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Tuberculosis was the leading cause of death among in-
fectious diseases globally until the advent of the CO-

VID-19 pandemic (1). The World Health Organization 
(WHO)’s “End TB Strategy” targets a 95% reduction in 
the number of tuberculosis deaths and a 90% reduction 
in tuberculosis incidence by 2035, relative to 2015 (2). 
The first milestones for 2020 were 35% and 20% reduc-
tions in tuberculosis deaths and incidence, respectively; 
however, the achieved reductions were only 5.9% and 
10%, respectively, in 2021 (1,2), underscoring the chal-
lenges in implementing effective strategies to decrease the 
global tuberculosis burden.

Because most patients with drug-sensitive tuber-
culosis can be treated successfully with standardized 
regimens (2), prompt tuberculosis detection and sys-
tematic screening of high-risk groups for tuberculosis 
are integral components of the WHO’s strategies (2). 
Chest radiography can play a pivotal role in tubercu-
losis detection in low-income, resource-constrained 
countries bearing a major tuberculosis burden (3), 
but the limited availability of expert readers is a ma-
jor hurdle hampering the effective application of 
chest radiography (4,5). Artificial intelligence (AI) 
for computer-aided diagnosis (CAD) of tuberculosis 
on chest radiographs could enable a breakthrough in 
tackling constrained human resources (3,6,7). This ar-
ticle describes the role of chest radiography in tuber-
culosis management and discusses the current status 

and future perspectives of AI CAD, focusing on global 
health (Fig 1).

Overview of the Current Status of Tuberculosis 
Worldwide
The number of estimated global tuberculosis deaths 
rose to 1.6 million from 1.4 million between 2019 and 
2021, reversing the declining trend since 2000 (1). 
Meanwhile, the number of new tuberculosis diagnoses 
dropped sharply to 5.8 million from 7.1 million be-
tween 2019 and 2020, partially rising to 6.4 million in 
2021 (1). These changes, which likely reflect the nega-
tive impact of the COVID-19 pandemic, underscore 
the critical importance of identifying undiagnosed tu-
berculosis cases to reduce tuberculosis deaths.

The tuberculosis burden disproportionately af-
fects low-income countries, particularly in Africa and 
Southeast Asia, where tuberculosis mortality rates are 
much higher (approximately 40 deaths per 100 000 
population in 2021) than in the United States and 
Europe (three deaths per 100 000 population) (1). 
This global disparity can be attributed to several fac-
tors, including limited health care infrastructure and 
human resources, a shortage of diagnostic and thera-
peutic tools, a higher prevalence of comorbidities 
(such as HIV infection and malnutrition), a lack of 
adequate policies or funding, and other socioeconomic 
health determinants. Effectively addressing the global 
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minimize the gap between incident tuberculosis cases and tuber-
culosis detection and reduce the risk of community transmission 
(11). Because screening involves a large number of examina-
tions, the WHO recommends tuberculosis screening in targeted 
high-risk groups (11), such as recent contacts of patients with 
tuberculosis and incarcerated populations, considering that these 
high-risk groups provide the lowest number of screening exami-
nations needed to identify one tuberculosis case (11,12).

CAD with Deep Learning for Tuberculosis
Despite the improved availability and operability of chest radi-
ography hardware, expert readers remain limited, especially in 
resource-constrained countries (4–7). This limitation would be 
amplified for systematic screening, which involves many chest 
radiographs and often takes place outside health care institu-
tions. In this regard, automated chest radiograph interpreta-
tion using a CAD tool has emerged as an attractive option to 
scale up chest radiography–based systematic screening or tri-
age (3,6,7,12). Despite active research, CAD exhibited limited 
performance for screening or triage (13) until the rise of deep 
learning (DL), and the WHO recommended using CAD for 
research only (3).

