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CHAPTER 1: INTRODUCTION  

Tuberculosis (TB) remains a pervasive global health challenge, claiming millions of lives 

annually and posing a substantial burden, particularly in countries like India, where it is a 

leading cause of mortality. In 2020, India reported 2.5 million cases, contributing significantly 

to the global tuberculosis caseload and mortality statistics (1). Despite concerted efforts like 

National TB Elimination Programs (NTEP), Universal Access Initiatives, usage of real time 

information management systems and the implementation of rapid diagnostics and 

standardized treatment guidelines, effective screening and timely diagnosis continue to be 

formidable obstacles in the fight against this treatable yet persistent disease. 

In response to this public health crisis, India has set ambitious targets through its National 

Tuberculosis Elimination Program to achieve “End TB Strategies” by 2025 (2). Over the past 

decade, the country has implemented various initiatives to enhance universal access to 

tuberculosis care, including mandatory case notifications, real-time information management 

systems, rapid molecular diagnostics, and standardized treatment guidelines. These initiatives 

have undoubtedly accelerated early diagnosis and treatment compliance, playing a crucial role 

in reducing morbidity and mortality associated with TB. (3) 

Several studies have delved into the costs associated with tuberculosis treatment, revealing a 

range of expenses for patients, including direct and indirect costs (3–8). The goal of reducing 

catastrophic costs to zero aligns with the End TB strategy of the World Health Organization 

and the Government of India (GoI). As per the National TB Prevalence Survey Report of 2019-

2021, the total median cost for TB diagnosis and treatment in various healthcare settings 

reflects the financial challenges faced by affected families. 

Recognizing the evolving landscape of healthcare technology, recent advancements have seen 

the integration of Artificial Intelligence (AI) into the management and treatment of diseases. 

In the context of tuberculosis screening, AI-assisted CXR interpretation has emerged as 

innovative solutions. Studies have demonstrated the potential of AI in enhancing the sensitivity 

of CXR for tuberculosis screening, a crucial development for resource-constrained regions like 

India where the ratio of radiologists to the population is low (9). AI algorithms can identify 

subtle patterns and abnormalities in chest X-rays, enabling early detection and timely 

intervention. This early detection is crucial for initiating prompt treatment and curbing the 

spread of TB. Moreover, AI provides quantitative measurements of TB-related lesions, aiding 

in monitoring disease progression and evaluating treatment efficacy. The integration of AI into 
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radiology workflows optimizes the interpretation process, allowing healthcare professionals to 

focus on complex cases. Ultimately, AI-assisted solutions have the potential to revolutionize 

TB detection in radiography, contributing to improved patient outcomes and global public 

health efforts(10–12) 

Computer-aided detection (CAD) refers to the use of specialized software to interpret 

abnormalities on chest radiographs that are suggestive of TB, a subset of AI, has shown promise 

in analyzing radiographic images for abnormalities, providing a potential solution to staffing 

issues.  

This assessment explores the transformative impact of AI-assisted CXR interpretation tool for 

tuberculosis. Beyond clinical effectiveness, considerations include safety, cost-effectiveness, 

ethical implications, societal consequences, user acceptance, interoperability and systemic 

influence. These innovations represent significant progress in diagnostic methodologies, 

offering heightened accuracy and efficiency in the challenging landscape of TB detection. 

Three interventions were set to be assessed, two related to AI assisted chest X-ray interpretation 

– qXR and Genki. A third intervention related to portable hand-held X-ray devise – Mine2In 

could not be carried out due to non-availability of data. 

Description of the AI technologies used in the study  

1. qXR, Qure.ai 

It is a product developed by a start-up Qure.ai which uses Artificial Intelligence (AI) for 

interpreting Chest X ray using Deep Learning. qXR employs AI to perform binary 

classification of Chest X-Rays as Normal/Abnormal and identifies radiological signs of TB. 

The TB model scans for indicators such as pulmonary opacity, lymph node abnormalities, 

pleural effusion, and more. A TB score accompanies findings, representing algorithm 

confidence (0-1) in detecting TB signs. A threshold is set corresponding to score and calibrated 

based on the care setting. The technology has been implemented over 1500 sites across 80 

countries. Its offline functionality, coupled with Cloud sync, ensures uninterrupted operation 

in low-bandwidth settings. Healthcare professionals has access to a dashboard to monitor 

program metrics, while the software supports major Computed Radiography (CR) and Digital 

radiography (DR) systems, including analog X-ray uploads. qXR integrates with hospital 

systems, enhancing radiology workflows.  
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Deployment and Usage: In India, qXR is deployed across 25 states, constituting a significant 

portion of total chest X-rays performed. Digital X-rays account for 90% of usage. The 

platform's monthly average exceeds 60,000 chest X-ray scans, with nearly 16,000 scans 

dedicated to TB screening. 

Figure 1. qXR tool for CXR interpretation 

It holds CDSCO approval - License Number: MFG/MD/2023/000181. Qure AI is also 

registered with UDYAM platform.  

qXR was one of the three AI Assisted CAD software mentioned in the WHO guidelines for TB 

screening and triage using chest radiographs as an alternative to Radiologist, especially in areas 

where access to radiologists is difficult.(13)  

Other international approval available for the product (Annexures -01) 

• FDA approved 510(k) cleared for Breathing tubes 

• MDD Class II A certified 

• MDR Class II B certified 

Qure. AI is deployed in the state of Maharashtra and Gujarat. In Maharashtra, there are two 

prominent government healthcare facilities actively managing patient cohorts. Indira Gandhi 

Municipal Hospital in Mira-Bhayendar and the District TB Centre in Gondia, Maharashtra. We 
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received data of 9,012 patients from both facilities. In Gujarat, Kutch District, a similar active 

site is underway. Though we have not received the data from Gujarat site. 

2. Genki, DeepTek 

Genki: Edge and Hub- AI for CXR Genki is an AI Assisted Chest X-Ray solution introduced 

by DeepTek.  It is a public health screening solution designed for screening of Tuberculosis 

and other chest conditions like Pneumonia (Covid-19 and other community acquired disease), 

Cardiomegaly, Pleural pathologies, Lung Mass and Lung Nodules etc. used for screening and 

triaging. It is compatible within any X-Ray machine like hand held, portable or general X-Ray 

machine. It can work on any off the shelf standard configuration laptop assigned to the X-ray 

machine. It provides AI assisted reading for Computed radiography (CR) and Digital 

Radiography (DR) images of any make and manufacture. 

 

Figure 2. Genki tool for CXR interpretation 

Genki has been widely used across India, Philippines, Thailand, Mongolia and several other 

regions globally. 

Key highlights of the solution 

• Enabling offline (without internet) triaging of Chest X-Ray 

• RIS to capture patient details along with symptoms, co-morbidities, vulnerabilities, AI 

results and sputum test results 

• End to End solution completing the patient communication loop 

• Responsible AI features enabling post deployment surveillance (accuracy and bias 

analysis) and threshold tuning 

• Customization of solution to fit into client workflow 
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National and International approvals 

The Genki solution has obtained international approvals from the Thai FDA and the Kenya 

Pharmacy and Poison Board. Additionally, they have got approval from US FDA - which is 

the First Organ-Based Solution (CXR Analyzer). In India, they have obtained the approval 

from CDSCO. (Annexures -02) 

For the past three years, DeepTek have actively worked in Tamil Nadu, partnering with the 

Greater Chennai Corporation. Presently, they are implementing this solution in six districts: 

Kancheepuram, Salem, Pudukkottai, Trichy, Tirunelveli, and Vellore. This initiative utilizes AI 

models in the field to screen a large at-risk population. We received data of 93,486 patients from 

all six facilities. 

In Gujarat, a collaborative effort between the Surat Municipal Corporation, Ahmedabad 

Municipal Corporation, and Alert India has established a healthcare initiative. Though, we have 

not received the data from Gujarat site. 

