Partnership (2024); Lecciones et al. (2024); Dati (2025); Escosio (2026); University Research Co. (2024); JICA (2023); Villanueva (2025)
	Operational feasibility, mobile screening, community-based TB detection, rural healthcare access

	Philippine digital health and infrastructure studies
	PCHRD (2023); Alberto et al. (2022); Tan-Lim et al. (2025)
	Diagnostic infrastructure, digital health integration, healthcare accessibility

	Additional Philippine AI imaging studies
	Baltazar et al. (2021); Carnimeo et al. (2024)
	AI-assisted chest imaging applications and workflow optimization

	International diagnostic accuracy and validation studies
	Qin et al. (2019); Qin et al. (2021); Biewer et al. (2024); Jiang et al. (2025); Nijiati et al. (2022); Chiu et al. (2025)
	Sensitivity, specificity, AUC, AI-CAD validation for TB triage

	International cost-effectiveness and modelling studies
	Raval et al. (2025); Codlin et al. (2024); Mandal et al. (2026)
	Resource optimization, molecular testing reduction, epidemiological impact

	International implementation and operational studies
	Eneogu et al. (2024); Yang et al. (2025)
	Mobile AI-assisted screening and implementation feasibility

	Reviews and methodological studies
	Hwang et al. (2024)
	AI-assisted TB detection and policy implications

	Other AI radiology workflow studies
	Ippolito et al. (2023); Májovský et al. (2025); Kromrey et al. (2024); Liu et al. (2026); Castilla et al. (2025)
	Diagnostic workflow optimization, reporting efficiency, radiologist concordance

	Total Studies Synthesized
	33 studies
	AI-assisted chest radiography and molecular diagnostic triage
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