The DL technology has led to remarkable advances in the 
automated detection of tuberculosis at chest radiography (14). 
Early studies showed accurate differentiation between chest ra-
diographs depicting tuberculosis and normal chest radiographs 
(15–17). Subsequent studies reported that DL algorithms 
showed performance similar or superior to that of expert radi-
ologists (18–20). DL algorithms also successfully distinguished 
active pulmonary tuberculosis from posttreatment changes 
(20,21) and active pulmonary tuberculosis from latent tubercu-
losis infection (22), and also depicted various imaging features of 
pulmonary tuberculosis (19,23). Some studies have found that 
the diagnostic accuracy of human readers can be enhanced when 
assisted by DL algorithms (18,22).

Diagnostic Performance in Real-World Validation
Multiple DL-based CAD tools have been approved for clinical 
use and have entered the market (Table S1). However, excellent 
performance in early validation does not necessarily guaran-
tee real-world performance, and several factors may contribute 
to this discrepancy: (a) the lower prevalence of tuberculosis 
in real-world settings, (b) subtler chest radiography findings 
due to earlier presentation, and (c) different image quality and 
domain shift. Therefore, CAD performance needs to be vali-
dated in real-world scenarios (6). A previous systematic review 
and meta-analysis (14) evaluated the performance of AI-based 
CAD tools in 36 studies (13 developmental studies and 23 
clinical studies). However, the meta-analysis included diag-
nostic case-control design studies, which did not appropriately 
reflect the prevalence and spectrum of real-world situation. 
Furthermore, a substantial proportion of clinical studies were 
conducted in settings other than triage or systematic screening. 
Therefore, the systematic review may not sufficiently describe 
the diagnostic performance of CAD tools in real-world triage 
and systematic screening settings.

tuberculosis burden requires comprehensive strategies with 
international collaboration (1).

The Expanding Role of Chest Radiography in 
Tuberculosis
Thoracic tuberculosis can be seen on chest radiographs even in 
its early stages, before symptoms appear (8). However, radio-
graphic manifestations of tuberculosis can overlap with those 
of other respiratory diseases, and the interreader variability, 
chest radiography availability, operation costs, and scarcity of 
high-quality readers (4) are significant limitations of chest ra-
diography. Consequently, the traditional role of chest radiog-
raphy in the WHO guidelines was limited to a complementary 
tool at the last phase of the diagnostic algorithm for tuberculo-
sis, when result of a sputum test is negative (3).

Technical advances have recently enabled portable digital 
chest radiography systems with lower costs and better image 
quality (9). National tuberculosis prevalence surveys in high-
burden countries have shown that chest radiography is the most 
sensitive screening tool for detecting pulmonary tuberculosis, 
surpassing symptom-based approaches (10). Recognizing this 
potential, WHO endorsed using chest radiography in adults for 
tuberculosis triage and screening (Fig 2) (3).

Triage refers to the process by which health care professionals 
determine the diagnostic pathways for individuals who present 
with symptoms (3,6). The low sensitivity of symptom-based tri-
age (eg, with only 35% of patients having chronic cough) may 
hinder confirmatory examination for many patients with tu-
berculosis. Combining symptoms (eg, hemoptysis, fever, night 
sweats, or weight loss) may increase the sensitivity, but doing so 
also increases the number of false-positive results and the cost of 
confirmatory examinations, such as rapid molecular diagnostic 
tests (RMDTs) (3,11). Incorporating chest radiography into the 
triage process for symptomatic patients can reduce false-positive 
rates and costs of confirmatory examinations (3).

Systematic screening for tuberculosis—that is, targeting 
high-risk individuals who do not seek health care (3,6,11)—can 
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AI = artificial intelligence, CAD = computer-aided diagnosis, 
CLAIM = Checklist for Artificial Intelligence in Medical Imag-
ing, DL = deep learning, ITU = International Telecommunication 
Union, PACS = picture archiving and communication system, 
RMDT = rapid molecular diagnostic test, TPP = target product 
profile, VP = validation platform, WHO = World Health Organiza-
tion, WIPO = World Intellectual Property Organization 