Role of Radiologist in TB diagnosis 

Radiologists played a crucial role in Indian healthcare by interpreting chest X-rays to detect 

tuberculosis (TB) with a reported specificity of 65.9% and sensitivity of 82% (14) Due to a 

shortage of skilled radiologists in the public healthcare system, accurately and promptly 

diagnosing TB, a disease with a substantial burden in India, posed a significant public health 

challenge. The use of AI in study findings could be one of the solutions to address this issue in 

India. 
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CHAPTER 2: OBJECTIVES 

Rationale behind the study 

In Tuberculosis, early and timely detection plays a crucial role in preventing the further 

transmission of the infection, leading to a reduction in the overall incidence and prevalence of 

TB cases. The prognosis and treatment outcomes for TB patients heavily rely on early diagnosis 

and the prompt initiation of treatment. Delays in the diagnosis or treatment, whether originating 

from patients or healthcare systems, can have detrimental effects on treatment outcomes. 

Previous studies have investigated the various reasons behind diagnostic delays, encompassing 

factors related to both patients and healthcare systems (11–14). With the substantial patient 

load in public healthcare facilities, the integration of advanced technologies like AI in CXR 

has the potential to bridge the gap and expedite the timely diagnosis and treatment of TB 

patients. 

Nevertheless, the introduction of AI interventions in CXR requires careful consideration of 

costs, as resources in public health settings are limited. To ascertain its practicality within the 

context of the Indian Public healthcare system, it is essential to conduct a cost-effectiveness 

study comparing conventional digital CXR with AI Assisted CXR tools. The study will help 

determine whether the benefits of AI in terms of improved diagnostic efficiency and early 

detection outweigh the associated costs, ensuring that AI technology can be effectively utilized 

to enhance TB diagnosis and management. 

HTA Research Question 

Are the AI-assisted CXR tools cost-effective for interpretation of TB?  

Objectives  

1. To compare the Interpretation and screening accuracy of AI Assisted CXR Interpretation 

with Manual Interpretation of CXR using Conventional Digital X-Ray Methods. 

2. To conduct a comprehensive cost-effectiveness analysis of AI Assisted CXR in comparison 

with Manual Interpretation of CXR using Conventional Digital X-Ray Methods. 
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CHAPTER 3: REVIEW OF LITERATURE 

Evidence on diagnostic accuracy and feasibility  

Multiple independent studies have explored the role of AI /CAD software in TB diagnosis and 

screening. The studies collectively suggest that AI assisted solutions such as Qure.ai-qXR and 

Deeptak-Genki software’s are offering promising potential in improving the accuracy and 

efficiency of TB screening using AI. They can assist in identifying abnormalities and may help 

in overcoming the challenges in resource-limited settings like India. 

Qure.ai qXR v2.0 software showed a strong agreement with physician interpretations (92.4% 

concordance rate) (15). Additionally, two CAD software, qXRv2, and CAD4TBv6, were 

compared to culture-confirmed pulmonary TB as the reference standard, showing non-inferior 

accuracy to WHO-recommended values. Sensitivity varied in cases of smear-negative TB and 

among gender groups, with specificity lower in men; those with previous TB, older individuals, 

and those with lower BMI(16). In a separate study evaluating 12 CAD software solutions using 

a test library of CXR images, some performed similarly to expert readers, while Qure.ai and 

Deeptak significantly outperformed an intermediate reader at an accuracy of 54.7% and 52.6% 

(14). Another retrospective case-control study found that qXR CAD software, in detecting 

pulmonary TB using microbiologically-confirmed TB as the reference standard, exhibited 

good sensitivity 71% (95% CI: 0.66-0.76) and specificity 80% (95% CI: 0.77- 0.83) surpassing 

radiologists (17).  Furthermore, an analysis comparing image quality between an ultra-portable 

X-ray system and two reference systems revealed differences in radiologist ratings, but AI 

software assessments showed no significant disparities. (18). In prison TB screening in Brazil, 

three AI algorithms performed similarly overall, and qXR meeting WHO requirements for a 

triage test at 90% sensitivity (19). Lastly, in a study in Bangladesh, five AI algorithms 

significantly outperformed radiologists in TB detection on CXRs. qXR and CAD4TB met 

WHO's Target Product Profiles (TPP) for triage tests with 90% sensitivity(10). 

These studies collectively underscore the growing role of AI in revolutionizing TB diagnosis 

and screening. Qure.ai’s AI tool displayed proficiency in interpreting CXRs, demonstrating its 

potential to assist in large-scale CXR annotation, even for complex cases like drug-resistant 

TB(20). Additionally, three Deep Learning (DL) systems, exhibited significantly enhanced 

specificities compared to radiologists (qXR:0.94, 95% CI: 0.92–0.97) reducing the need for 

Expert MTB/RIF tests by 66% while maintaining high sensitivity at 95% or better (21). 

However, challenges persist, including the cost of hardware and the scarcity of skilled 
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radiologists(22). Nevertheless, commercially available CAD solutions hold promise for TB 

programs with proper implementation guidance (23). Further studies highlighted the 

advantages of AI in TB, the comparability of AI solutions, and the critical considerations for 

CAD adoption within TB programs, offering a comprehensive view of AI’s transformative 

potential in the fight against TB (24–27). 

These findings collectively suggest that AI-assisted solutions hold promise in improving TB 

diagnosis and screening, especially in resource-limited settings, and can complement the 

expertise of radiologists. A summary of findings from the literature on evidence of AI 

interpretation is given below in table 1. 
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Table 1. Diagnostic accuracies obtained from various screening tests as reported  

Author (Year) Supported by** Comparison between 

Sensitivity 

(95% CI) 

Specificity 

(95% CI) 

Accuracy 

(95% CI) 

ROC AUC 

(95% CI) 

PR AUC 

(95% CI) 

Threshold 

/Cut-off 

Score 

PPV NPV 

 

 

Codlin et al 

(2021)  

 

 

 

 

 

 

 

 

 

 

European Commission 

Horizon 2020 IMPACT 

TB Grant and Stop TB 

Partnership’s TB REACH 

initiative, with funding 

from Global Affairs 

Canada 

Software Performance _ qXR - - - 

0.82 

(0.79–0.86) 

0.41 

(0.33–0.50) 

- - - 

Software Performance _ Genki - - - 

0.78 

(0.75–0.82) 

0.28 

(0.22–0.34) 

- - - 

AI Vs Expert reader- 30+ Yrs. 

(qXR) 

95.5% 

(90.4–98.3) 

48.7% 

(45.4–52) 

54.7% 

(51.7–57.8) 

- - 44.1 - - 

AI Vs Intermediate reader- 05+ 

Yrs. (qXR) 

82.0% 

(74.4–88.1) 

65.9% 

(62.7–69) 

67.9% 

(65.0–70.8) 

- - 76.5 - - 

AI Vs Expert reader- 30+ Yrs. 

(Genki) 

95.5% 

(90.4–98.3) 

46.3% 

(43.0–49.6) 

52.6% 

(49.5–55.7 

- - 31.1 - - 

AI Vs Intermediate reader- 05+ 

Yrs. (Genki) 

82.0% 

(74.4–88.1) 

63.2% 

(59.9–66.3) 

65.6% 

(62.6–68.5) 

- - 55.7 - 

- 
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Author (Year) Supported by** Comparison between 

Sensitivity 

(95% CI) 

Specificity 

(95% CI) 

Accuracy 

(95% CI) 

ROC AUC 

(95% CI) 

PR AUC 

(95% CI) 

Threshold 

/Cut-off 

Score 

PPV NPV 

Faiz Ahmad 

Khan et al. 

(2020) 

Canadian Institutes of 

Health Research 

microbiologically-confirmed PTB 

Vs software achieved (AI) (qXR) 

93% 

(0·89–0·95) 

75% 

(0·73–0·77) 

- 0.92 - - - - 

 

 

Madlen Nash et 

al 

(2020) (18) 

 

 

 

 

 

 

TMA Pai Endowment 

Chair at Manipal 

University 

Qure.ai (qXR) 

qXR AI Vs microbiologically-

confirmed PTB 

71% 

(66- 76) 

80% 

(77- 83) 

- 
0.81          

(0.78- 0.84) 
- - - - 

Radiologists microbiologically-

confirmed PTB 

56% 

(50- 62) 

80% 

(77- 83) 

- 
0.94         

(0.92- 0.96) 
- - - - 

PTB-related abnormalities -pleural 

effusion with AI 
- - - 

0.94         

(0.92- 0.96) 
- - - - 

PTB-related abnormalities -cavity 

with AI 
- - - 

0.84          

(0.82-0.87) 
- - - - 

PTB-related- other abnormalities - - - 
0.75             

(0.70 -0.80) 

0.94 

(0.91- 0.96) 

- - - 

Zhi Zhen Qin et 

al. (2019) (23) 

The Government of 

Canada, the Bill & 

Nepal Human Readers_ 

Senior Radiologist 

96% 

(0.89 - 0.99) 

48% 

(0.43-0.53) 

0.57 

0.94 

(0.92-0.97) 

- - - - 
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Author (Year) Supported by** Comparison between 

Sensitivity 

(95% CI) 

Specificity 

(95% CI) 

Accuracy 

(95% CI) 

ROC AUC 

(95% CI) 

PR AUC 

(95% CI) 

Threshold 

/Cut-off 

Score 

PPV NPV 

Melinda Gates 

Foundation, the United 

States Agency for 

International 

Development, and the 

National Philanthropic 

Trust. 

Qure.ai (qXR) 

Nepal _QXR AI 

97% 

(0.91-0.99) 

65% 

(0.6-0.69) 

0.7 - - - - 

Nepal Human Readers Junior 

Radiologist & Residents 

87% 

(0.79 - 0.93) 

69% 

(0.64-0.73) 

0.72 - - - - 

Nepal _QXR AI 

87% 

(0.79 - 0.93) 

81% 

(0.76-0.84) 

0.69 - - - - 

Cameroon Human Readers_ 

Radiologist 

80% 

(0.52-0.96) 

74% 

(0.71-0.78) 

0.74 - - - - 

Cameroon _QXR AI 
80%            

(0.52-0.96) 

95% 

(0.93- 0.96) 

0.94 - - - - 

Cameroon _Teleradiology 

Company 

80% 

(0.52-0.96) 

74% 

(0.71-0.77) 

0.74 - - - - 

Cameroon _QXR AI 

80% 

(0.52-0.96) 

95% 

(0.93- 0.96) 

0.94 - - - - 
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Author (Year) Supported by** Comparison between 

Sensitivity 

(95% CI) 

Specificity 

(95% CI) 

Accuracy 

(95% CI) 

ROC AUC 

(95% CI) 

PR AUC 

(95% CI) 

Threshold 

/Cut-off 

Score 

PPV NPV 

Roc01 qXR performance at 

Selected Thresholds 

88% 

(0.8-0.93) 

89% 

(0.87–0.91) 

0.86 - 0.67 - - 

Thiego Ramon 

Soares et al 

(2022) (20) 

US National Institutes of 

Health (grant numbers 

R01 AI130058 and R01 

AI149620) and the State 

Secretary of Health of 

Mato Grosso do Su 

Qure.ai (qXR) 

At 90% sensitivity, 4% prevalence 

for WHO Target Product Profile 

minimum target 

NA 

74.2 

(60.2–81.3) 

- - - - 12.7 99.4 

 

pre-defined thresholds for WHO 

Target Product Profile minimum 

target 

 

74.5 

(68.8–79.7) 

89.4 

(87.9–90.8) 

- 

0.90 

(0.88–0.92) 

- - - - 

Zhi Zhen Qin et 

al. (2021) (21) 

Government of Canada 

Qure.ai (qXR) 

Radiologists’ reading 

38·9% 

(37·3 - 40·5) 

88·9% 

(88·5 - 89·4) 

- - - 

0.91 

39.1 89 

Binary classifications-A – AI - 

97·9% 

(97·7 - 98·1) 

- - - 75.9 89.5 

Absolute difference between AI 

and 

Radiologists reading 

- 

8·9% 

(8·5 to 9·4) 

- - - 36.8 0.5 
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Author (Year) Supported by** Comparison between 

Sensitivity 

(95% CI) 

Specificity 

(95% CI) 

Accuracy 

(95% CI) 

ROC AUC 

(95% CI) 

PR AUC 

(95% CI) 

Threshold 

/Cut-off 

Score 

PPV NPV 

Radiologists’ reading 

88·5% 

(87·4- 89·5) 

62·5% 

(61·8 -63·1) 

- - - 

0.64 

30 96.8 

Binary classifications-B- AI - 

76·7% 

(76·1- 77·2) 

- - - 40.9 97.4 

Absolute difference between AI 

and 

Radiologists reading 

- 

14·2% 

(13·3-15·1) 

- - - 10.8 0.6 

Radiologists’ reading 

95·0% 

(94·3 - 95·7) 

45·7% 

(45·0 -46·4) 

- - - 

0.35 

24.2 98.1 

Binary classifications-C- AI - 

63·5% 

(62·9 - 64·2) 

- - - 32.2 98.6 

Absolute difference between AI 

and 

Radiologists reading 

- 

17·9% 

(16·9- 18·8) 

- - - 8 0.5 

Sensitivity fixed at 90%-

Comparison of AI algorithms 

against WHO’s Target Product 

90·2% 

(89·2–91·1) 

74·3% 

(73·3–74·9) 

- - - 0.6 - - 
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Author (Year) Supported by** Comparison between 

Sensitivity 

(95% CI) 

Specificity 

(95% CI) 

Accuracy 

(95% CI) 

ROC AUC 

(95% CI) 

PR AUC 

(95% CI) 

Threshold 

/Cut-off 

Score 

PPV NPV 

Specificity fixed at 70%- 

Comparison of AI algorithms 

against WHO’s Target Product 

92·6% 

(91·7–93·4) 

70·3% 

(69·6–70·9) 

- - - 0.51 - - 

Stephen John et 

al (2023) (26) 

The Stop TB 

Partnership’s TB REACH 

Initiative, through 

funding from Global 

Affairs Canada 

Qure.ai (qXR) 

Different screening combinations 

of symptoms and CXR with AI- 

Cough ≥ 2 weeks 

40% 61.5% - - - - 13.5% 87.3% 

Different screening combinations 

of symptoms and CXR with AI-

Cough OR Fever 

67.1% 29.7% - - - - 12.5% 85.5% 

Independent 

evaluation by 

Thailand Center 

of Excellence for 

Life Sciences 

(2023) (28) 

Royal College of 

Radiology Thailand 

(RCRT) 

DeepTek (Genki) 

Diagnostic efficiency of AI VS 

radiologists 
0.9455 0.9561 0.9835 0.9835 - 0.22 0.95 0.9521 

Independent 

Assessment 

Report (2020) 

(29) 

Stop TB Partnership 

DeepTek (Genki) 

Human Reader 

81.8% 

(76.6-86.3%) 

53.5% 

(51.7-54.8%) 

- - - - - - 

AI Reader 81.8% 53.4% - 0.836 - - - - 
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Author (Year) Supported by** Comparison between 

Sensitivity 

(95% CI) 

Specificity 

(95% CI) 

Accuracy 

(95% CI) 

ROC AUC 

(95% CI) 

PR AUC 

(95% CI) 

Threshold 

/Cut-off 

Score 

PPV NPV 

(76.6-86.3%) (52.1 -54.7%) 

Independent 

Assessment 

Report (2020) 

(27) 

Nanavati Hospital, 

Symbiosis Center for 

Medical Image Analysis, 

Symbiosis International 

University, and D Y Patil 

Hospital, D Y Patil 

University, Pune 

DeepTek (Genki) 

AI Vs Radiologist 

89% 

(0.87- 0.91) 

86% 

(0.85- 0.86) 

86% 

(0.85-0.86) 

- - - - - 

*WHO(28) AI or CAD Accuracy estimated Range Sensitivity at 95% CI: > 0.90 and Specificity at 95% CI: >0.70 

**Major studies included in the review are supported by various national and international origination such as: ICMR, Bill & Melinda Gates 

Foundation, Welcome Trust- UK, US National Institutes of Health, Canadian Institutes of Health Research, Royal College of Radiology Thailand 

(RCRT), European Commission Horizon 2020, IMPACT TB Grant- Canada, The Stop TB, Research institutes like – Symbiosis, DY Patil & 

Nanavati Hospital  

+ROC: Receiver operating characteristic curve, PR: Precision recall curve, AUC: Area under the curve, PPV: Positive predictive value, 

 NPV: Negative Predictive Value 
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CHAPTER 4: METHODOLOGY 

The study was a rapid HTA and it was conducted to answer the research question: whether the 

AI-assisted CXR tools cost-effective for interpretation of TB? 