Summary
The global implementation of artificial intelligence–based computer-
aided diagnosis tools, which approach human-level accuracy on 
chest radiographs in tuberculosis triage and screening, requires a 
transparent development process; rapid manufacturer-independent 
validation; and comprehensive economic, political, and ethical con-
siderations by all relevant stakeholders.
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For tuberculosis triage, two CAD tools showed noninfe-
rior performance to the WHO TPP in symptomatic adults in 
Pakistan (27). Another study found that five CAD tools out-
performed radiologists and two of them met the WHO TPP 
in individuals aged 15 years or older in Bangladesh (26). In an 
individual patient data meta-analysis evaluating three CAD tools 
from four studies (30), the CAD tools did not meet the WHO 
TPP, while exhibiting similar accuracy to readers. In particular, 
performance decreased in HIV-infected patients and those with 
smear-negative tuberculosis.

For tuberculosis screening, the reported CAD performances 
were slightly lower than those for triage, possibly because of the 
much lower prevalence and earlier tuberculosis presentation. In 
screening U.S.-bound migrants, three CAD tools did not satisfy 
the WHO TPP but exhibited similar performance to radiologists 
(41). In a community-based screening in Vietnam (36), none of 
12 CAD tools met the WHO TPP and six of them exhibited 
performance similar to that of human readers. In screening male 

To describe the landscape of CAD performance in real-
world scenarios of triage and systematic screening, we searched 
PubMed, Web of Science, and SCOPUS with the following 
query: tuberculosis AND (deep learning OR artificial intelli-
gence OR computer-assisted OR computer-aided) AND (chest 
radiograph OR chest x-ray). From 354 searched reports pub-
lished through September 2023, we identified 19 studies report-
ing the performance of CAD for tuberculosis diagnosis in triage 
(n = 9) (24–32) or screening (n = 10) settings (33–42) (Table 1). 
Among them, 10 studies (six in the triage setting and four in the 
screening setting) compared the performance of multiple CAD 
tools using real-world data (24–26,30,31,36,40–42).

The minimum requirements of tests for triage or systematic 
screening of tuberculosis as described in the WHO target prod-
uct profile (TPP) (43) are a sensitivity of 90% and a specificity of 
70%. The optimal requirements in the WHO TPP are a sensitivity 
of 95% and a specificity of 80%. Various studies have investigated 
whether CAD tools meet the TPP using real-world data (Table 1).

Figure 1: Summary of what has been achieved (solid line) and what remains to be achieved in the future (dotted line) 
for the global deployment of computer-aided diagnosis (CAD) of tuberculosis (TB). CLAIM = Checklist for Artificial Intel-
ligence in Medical Imaging, WHO = World Health Organization.

Figure 2: Triage and screening role of artificial intelligence–driven computer-aided diagnosis for tuberculosis (TB) using 
chest radiography. In the TB triage situation, chest radiography can be applied as an initial examination for individuals visit-
ing a health care institution. Individuals with positive chest radiographs would be referred for confirmative examination, such 
as rapid molecular diagnostic test, whereas those with negative chest radiographs would be deferred from further evaluation 
for TB diagnosis. In the TB screening situation, chest radiography can be applied to high-risk individuals who do not seek 
health care, for active identification of patients with TB.
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Table 1: Reported Diagnostic Accuracy of CAD Tools in Triage and Screening Settings

Study Population Tested CAD Tool
Reference Stan-
dard

Accuracy of CAD 
Tool

Accuracy of  
Radiologist

Triage setting
 Qin et al, 2019 

(24)
Symptomatic (n = 1196; 109 with 

TB)
CAD4TB, Lunit IN-

SIGHT CXR, qXR
RMDT Specificity at 95% 

sensitivity, 
77%–82%

Sensitivity, 
80%–96%; 
specificity, 
48%–74%

 Khan et al, 
2020 (27)

Symptomatic or household con-
tacts, Pakistan (n = 2198; 272 
with TB)

CAD4TB, qXR Culture Sensitivity, 93%; 
specificity, 
69%–75%

NA

 Murphy et al, 
2020 (28)

Referred for TB diagnosis, Pakistan 
(n = 5565; 854 with TB)

CAD4TB RMDT Specificity at 90% 
sensitivity, 76%

NA

 Qin et al, 2021 
(26)