The sample for the study consisted of review of records of the patients who had undergone 

Chest X ray for the screening of tuberculosis in the selected facilities via the intervention mode 

i.e. AI based CXR (Genki and quer.ai) in the past one year and the patients who had been 

screened for TB via conventional mode i.e. digital X-ray in the same facilities before the onset 

of digital intervention.  

Data collection tools and procedure 

AI intervention: The data was collected from the manufacturers regarding the costs associated 

with their respective AI interventions in a structured proforma.  

Comparator: The data concerning various costs associated with the use of the conventional 

digital CXR method were obtained from an existing study by HTA RRC at IIPHG on 

Operational Models and costing of CXR for TB Patients. 

Costs related information: The costs related data were collected from manufacturers and 

intervention sites. Both capital and implementation costs associated with the AI-assisted X-

Ray and conventional digital CXR method were collected. Capital cost included direct cost, 

developmental cost, setup cost which were annualized using useful life. The costs were 

categorized into infrastructure, furniture, machine & equipment and IT system costs. 

Implementation costs included indirect cost -fixed and recurrent cost, maintenance costs - 

software maintenance/troubleshooting cost, project activities cost, cost of confirmatory 

diagnosis, Human Resource (HR) (project/shared HR cost of the public health system), project 

activities cost, Information Education and Communication (IEC), capacity building- 

orientation training, training material/tools, cost of confirmatory diagnosis, cost associated 

with any consumables and reimbursement. 

All capital costs, including setup costs, were annualized, considering a useful life span greater 

than one year. The recurrent and fixed costs were collected and summed up to determine the 

total cost. Costs were converted to constant values and reported as annualized costs in 2022-

2023 prices. Additionally, all costs and clinical benefits were discounted at a fixed annual rate 

of 3% during that assessment period. 
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For Objective 1: To compare the Interpretation and screening accuracy of AI Assisted CXR 

Interpretation with Manual Interpretation of CXR using Conventional Digital X-Ray Methods. 

Data for the outcome parameters/ diagnostic accuracies were obtained screened from the 

previous records of the selected healthcare facilities via a semi-structured tool prepared as per 

the requirement of the study for both comparator and intervention arm. (Annexure -03) 

Calculations of the diagnostic accuracies: For calculation of the outcome measures (True 

Positive, True Negative, False Positive, False Negative) required in the study, we initially 

identified and targeted review of 6 research papers which reported clinical effectiveness of 

technologies in question. We had found four studies for qXR (Qure.AI) and one study for Genki 

(Deeptek) and one study for both (qXR and Genki) carefully selected to align indeed with our 

study objectives and predefined parameters. The previous researches were evaluated to 

calculate the pooled sensitivity and specificity of the AI assisted intervention which was used 

to calculate the diagnostic accuracies of the primary retrospective data received from the 

manufacturers. This, was then, used to derive the true negatives, true positives, false negatives, 

and false positives. This analysis was conducted based on a subset of  

Pooled diagnostic accuracy: Sensitivity and specificity are performance matrix commonly 

used in the evaluation of diagnostic tests. Pooled sensitivity and specificity were used when 

combining the results of multiple studies or data sets (29). In this study we had adopted a subset 

of 6 studies. The formulas for pooled sensitivity and specificity are based on the concept of 

weighted averages. 

1. Pooled Sensitivity (Se): 

𝑆𝑒𝑝𝑜𝑜𝑙𝑒𝑑 =  ∑ (𝑇𝑃𝑖)
𝑛

𝑖=1
/ ∑ (𝑇𝑃𝑖 + 𝐹𝑁𝑖)

𝑛

𝑖=1
 

 where: 

 n is the number of studies or data sets. 

𝑇𝑃𝑖 is the true positive count in the i-th study sample or data set. 

𝐹𝑁𝑖 is the false negative count in the i-th study sample or data set. 

2. Pooled Specificity (Sp): 

𝑆𝑝𝑝𝑜𝑜𝑙𝑒𝑑 =  ∑ (𝑇𝑁𝑖)
𝑛

𝑖=1
/ ∑ (𝑇𝑁𝑖 + 𝐹𝑃𝑖)

𝑛

𝑖=1
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where: 

𝑇𝑁𝑖 is the true negative count in the i-th study sample or data set. 

𝐹𝑃𝑖 is the false positive count in the i-th study sample or data set. 

Note: When pooling sensitivity and specificity, it’s important to consider the weights of each 

study or data set, especially if the studies have different sample sizes. Weighted averages can 

be used to give more importance to larger studies in the pooling process.(30,31) 

• The diagnostic accuracies (True Positive, True Negative, False Positive, False Negative) of 

the cases were calculated from the total number of patients as provided by the sample 

facilities.  

• For calculating the values for (TP, FP, TN and FN), pooled sensitivity and specificity values 

from the literature were used on total number of patients provided using the formulae* 

(Annexure 04). 

The diagnostic accuracy of the selected AI assisted models with conventional digital CXR 

method were used to evaluate the outcome parameters of the study. The different data variables 

used are given below. 

a) True positive: A patient diagnosed positive through screening and confirmed positive 

via the microbiological diagnostic tests. 

b) False Positive: A patient diagnosed positive through screening but confirmed negative 

via the microbiological diagnostic tests. 

c) True Negative: A patient diagnosed negative through screening and confirmed 

negative via the microbiological diagnostic tests. 

d) False Negative: A patient diagnosed negative through screening but confirmed positive 

via the microbiological diagnostic tests. 

For Objective 2: To conduct a comprehensive cost-effectiveness analysis of AI-Assisted CXR 

in comparison with manual interpretation of CXR using conventional digital X-Ray methods. 

The study utilized the decision tree analysis to assess the cost-effectiveness of the AI-assisted 

CXR interpretation tools (Quer.ai and Genki) compared to manual interpretation of CXRs 

using conventional digital X-Ray methods for detecting TB. 
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Decision Tree 

A decision tree was constructed to illustrate the method-based approaches to calculate the 

outcome (Figure 3), with branches representing the potential outcomes of the test, including 

true positive, false positive, true negative, and false negative results. The outcomes of the 

decision tree were the number of cases detected and the total costs associated with each 

approach. 

 

Figure 3. Decision tree for the study 

Cost-Effective Analysis (CEA) 

The study employed cost-effective analysis based on an economic model, conducted from a 

health system perspective. The primary objective was to ensure the efficient allocation of 

limited resources to maximize societal benefits. 

Table 2. Participants, Intervention, Comparator and Outcome of the study 

PICO Description of the components of PICO  

Population  Patients screened for potential TB-related chest pathology in the last Six 

months  

Intervention  AI-Assisted interpretation of chest X-Ray 

1. Qure.ai – qXR 

2. DeepTek – Genki 

Comparator  Manual Interpretation by Radiologist of CXR using Conventional Digital X-

Ray methods 
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Outcome  1. Diagnostic Accuracy in interpretation using AI Assisted CXR method as 

compared to conventional digital CXR. (Accurate and early detection) 

2. ICER: Cost per Case Interpreted/Screened 

 

ICER: The interventions were assessed based on cost-effectiveness thresholds. An 

intervention was considered cost-effective if its Incremental Cost-Effectiveness Ratio (ICER), 

was less than 1 time the GDP of India. If the ICER falls between 1 and 3 times the GDP, it is 

deemed cost-effective, while values exceeding 3 times the GDP are considered not cost-

effective. 