Symptomatic or household con-
tacts, Bangladesh (n = 23 954; 
3675 with TB)

CAD4TB, Lunit 
INSIGHT CXR, 
qXR, JF-CXR-1, 
InferRead DR

RMDT Specificity at 95% 
sensitivity, 
47.5%–63.5%; 
specificity at 
90% sensitivity, 
61.1%–74.3%

Sensitivity, 95%; 
specificity, 
45.7%

 Tavaziva et al, 
2022 (29)

Symptomatic or household con-
tacts, Pakistan (n = 2190; 269 
with TB)

Lunit Culture Sensitivity, 87.7%; 
specificity, 
64.3%

NA

 Tavaziva et al, 
2022 (30)*

Symptomatic or household con-
tacts, Pakistan, South Africa, 
Tanzania, Zambia (n = 3727; 
645 with TB)

CAD4TB, Lunit IN-
SIGHT CXR, qXR

Culture, RMDT Specificity at 90% 
sensitivity, 
54.1%–60.5%

NA

 Kagujje et al, 
2023 (31)

Symptomatic, Zambia (n = 1884; 
298 with TB)

CAD4TB, qXR RMDT Specificity at 90% 
sensitivity, 
51.2%–51.9%

NA

 Qin et al, 2023 
(25)

Symptomatic, Bangladesh (n = 12 
890; 4308 with TB)

CAD4TB, qXR RMDT Specificity at 90% 
sensitivity, 
61.4%–74.2%

Sensitivity, 
88.2%; speci-
ficity, 62.8%

 Biewer et al, 
preprint (32)

Symptomatic or household con-
tacts, Peru (n = 387; 65 with TB)

qXR Culture, RMDT Specificity at 95% 
sensitivity, 36%

NA

Screening setting
 Koesoemadi-

nata et al, 2018 
(33)

People living with diabetes mellitus 
(n = 346; 7 with TB)

CAD4TB Culture, RMDT Sensitivity, 88.9%; 
specificity, 
88.4%

NA

 Habib et al, 
2020 (34)

People living with diabetes mellitus 
(n = 694; 74 with TB)

CAD4TB RMDT Sensitivity, 90.5%; 
specificity, 
42.4%

NA

 Lee et al, 2021 
(35)

Military servicepersons, South 
Korea

(n = 19 686; 4 with TB)

Lunit INSIGHT CXR Culture, smear 
microscopy, 
PCR

Sensitivity, 100%; 
specificity 
95.9%–99.7%

Sensitivity, 80%; 
specificity, 
99.7%

 Codlin et al, 
2021 (36)

Community-based screening, Viet-
nam (n = 1032; 133 with TB)

CAD4TB, Lunit 
INSIGHT CXR, 
qXR, JF-CXR-1, In-
ferRead DR, Genki, 
ChestEye, T-Xnet, 
x-rayAME, COTO, 
SemanticMD, 
DrCADx

RMDT Specific-
ity at 95.5% 
sensitivity, 
6.3%–48.7%; 
specificity at 
82% sensitivity, 
20.6%–65.9%

Specificity at 
95.5% sensitiv-
ity, 42.2%; 
specificity at 
82% sensitiv-
ity, 57.1%

 Fehr et al, 2021 
(38)

Community-based screening, South 
Africa (n = 9914; 99 with TB)

CAD4TB Culture, RMDT Sensitivity, 82.8%; 
specificity, 
55.4%–62.6%

Sensitivity, 
80.8%; speci-
ficity, 66.9%

(Table 1 continues)
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children (age, 0–6 years). Nineteen CAD tools can depict various 
diseases or abnormal findings other than tuberculosis. However, 
no CAD tool has shown whether it can differentiate tuberculosis 
and nontuberculosis diseases using chest radiography.

To enhance the reliability of CAD, transparently declaring the 
developmental processes and training datasets is critical. We re-
viewed the literature on the development of the CAD tools listed 
on the AI4HLTH website and identified 12 reports (nine in peer-
reviewed journals, one in conference proceedings, and two in pre-
print archives) for nine CAD tools (18,20,45–54). Literature was 
absent for 11 CAD tools. We also included two reports on the 
development of CAD tools (19,55) not listed on the website for 
comparison. Of the 12 reports, seven focused on the identification 
of tuberculosis at chest radiography (18–20,46,47,49,50), and the 
remaining five focused on CAD tools for detecting various ab-
normalities (45,51,52,55) or diseases (48). All reports were evalu-
ated by a thoracic radiologist (W.G.J., 4 years of experience as an 
attending thoracic radiologist), using the Checklist for Artificial 
Intelligence in Medical Imaging (CLAIM) (56).

The median number of CLAIM items satisfied was 32 of 42 
(range, 10–39) (Table 2, Table S3). All reports described the back-
grounds, objectives, and hypotheses of the study and the struc-
tures and initial parameters of the models. However, only one 

prisoners in Brazil (40), only one of three CAD tools met the 
WHO TPP. In an individual-patient meta-analysis evaluating 
three CAD tools from six studies (42), none met the WHO TPP, 
although the tools approximated experts’ performance.

Despite the limited degree to which CAD tools have satis-
fied the TPP, the WHO has stated that CAD tools may be used 
in place of human readers for interpreting chest radiographs for 
tuberculosis screening and triage, given their similar accuracy to 
human readers (12).

Critical Appraisal of Developmental Process 
Reporting in CAD Tools
The Stop TB Partnership and FIND, a global alliance for di-
agnostics, surveyed CAD tools to identify those that evaluate 
chest radiographs for tuberculosis (44). They solicited informa-
tion from developers of both market-ready and in-progress CAD 
tools through questionnaires. The profiles of these CAD tools are 
posted and regularly updated on the AI4HLTH website (https://
www.ai4hlth.org/). As of September 2023, 20 CAD tools (13 
market-ready, three certification-pending, and four under devel-
opment) were listed (Tables S1, S2). Seven CAD tools target only 
adults (age, ≥18 years), and the other 13 can be applied to adoles-
cents (age, 10–17 years) as well. Four CAD tools can be used in 

Table 1 (continued): Reported Diagnostic Accuracy of CAD Tools in Triage and Screening Settings

Study Population Tested CAD Tool
Reference Stan-
dard

Accuracy of CAD 
Tool

Accuracy of  
Radiologist

 Mungai et al, 
2022 (37)

Population-based prevalence survey, 
Kenya (n = 8996; 298 with TB)

CAD4TB Culture, RMDT Specificity at 
90% sensitiv-
ity, 90.4%; 
specificity at 
95% sensitivity, 
83.2%

NA

 Liao et al, 2022 
(39)

Community-based screening, 
China (n = 2543; 8 with TB)

JF-CXR-1 Culture, RMDT, 
smear micros-
copy

Sensitivity, 100%; 
specificity, 
95.7%

Sensitivity, 
50%–62.5%; 
specificity, 
97.9%–98.5%

 Soares et al, 
2023 (40)

Male prisoners, Brazil (n = 2075; 
259 with TB)

CAD4TB, Lunit IN-
SIGHT CXR, qXR

Culture, RMDT Specificity at 90% 
sensitivity, 
62.3%–83.7%

NA

 Gelaw et al, 
2023 (41)

U.S.-bound migrants (n = 1769; 
533 with TB)

CAD4TB, Lunit IN-
SIGHT CXR, qXR

Culture Specificity at 90% 
sensitivity, 
61.7%–81.4%; 
specificity at 
98.3% sensitivi-
ty, 6.5%–15.8%

Sensitivity, 
98.3%; speci-
ficity 13.7%

 Kik et al, pre-
print (42)†

Community-based screening (South 
Africa), prisoners (South Africa), 
asylum seekers (the Netherlands), 
nationwide prevalence survey 
(Vietnam and Philippines) (n = 
1753; 528 with TB)

CAD4TB, Lunit IN-
SIGHT CXR, qXR

Culture, RMDT, 
PCR

Specificity at 90% 
sensitivity, 
34.9%–54.5%; 
specificity at 
94% sensitivity, 
22.4%–41.0%