Cost per case interpreted: For ICER calculation we used natural units percentage of correct 

diagnosis or case interpreted/screened. In this study, we calculated the specific health outcome 

achieved which was defined as AI tools being used to screen positive or negative for the health 

condition. The Incremental Cost Effectiveness Ratio was the summary measure used to report 

the cost-effectiveness of competing interventions. 

Sensitivity analysis: A sensitivity analysis was performed to assess the impact of uncertainty 

in the input parameters on the results. One-way sensitivity analyses were conducted to evaluate 

the impact of changes in key parameters on the ICER. In one-way sensitivity analysis, upper 

and lower limits with 95% Confidence Interval values of the model inputs depending on the 

availability have been used and reported as tornado diagrams and the results were reported in 

a cost-effective plane.  

Willingness to Pay Threshold: The willingness to pay threshold (WTP) was considered for 

determining cost-effectiveness. Currently, a cost-effectiveness threshold (CET) for India is not 

available. So, for the purpose of this assessment, we used the one-time GDP per capita for the 

year 2022, as suggested in the Indian reference case for conducting economic evaluations in 

health technology assessments(32).  
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CHAPTER 5: RESULTS 

The result comprises of two parts: 1) Estimation of diagnostic accuracy, 2) Determining the 

cost effectiveness 

1) Estimation of diagnostic accuracy 

 

Figure 4. Forest plot based on ROC  

We calculated the overall accuracy of the reported AUC values from the primary studies 

(16-18, 20, 23) and it suggests that cumulative value of AUC is 0.820, which is statistically 

significant and indicates the overall adequate accuracy of AI assisted tools as compared to 

standard reference. The findings of the meta-analysis are robust due to lack of heterogeneity 

(I2 value is 0.000%) and there is no publication bias in it. This result suggests that, on an 

average, the AI-assisted methods in the included studies perform well in diagnosing the 

condition. (Figure 4)
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Table 3. Calculation of Diagnostic Accuracies for the included studies 

Authors  use of AI  Sampl

e Size 

Sensiti

vity  

Specif

icity  

TP* FP* FN* TN* 

For qXR (Intervention) 

Codlin et 

al, 2021 

qXR AI Vs Expert 

reader- 30 Years plus 

Experience  

1032 95.5 48.7 127 461 6 438 

Faiz khan 

et al 2020 

microbiologically-

confirmed PTB Vs 

software achieved 

(AI) 

2198 93 75 1901 38 143 115 

Madlen 

Nash et al, 

2020 

_qXR AI Vs 

microbiologically-

confirmed PTB 

929 71 80 468 54 191 216 

Qin et al, 

2019 

qXR_Nepal Human 

Readers Senior 

Radiologist 

1196 96 48 1102 25 46 23 

Qin et al, 

2021 

AI Vs Radiologist  23954 90.2 74.3 19489 603 2117 1744 

Pooled Values 29309 90.22 68.21 23088 1182 2504 2536 

For Genki (Intervention) 

Codlin et 

al, 2021 

Genki_AI Vs Expert 

reader- 30 Years plus 

Experience 

1032 82 65.9 109 307 24 592 

Independen

t evaluation 

by Thailand 

Center of 

Excellence 

for Life 

Sciences 

(2023) 

Royal College of 

Radiology Thailand 

(RCRT), 

2023_Genki_ 

Diagnostic efficiency 

of AI VS radiologists 

300 94.5 95.61 268 1 16 16 

Pooled Values 1332 90.41 66.38 377 308 40 608 

For Radiologist (Comparator)  

 Codlin et 

al, 2021 

30 years plus 

Experience 

1032 95.5 42.2 127 520 6 379 

Codlin et 

al, 2021  

05 years plus 

Experience 

1032 82 57.1 109 386 24 513 

Pooled Values 2064 88.72 49.61 236 906 30 892 
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* Theses values were derived using sensitivity and specificity estimate, except the Codin et 

al, 2021 study 

Based on our estimations, we determined the pooled sensitivity and specificity for qXR to be 

90.22% and 68.21%, respectively. Similarly, for Genki, the pooled sensitivity and specificity 

were estimated at 90.41% and 66.38%. In comparison, the comparator yielded a pooled 

sensitivity of 88.72% and a pooled specificity of 40.61% (Table 3). 

Table 4. Diagnostic accuracies as screened by the different modalities. 

Screening Results  qXR Genki  Radiologist 

Positive by AI 5308 79429 2305 

True Positive (TP) 5113 76415 2150 

False Positive (FP) 195 3014 155 

Negative by AI 973 14057 426 

False Negative (FN) 554 8106 273 

True Negative (TN) 419 5951 153 

Total Sample size  6281 93486 2731 

 

The total number of true positive cases were calculated and found to be 5113, 76415 and 2150 

respectively for qXR, Genki and Radiologist respectively. Similarly, the total number of false 

positives were found be 195, 3014 and 155 respectively.  

The total number of false negative cases were calculated and found to be 554, 8106 and 273 

respectively for qXR, Genki and Radiologist respectively. Similarly, the total number of true 

negatives were found be 419, 5951 and 153 respectively (Table 4). 
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2) Determining the cost effectiveness 

A decision tree was parameterized on MS Excel spreadsheet to estimate change in outcome and cost as a result of implementation of AI solutions 

compared to Radiologist from health system perspective. Transition probabilities were derived from secondary literature. Details of transition 

probabilities and other data used for populating the decision tree is presented below. The Table 5 & 6 shows data considered for purpose of decision 

analytic modelling in intervention and control arm. 

Table 5. Calculation of transition probabilities for intervention and control arm – qXR Qure. ai 

Transition Probabilities  Intervention and Comparator  Remarks   

Transition from  
Transition 

To  

Transition 

Probabilities  
% Source Lower 

Bounds 

Upper 

Bounds 

Remarks 

Intervention Arm: qXR   

Transition probability of 

Positive (TP+FP) 

Positive 0.85 84.51 Secondary  

0.8282 0.8620 

Pooled Sensitivity & Specificity 

from evidence synthesis 

Transition probability of 

Negative (FN+TN) 

Negative  0.15 15.49 Secondary  

0.1518 0.1580 

Pooled Sensitivity & Specificity 

from evidence synthesis 

Transition probability of 

Screened_ TP 

True Positive 0.96 96.33 Secondary  

0.9440 0.9825 

Pooled Sensitivity & Specificity 

from evidence synthesis 

Transition probability of 

Screened _ FP 

False 

Positive 

0.04 3.67 Secondary  

0.0360 0.0375 

Pooled Sensitivity & Specificity 

from evidence synthesis 

Transition probability of 

Screened _ FN 

False 

negative 

0.57 56.94 Secondary  

0.5580 0.5808 

Pooled Sensitivity & Specificity 

from evidence synthesis 

Transition probability of 

Screened_ TN 

True 

Negative  

0.43 43.06 Secondary  

0.4220 0.4392 

Pooled Sensitivity & Specificity 

from evidence synthesis 

No. of Beneficiaries No. of 

Beneficiaries  

  6281 Secondary  

0.0000 0.0000 Data from Maharashtra sites  
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Cost of Positive (TP+FP) Positive 1597.91 159791.08 Calculated  1565.9526 1629.8690 calculated based on secondary data  

Cost of Negative (FN+TN) Negative  292.91 29291.02 calculated  287.0520 298.7684 calculated based on secondary data  

Cost _Screened _TP True Positive 1539.208 153920.837 Calculated  1508.4242 1569.9925 calculated based on secondary data  

Cost _Screened _FP False 

Positive 

58.702 5870.245104 Calculated  

57.5284 59.8765 calculated based on secondary data  

Cost _Screened _FN False 

negative 

166.775 16677.51686 Calculated  

163.4397 170.1107 calculated based on secondary data  

Cost _Screened _TN True 

Negative  

126.135 12613.50102 Calculated  

123.6123 128.6577 calculated based on secondary data  

Cost of Interpretation Cost of 

Interpretation 

0.3010 30 Primary 

0.2950 0.3071 From the providers end  

Avg. Age of Cohort Age of 

cohort  

0.150 15 Secondary  

0.1470 0.1530 India TB Report 2023 

Comparator Arm: Radiologist   

Transition probability of 

Positive (TP+FP) 

Positive 0.84 84.40 Secondary  

0.8271 0.8609 

Pooled Sensitivity & Specificity 

from evidence synthesis 

Transition probability of 

Negative (FN+TN) 

Negative  0.16 15.60 Secondary  

0.1529 0.1591 

Pooled Sensitivity & Specificity 

from evidence synthesis 

Transition probability of 

Screened TP 

True Positive 0.93 93.28 Secondary  

0.9141 0.9514 

Pooled Sensitivity & Specificity 

from evidence synthesis 

Transition probability of 

Screened _ FP 

False 

Positive 

0.07 6.72 Secondary  

0.0659 0.0686 

Pooled Sensitivity & Specificity 

from evidence synthesis 

Transition probability of 

Screened _ FN 

False 

negative 

0.64 64.08 Secondary  

0.6280 0.6537 

Pooled Sensitivity & Specificity 

from evidence synthesis 

Transition probability of 

Screened_ TN 

True 

Negative  

0.36 35.92 Secondary  

0.3520 0.3663 

Pooled Sensitivity & Specificity 

from evidence synthesis 

No. of Beneficiaries No. of 

Beneficiaries  

  2731 Secondary  

0.0000 0.0000 Data from Maharashtra sites  

Cost of Positive (TP+FP) Positive 2299.00 229900.40 Calculated  2253.0239 2344.9840 calculated based on secondary data  

Cost of Negative (FN+TN) Negative  424.89 42489.18 calculated  416.3940 433.3897 calculated based on secondary data  

Cost _Screened _TP True Positive 2144.41 214441 Calculated  2101.5190 2187.2953 calculated based on secondary data  

Cost _Screened _FP False 

Positive 

154.60 15459.7 Calculated  

151.5049 157.6887 calculated based on secondary data  
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Cost _Screened _FN False 

negative 

272.29 27229.0 Calculated  

266.8440 277.7356 calculated based on secondary data  

Cost _Screened _TN True 

Negative  

152.602 15260 Calculated  

149.5500 155.6540 calculated based on secondary data  

Cost of Interpretation Cost of 

Interpretation 

0.997 100 Secondary  

0.9775 1.0173 

calculated based on secondary data 

(HTAIn RRC-IIPHG CXR costing 

study) 

Avg. Age of Cohort Age of 

cohort  

0.150 15 Secondary  

0.1470 0.1530 India TB Report 2023 

 

Table 6. Calculation of transition probabilities for intervention and control arm – Genki- DeepTek  

Transition Probabilities  Intervention and Comparator  Remarks   

Transition from  
Transition 

To  

Transition 

Probabilities  
% Source Lower 

Bounds 

Upper 

Bounds 

Remarks 

Intervention Arm: Genki    

Transition probability of 

Positive (TP+FP) 

Positive 0.85 84.96 Secondary  

0.8326 0.8666 

Pooled Sensitivity & Specificity 

from evidence synthesis 

Transition probability of 

Negative (FN+TN) 

Negative  0.15 15.04 Secondary  

0.1474 0.1534 

Pooled Sensitivity & Specificity 

from evidence synthesis 

Transition probability of 

Screened_ TP 

True Positive 0.96 96.21 Secondary  

0.9428 0.9813 

Pooled Sensitivity & Specificity 

from evidence synthesis 

Transition probability of 

Screened _ FP 

False 

Positive 

0.04 3.79 Secondary  

0.0372 0.0387 

Pooled Sensitivity & Specificity 

from evidence synthesis 

Transition probability of 

Screened _ FN 

False 

negative 

0.58 57.67 Secondary  

0.5651 0.5882 

Pooled Sensitivity & Specificity 

from evidence synthesis 

Transition probability of 

Screened_ TN 

True 

Negative  

0.42 42.33 Secondary  

0.4149 0.4318 

Pooled Sensitivity & Specificity 

from evidence synthesis 
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No. of Beneficiaries No. of 

Beneficiaries  

  93486 Secondary  

0.0000 0.0000 Data from Tamil Nadu sites  

Cost of Positive (TP+FP) Positive 17851.65 1785164.91 Calculated  

17494.6162 18208.6821 

calculated based on secondary 

data  

Cost of Negative (FN+TN) Negative  3159.31 315930.75 calculated  

3096.1213 3222.4936 

calculated based on secondary 

data  

Cost _Screened _TP True Positive 17174.253 1717425.335 Calculated  

16830.7683 17517.7384 

calculated based on secondary 

data  

Cost _Screened _FP False 

Positive 

677.396 67739.57939 Calculated  

663.8479 690.9437 

calculated based on secondary 

data  

Cost _Screened _FN False 

negative 

1821.822 182182 Calculated  

1785.3852 1858.2580 

calculated based on secondary 

data  

Cost _Screened _TN True 

Negative  

1337.486 133748.5856 Calculated  

1310.7361 1364.2356 

calculated based on secondary 

data  

Cost of Interpretation Cost of 

Interpretation 

0.225 22 Primary 

0.2203 0.2292 From the providers end  

Avg. Age of Cohort Age of 

cohort  

0.150 15 Secondary  

0.1470 0.1530 India TB Report 2023 

Comparator Arm: Radiologist   

Transition probability of 

Positive (TP+FP) 

Positive 0.84 84.40 Secondary  

0.8271 0.8609 

Pooled Sensitivity & Specificity 

from evidence synthesis 

Transition probability of 

Negative (FN+TN) 

Negative  0.16 16 Secondary  

0.1529 0.1591 

Pooled Sensitivity & Specificity 

from evidence synthesis 

Transition probability of  

Screened TP 

True Positive 0.93 93.28 Secondary  

0.9141 0.9514 

Pooled Sensitivity & Specificity 

from evidence synthesis 

Transition probability of  

Screened _ FP 

False 

Positive 

0.07 6.72 Secondary  

0.0659 0.0686 

Pooled Sensitivity & Specificity 

from evidence synthesis 

Transition probability of  

Screened _ FN 

False 

negative 

0.64 64.08 Secondary  

0.6280 0.6537 

Pooled Sensitivity & Specificity 

from evidence synthesis 

Transition probability of  

Screened_ TN 

True 

Negative  

0.36 35.92 Secondary  

0.3520 0.3663 

Pooled Sensitivity & Specificity 

from evidence synthesis 

No. of Beneficiaries No. of 

Beneficiaries  

  2731 Secondary  

0.0000 0.0000 Same comparator use 
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Cost of Positive (TP+FP) Positive 2299.00 229900.40 Calculated  

2253.0239 2344.9840 

calculated based on secondary 

data  

Cost of Negative (FN+TN) Negative  424.89 42489.18 calculated  

416.3940 433.3897 

calculated based on secondary 

data  

Cost _Screened _TP True Positive 2144.41 214441 Calculated  

2101.5190 2187.2953 

calculated based on secondary 

data  

Cost _Screened _FP False 

Positive 

154.60 15459.7 Calculated  

151.5049 157.6887 

calculated based on secondary 

data  

Cost _Screened _FN False 

negative 

272.29 27229.0 Calculated  

266.8440 277.7356 

calculated based on secondary 

data  

Cost _Screened _TN True 

Negative  

152.602 15260 Calculated  

149.5500 155.6540 

calculated based on secondary 

data  

Cost of Interpretation Cost of 

Interpretation 

0.997 100 Secondary  

0.9775 1.0173 

calculated based on secondary 

data (HTAIn RRC-IIPHG CXR 

costing study) 

Avg. Age of Cohort Age of 

cohort  

0.150 15 Secondary  

0.1470 0.1530 India TB Report 2023 
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The incremental cost of delivering AI solutions in healthcare system 