Sensitivity, 
94.0%; speci-
ficity, 45.6%

Note.—CAD = computer-aided diagnosis, NA = not applicable, PCR = polymerase chain reaction, RMDT = rapid molecular diagnostic 
test, TB = tuberculosis.
* Individual-patient data meta-analysis of four studies.
† Individual-patient data meta-analysis of six studies.
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study described the method of sample size determination, and 
two described the measurement of inter- and intrarater variability 
and analyses regarding incorrect classifications. At least half of the 
reports did not clearly describe (a) the eligibility criteria, (b) the 
method of de-identification, (c) how missing data were handled, 
(d) the rationale for reference standard selection, (e) the technique 
of model ensembling, (f) the conduction of external validation, (g) 
a flow diagram for inclusion and exclusion of participants or data, 
or (h) the research registration on a platform.

It is a limitation of this analysis that the appraisal of litera-
ture was performed by a single thoracic radiologist, which can 
be influenced by the subjective judgment of the radiologist.

Strengths and Weaknesses of Current CAD Tools 
and Practical Considerations for Use
Compared with traditional human reading–dependent sys-
tems, current CAD tools exhibit noteworthy strengths, pri-
marily their scalability across different scenarios: offline service 

Table 2: Appraisal of Scientific Papers on CAD Development Based on the Checklist for Artificial Intelligence in Medical 
Imaging  

Report [CAD Tool]

Title/
Abstract, 
Introduc-
tion

Methods Results

Discus-
sion

Other 
Infor-
mation Total

Study 
Design Data

Ground 
Truth

Data Par-
titions Model

Train-  
ing

Evalua-
tion Data

Model Per-
formance

No. of CLAIM crite-
ria evaluated

4 2 7 5 3 3 3 5 2 3 2 3 42

Ajmera et al (45), 
2023 [Genki]

4 2 5 3 2 3 2 5 2 2 2 1 33

Hogeweg et al (46), 
2010

[CAD4TB]

4 1 0 0 0 2 0 2 0 1 0 0 10

Melendez et al (50), 
2015

[CAD4TB]

4 1 1 1 2 3 2 3 0 2 2 2 23

Hogeweg et al (47), 
2015

[CAD4TB]

2 1 3 3 2 3 3 5 0 2 1 3 28

Melendez et al (49), 
2016

[CAD4TB]

3 1 3 1 1 3 2 4 0 2 1 1 22

Kwon et al (48), 2021
[JVIEWER-X]

4 2 5 1 2 3 3 5 1 2 2 3 33

Hwang et al (18), 
2019

[Lunit INSIGHT 
CXR]

4 2 6 4 2 3 2 5 1 2 2 2 35

Putha et al (52), 
preprint [qXR]

3 2 5 3 3 2 3 4 1 2 2 1 31

Saporta et al (53), 
2022 [DrAid]

4 2 0 4 1 3 2 4 0 2 2 3 27

Park et al (51), 2020
[VunoMed Chest 

X-ray]

4 2 5 4 2 3 2 4 1 2 2 2 33

Chopade et al (54), 
2023 [Chest AI]

2 1 2 0 0 3 2 0 0 0 0 0 10

Lee et al (20), 2021 
[TiSepX TB]

4 2 7 5 2 3 2 4 2 3 2 2 38

Kazemzadeh et al 
(19), 2023

[Google Health]

4 2 7 4 2 3 3 5 2 3 2 2 39

Seah et al (55), 2021
[Annalise Enterprise 

CXR]

4 2 7 4 2 3 2 4 2 2 2 3 37

Note.—Values are the numbers of criteria evaluated. CAD = computer-aided diagnosis.
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using a hardware system versus online service using a cloud 
server and integration with radiography machines versus in-
tegration with an institutional picture archiving and commu-
nication system (PACS). Offline service would be beneficial 
for systematic screening outside a health care institution or in 
resource-constrained settings with unstable network access. 
Meanwhile, the strength of online service would be reduced 
cost for hardware devices and ease of maintenance and update. 
In terms of integration with legacy system, integration with 
radiography machines would be beneficial in systematic screen-
ing outside a health care institution, whereas integration with 
a PACS would be beneficial in a large-institution setting where 
multiple radiography machines are in use. This scalability of 
CAD tools makes tuberculosis triage and screening feasible 
in resource-limited settings or beyond health care institutions 
where human interpretation is challenging. Reproducible in-
terpretations devoid of inter- and intrareader variability with 
preserved accuracy are also crucial benefits of CAD.