Table 7. Cost description of Radiologist 

Description Cost (INR) Remarks 

Radiologist 2,36,400 

Comparator costing adopted from the 

previous study – DHR HTAIn IIPHG 

costing study: 197000- 10 % of total 

salary - per day 11*5- read: 55 

Minutes, per day 6- 8 hour per day 

duty time 

Data entry operator 37,554 12518: 25% time to CXR 

X-ray printed 6,860 Data from 2 SDH from Maharashtra 

Grand Total 2,80,814  

No of Patients 2731 In Yr. 2021-2022 

Per Patient cost 103  

Cost per case 

interpreted/screened (after 

3% discount) 

100 

3% discount as per HTAIn user 

guidelines/Manual 

 

The cost sheet (Table 7) offers a comprehensive view of the financial aspects associated with 

delivering radiology services, the costing methodology involves adopting comparator costing 

from a previous study, with the Radiologist's cost set at INR 19,700 at 10% of the total salary 

and annualized. Other contributors to the overall cost were the data entry operator with a shared 

unit cost of INR 12,518 and X-ray printing material with a unit cost of INR 05. The Grand 

Total, representing the sum of all costs amounts to a per interpretation cost of 103. Hence, the 

per interpretation costs was found to be INR 100 at 3% discounted price.  
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Table 8. Cost sheet for qXR – AI interpretation 

Sr. 

No. 
Description 

Prod

uct 

Cost 

(INR) 
Remarks 

1 

Usage-based scan cost 

(Per scan) 

 
 

qXR 25 

This cost for the software license is 

inclusive of AI processing of Chest X-

Ray including all the operational and 

capital cost of technology. Which 

includes human resources, user 

training, deployment 

and Integration, dedicated client 

support, life cycle management, and 

cost for maintenance of 

the software. 

2 Internet connection cost 

(Shared) 
 1 

Cost provided by local service 

provider in facility  

3 X-ray Printing cost  5 Standard printing cost from facility 

 Total cost  31  

 Cost per case 

interpreted/screened (after 3% 

discount) 

 30 

3% discount as per HTAIn user 

guidelines/Manual 

 

The cost breakdown of qXR was provided through manufacturer and it is outlined as follows. 

The usage-based scan cost per scan was set at INR 25, covering the software license inclusive 

of AI processing for Chest X-Ray. This includes operational and capital expenses related to 

technology, including human resources, user training, deployment and integration, dedicated 

client support, life cycle management, and software maintenance.  

Total cost collections include the usage-based scan cost, internet connection cost, and X-ray 

printing cost, totaling INR 31. However, the discounted cost at 3% and the cost per case 

interpretation was INR 30. Details are given in the table 8. 

Note: The above-mentioned costs depict the online mode of the device. For an on-premise 

deployment in offline mode, a cost of INR 3 lakh (exclusive of tax) is applicable. The 

manufacturers were unable to provide a detailed breakup due to its proprietary nature because 

none of the x-ray units in India deployed with offline AI solution. 
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Table 9. Cost sheet for Genki – AI interpretation 

Cost description of Genki – DeepTek Solution 

Sr.  

No. 

Description Product   Cost 

(INR) 

Remarks 

1.  Cost of a solution per unit  Genki Software 

License 

1,57,608 Offline/Edge AI-based Chest X-ray 

triaging solution. It connects with any 

CR or DR machine, and can also process 

photos of analogue scans. The system 

covers two pathologies 

(Normal/Abnormal and TB) 

2.  The expected life of 

solution 

 5 Years  - Unlimited Scans for Unlimited Period- 

This is Perpetual License and our 

Assumption was applied: expected life 

of tech is maximum 5 Years 

3.  Transportation cost of the 

device  

For Genki 

Workstation by 

couriers 

5,000.00 Genki Workstation delivered 

4.  Installation & Training 

Cost  

In Person 50,000.00 Installation and training can be done 

online. In person visit is not essential 

5.  Mode of availability in 

the Field  

Offline mode  
 

The Genki solution works offline 

without the need for the internet. 

6.  Hardware: Laptop or PC Genki Workstation 16,000 The laptops or PCs needed are standard 

off-the-shelf products. They can be 

independently procured and need not be 

provided by us. Also, the solution can be 

installed on the X-ray machine 

workstation (laptop/PC) if the specs of 

the machine are adequate. our 

Assumption was applied: expected life 

of device is maximum 5 Years. 

7.  Server costing RIS-VIM Server- - 

per year per Genki 

License 

(i.e. per year per X 

Ray) 

60,000 This includes features like Centralized 

server-based scan / data aggregation and 

storage, Patient Registration, 

Vulnerability Assessment, recording of 

sputum results and comprehensive 

analytics and dashboard ensuring 

efficient execution of the screening 

programs 

Augmento + RIS-

VIM Server- per 

year per Genki 

License  

(i.e. per year per X 

Ray) 

1,10,000 In addition to the above-mentioned 

features, this includes a zero-footprint 

PACS viewer, Radiologist Review 

Mechanism, Smart Reporting, 

Notifications, and Responsible AI, 

enabling tracking of the real-world 
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performance of AI and its biases, if any, 

post-deployment. 

8.  Other hardware such as  

Wi-Fi Router 

Wi-Fi Receiver 

Extension Cord 

Networking 

Equipment  

4,500 The equipment might be essential to 

enable connectivity between the X-ray 

machine and the Genki Workstation. 

9.  Annual Maintenance cost  Genki AMC 50,000 AMC services are available as an 

optional service. 

10.  Comprehensive 

Maintenance cost   

Genki Workstation  20,000 CMC services are available as an 

optional service. 

11.  Insurance of equipment   -  

12.  Total cost of one Solution     2,83,108 All the applicable cost annualized at 

expected life 

13.   In Tamil Nadu 6 centres 

are using  

  16,98,648 
 

14.  Total Number of Patients 

from facilities   

  93486 (Year – Dec 2022- Nov 2023) 

15.  usage-based scan cost 

(Per scan) 

  18 
 

16.  X-ray Printing cost    5 Standard printing cost from facility 

a.  Total cost    23 
 

 
Cost per case 

interpreted (after 3% 

discount) 

 
22 3% discount as per HTAIn user 

guidelines/Manual 

 

The Genki Edge system integrates with various Digital X-ray machines (DX/DR/CR) without 

any additional integration costs. The total cost of the overall solution is INR 9,14,500. The 

perpetual license cost for the Genki Edge software solution is INR 7,25,000 per X-ray machine 

(Table 9). 

The license encompasses two pathologies, distinguishing between Normal/Abnormal and TB 

conditions. With an assumed lifespan of five years, the perpetual license ensures unlimited 

scans during this period. Maintenance and support provide after the first year, the maintenance 

and support cost will be INR 50,000 per year. Genki Edge hardware is a standard off the shelf 

laptop or PC that can be purchased at INR 80,000.  Server costs, including RIS-VIM Server 

and Augmento + RIS-VIM Server, contribute INR 60,000 and INR 1,10,000 per year. Other 

networking equipment’s are priced at INR 4,500, while optional maintenance services (AMC 

and CMC) are available at INR 50,000 and INR 20,000.  
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The total cost of one Genki Solution, annualized over its expected lifespan, amounts to INR 

2,83,108. Notably, in Tamil Nadu, six centres are already utilizing this solution at a cumulative 

cost of INR 16,98,648, serving a substantial patient population of 93,486. The usage-based 

scan cost is INR 23. The per case interpretation cost, after a 3% discount is INR 22.  

Cost-effectiveness Plane 

Table 10.  Incremental Cost-Effectiveness Ratio (ICER) for AI Solution for study 

Population 

ICER Values  qXR Genki 

Difference in Cost -740.29 841.02 

Difference in outcome 

Cases detected 
0.075  0.075  

ICER -9,864.77  11,286.93  

 

Cost-effective analysis for qXR and Genki are shown in Table 10. The Incremental Cost-

Effectiveness Ratio (ICER) was used as a key metric in decision modelling to assess the cost 

and outcomes. The ICER value was calculated on the basis of cost per case 

interpreted/screened. The ICER value per cases interpreted/detected for qXR INR - 9,864.77, 

with a negative difference in cost of INR 740.29 indicating the cost of qXR less than the 

conventional mode. The ICER value per cases interpreted/screened for Genki, was INR 

11,286.93 with a positive difference in cost of INR 841.02 indicating that the cost of Genki to 

be less than the conventional mode. The ICER values for both the AI assisted technologies 

were below the per capita GDP of India (2022), which was INR 1,97,440.48. Both the AI 

assisted technologies were found to have similar outcomes in terms of per cases detected 0.075.  