However, several important weaknesses in current CAD 
tools must be addressed. First, the optimal method to inte-
grate CAD with existing human reading systems remains un-
clear. WHO has proposed four scenarios to integrate CAD 
into tuberculosis screening or triage: (a) initial CAD screen-
ing followed by the reader’s final interpretation for abnormal 
results; (b) initial CAD screening with verification of results 
by readers for a portion of selected results; (c) stand-alone 
CAD in place of a human reader, with abnormal results re-
ferred for diagnostic evaluation; and (d) parallel interpreta-
tion by CAD and reader, with abnormal result from either 
reading referred for diagnostic evaluation (12). In a substan-
tially resource-limited setting where a human reader’s inter-
pretation is unavailable, use of stand-alone CAD to replace 
human readers would be the only practical option. However, 
because false-positive results of CAD are not uncommon, 
confirmative interpretation for abnormal CAD results by a 
human reader can improve the specificity of interpretations, 
thereby reducing the number of chest radiographs to be read 
and the corresponding cost (22). In situations with sufficient 
human readers to interpret all chest radiographs, using CAD 
as a second reader can enhance the sensitivity for tuberculosis 
detection (22). The method of integrating CAD into tuber-
culosis screening or triage should be chosen after consider-
ation of the availability of human readers and related costs. 
Further investigation is required to confirm the efficacy and 
cost-effectiveness of various methods of integration.

Second, the sensitivity and specificity of a CAD system may 
vary depending on the characteristics of target population, 
such as the prevalence of tuberculosis and other pulmonary 
diseases and the proportion of people living with HIV. Be-
cause most CAD tools generate continuous scores rather than 
binary positive or negative results, appropriate calibration of 
the operating threshold before implementation in a new set-
ting would be necessary to minimize the fluctuation of CAD 
performance (12). The WHO Global Tuberculosis Programme 
and the Special Program for Research and Training in Tropical 
Diseases developed a toolkit for calibration of CAD before im-
plementation. The toolkit provides a generic protocol for CAD 

calibration studies, including detailed methods, as well as an 
online tool for the analysis of CAD performance to determine 
the optimal threshold (57).

Uncertainty regarding the legal liability for errors in inter-
pretation is another important hurdle for the wide implemen-
tation of CAD tools. If a CAD tool is used as an assistant tool 
for the radiologist, the radiologist who made a final decision 
would typically bear the liability risk (58–60). Conversely, if a 
CAD tool is used as an independent reader, the issue would be-
come more complex. AI itself may not bear liability because AI 
cannot be conferred a legal personality (58,60). In such cases, 
the institution or operator overseeing tuberculosis screening 
and triage may bear vicarious liability. Theoretically, the manu-
facturer of a CAD tool also could be held liable under products 
liability (58,59).

Limited evidence for the effectiveness in children and cov-
erage for only frontal chest radiography are also weaknesses of 
CAD tools. Finally, the scarcity of education on how to use 
CAD tools is another limitation to overcome.

Manufacturer-independent Evaluation Platform of 
CAD Tools
FIND, the global alliance for diagnostics (https://www.
finddx.org), is a global nonprofit organization working to 
accelerate equitable access to reliable diagnosis around the 
world. As a WHO Collaborating Center for laboratory 
strengthening and diagnostic technology evaluation, FIND 
collaborates with more than 40 countries and 210 locations 
(Table S4). One aspect of FIND’s work in digital health 
focuses on improving equitable access to appropriate CAD 
tools for use in low- and middle-income countries. This 
work increases evidence generation for use of chest radiog-
raphy CAD tools in marginalized populations and facili-
tates the procurement, optimization, and implementation 
of these tools in low- and middle-income country popula-
tions. This work includes independent evaluations of the 
CAD performance and supported a recent guidance on the 
use of CAD software to evaluate chest radiography for tu-
berculosis by the WHO through independent performance 
evaluations (12,41,42).