Both interventions were in the acceptable quadrants (q1 and q2) of cost-effective plane.  The 

ICER for qXR falls under the dominant quadrant (q2). For Genki, the ICER is found to be INR 

11,286.93 per case detected to achieve similar outcome (0.075) indicating that the intervention 

was effective but more cost-intensive. The Cost-effectiveness plane for both interventions is 

presented in Figure 5 and 6. 
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Figure 5. Cost-effectiveness Plane for qXR 

Figure 6. Cost-effectiveness Plane for Genki 

Note: The AI solution falls under the dominant quadrant, making intervention acceptable and 

preferred option.   
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One-Way Sensitivity Analysis 

In one-way sensitivity analysis, 95% CI values for utility values for the model input parameters 

were used and reported as tornado diagrams. The tornado diagram of one-way sensitivity 

analysis shows that ICER value is slightly changed when the input parameters is changed in 

multiple indicators. The ICER values are provided with corresponding lower and upper bounds 

for various parameters such as true/false positive and negative rates.  

The tornado diagram visually highlights the parameters with the most significant impact on the 

ICER, aiding in the identification of key contributors to uncertainty. As mentioned above, there 

are few factors which influence the model however, sensitivity analysis provides valuable 

insights at acceptable level for decision-makers, guiding efforts to improve parameter 

estimation and reduce uncertainty in the cost-effectiveness analysis (Figure 7 & 8). 

Figure 7. One-way sensitivity analysis for qXR 

 

Figure 8. One-way sensitivity analysis for Genki 

Threshold Analysis 
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The cost of the AI solution significantly influences the overall expenditure associated with 

implementing AI screening tool in the program. Consequently, a threshold analysis was 

conducted to determine the cost range below which purchase of the AI solution proves to be 

cost-effective. The ICER values were computed by systematically increasing the cost, and the 

point at which these ICER values cease to be cost-ineffective was found out. The resulting 

ICER values are graphically represented below (Figure 9 & 10). 

Figure 9. Threshold analysis for qXR 

 

The ICER value at the cost of INR 30 to 400 suggests that, the AI solution qXR is cost-saving 

compared to a routine care scenario. However, as the cost per screening increases, the ICER 

values turn positive, indicating a higher cost for gaining additional effectiveness. The 

acceptance threshold is met at the highest level of INR 16,910.57 suggesting that, from an 

evaluation point, the AI solution is not acceptable when the cost per screening reaches to INR 

410.  
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Figure 10. Threshold analysis for Genki 

Notably the AI solution- Genki remains cost-effective and acceptable at a cost of INR 22 (ICER 

11,286.93), with the threshold limit of per GDP capita income of India-2022 being INR 

1,97,440.48. For gaining one unit of health benefit, healthcare system can maximum spend an 

amount of INR 35. 

Major Finding 

• The Incremental Cost-Effectiveness Ratio (ICER) for qXR was found to be -9,864.77 

INR per case detected, while for Genki, it was 11,286.93 INR per case detected. Both 

ICER values are below the per capita GDP of India for the year 2022 (1,97,440.48 INR), 

indicating cost-effectiveness. 

• The ICER for qXR falls under the dominant quadrant (q2), indicating its dominance over 

routine care. For Genki, although more cost-intensive, it remains cost-effective, meeting 

the per capita GDP threshold. 

• Threshold Analysis: Indicates the cost range below which purchase of the AI solution is 

cost-effective. qXR is cost-saving compared to routine care up to INR 400 per screening 

cost. Genki will remain cost effective up to INR 35 per screening. 
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CHAPTER 6: DISCUSSION 

Our study's findings shed important light on the relative cost-effectiveness and diagnostic 

accuracy of two AI systems, qXR and Genki, when compared to radiologists.  

There are now a number of AI-based tools available for TB-CXR image interpretation (10). 

According to studies published in the literature, the use of AI in the interpretation of CXRs has 

shown promising outcomes in terms of increasing accuracy and efficiency, especially in 

resource-constrained countries like India. High percentages of concordance between expert 

interpretations and AI-assisted solutions are demonstrated(33). The strength, accuracy, and 

resource availability of new technology must be weighed against their increased price. Our 

study's goal is to ascertain how affordable AI-based technologies are for interpretation in 

relation to radiologists. 

In context to accuracy of AI based interpretation tools, we had adopted the pooled sensitivity 

and specificity from the available literature as it is well established and recorded under various 

studies. Based on our study findings, we observed that both the intervention qXR and Genki 

demonstrated high pooled sensitivity and specificity as compared to the Radiologists. 

Both the intervention falls within the acceptable quadrants q1 and q2 of cost-effective plane. 

The qXR ICER value falls under the dominant quadrant which suggests that intervention is not 

only cost effective but cost saving in comparison to routine care scenario.  

 

Limitations of the Study 

• The study’s limitations included the partial data availability, relying on manufacturer for 

the data provision, assumptions underlying in the economic model.  

• The study was undertaken from the provider’s perspective because of time limitation.  

• For assessment of cost & effect, we did not match the cases. We used secondary data from 

the user department for model inputs.   
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CHAPTER 7: CONCLUSION 

The pooled sensitivity and specificity of the intervention are 90% and 68%, respectively, which 

means that the intervention falsely misses 10% of the cases and falsely detects 30% of the 

cases. However, this meets the non-inferior accuracy as per WHO consolidated guidelines on 

systematic screening for tuberculosis. 

Both interventions fell within the acceptable cost-effectiveness range. This indicates that AI 

assisted interventions can enhance screening procedures by addressing the issue of human 

resource constraints and reducing the delays in the diagnosis and treatment initiation in 

Tuberculosis. The decision on which intervention (in NTEP diagnostic algorithm) to choose 

deceits with the policymakers. 

As it was a rapid HTA, long-term effects were not thoroughly explored. There is a scope for 

primary study to evaluate diagnostic accuracy in Indian public health settings. Future research 

should consider a broader scope to provide a more comprehensive understanding of the 

technology. 
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Annexures 01 qure.ai Approvals   

 An:1.1 CDSCO approval - Licence Number: MFG/MD/2023/000181 
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An:1.2 FDA approved (510(k) cleared for Breathing tubes 
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An: 1.3 MDD Class II A certified 
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An:1.4 MDR Class II B certified 
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An:1.5 FDA Approval: Pnuemothorax and pleural effusion 
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An:1.6 Information Security Management System ISO 27001:2013 
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An:1.7 Medical Device Quality Management System ISO 13485:2016 
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Annexures  02  DeepTek approvals  

An: 2.1 Thailand FAD approval - Importation license no: 66-2-2-2-0005907 

 



 

Page | 57  
 

An: 2.2 Kenya Registration Certification  
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An.: 2.3 US FDA Approval letter  

 

 

 



 

Page | 59  
 

An.: 2.3 CDSCO approval 
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Annexure 03 Data Collection Tools 

An.: 3.1 Tool for data collection for Intervention 
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An.: 3.2 Tool for data collection for Comparator 
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Annexure 04 Calculation of TP, FP, TN and FN 

1 True Negative (TN) = Specificity*Actual Negative 

 Actual Negative = N-Actual Positive 

 Actual Positive = Specificity *N/100 

  

2 True Positive (TP) = Sensitivity*Actual Positive 

 Actual Positive = Sensitivity *N/100 

  

3 False Negative = Actual Positives - True Positive 

 Actual Positive = Sensitivity *N/100 

  

4 False Positive = False Positive rate * Actual Negative 

 Actual Negative = N-Actual Positive 

 False Positive rate = (1 - Specificity) 

 

 