FIND has developed a validation platform (VP) enabling in-
dependent iterative evaluations of CAD tools for tuberculosis 
(41,42,61,62). The VP has been built to evaluate CAD as de-
scribed below and in Figure 3.

1. Identification of fit-for-use CAD tools: FIND iden-
tifies available CAD tools for tuberculosis through 
iterative landscapes of this field and works with our 
partner network. FIND engages with developers of 
promising CAD products and, in collaboration with 
the Stop TB Partnership, maintains a repository that 
describes the product maturity and market penetra-
tion (https://www.ai4hlth.org/) (44). The goal is to 
identify all promising CAD tools with tuberculosis 
use cases, which are trained on data from low- and 
middle-income countries and may benefit popula-
tions from these settings.

http://radiology-ai.rsna.org
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2. Onboarding of CAD tools for evaluation: After 
identifying a promising CAD tool, FIND signs a 
contractual agreement with the developer, allowing 
independent evaluations to be publicly reported. 
Then, the VP team, with systems engineering support 
from the eSHIFT Partner Network (the VP techni-
cal partner) works with the CAD developers to install 
their software in a secure virtual environment, verify-
ing performance against a reference set of chest radio-
graphs. Once the operational capability is mutually 
confirmed, the FIND team then removes developer 
access to the VP environment.

3. Curation of high-quality datasets for valida-
tion: The International Telecommunication Union 
(ITU)–WHO Focus Group on Artificial Intelli-
gence for Health for evaluations of AI-based prod-
ucts (the open code initiative) did not contribute to 
the evaluation of commercially available chest radi-
ography CAD products for the WHO tuberculosis 
guidelines. FIND was a member and contributor to 
the focus group and has supported its recent transi-

tion into the WHO– ITU–World Intellectual Prop-
erty Organization (WIPO)–led global initiative on 
AI for Health as a founding member. FIND is ex-
ploring partnerships with the WHO–ITU–WIPO 
global initiative and with the open code initiative 
in future evaluations of chest radiography CAD for 
WHO and other stakeholders. FIND collaborates 
with multiple global partners to collect high-quality 
chest radiographs and associated metadata. This in-
cludes clinical and demographic data, laboratory 
testing results for tuberculosis as reference diagno-
sis, and chest radiographs, adhering to international 
standards for ethical research. The data are drawn 
from published cohorts to maximize transparency 
and are never shared with developers (41). Current 
datasets encompass almost 20 000 chest radiographs 
from multiple countries in five WHO regions.

4. Independent CAD evaluations: FIND evalu-
ates CAD product performance using these datasets 
for specific populations and use cases. The evalua-
tion considers accuracy against both radiologist and 

Figure 3: Structure of the FIND validation platform. The platform is built to allow developers a custom environment 
for installation of their computer-aided diagnosis (CAD) tool and confirmation of appropriate performance against a test 
dataset. The platform is then switched from “vendor mode” to “FIND mode,” and access by the vendor is interrupted. The 
CAD tool is then exposed to curated, high-quality clinical datasets for independent evaluation. CXR = chest radiography, F = 
FIND mode, V = vendor mode. (Adapted, with permission, from FIND.)
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laboratory reference diagnoses, including subgroup 
analysis by age, sex, location, and comorbidities. Ad-
ditional information regarding CAD performance is 
also collected by sites, image types (computed vs digi-
tal radiography), and chest radiography devices. For 
developers, these evaluations may generate evidence 
for performance comparisons against preexisting, es-
tablished CAD tools and influence procurement or 
policy decisions, incentivizing involvement.

FIND’s independent analyses can offer significant value for 
decision-makers. These analyses can also assist in evaluating new 
versions and products of CAD tools, guaranteeing comparabil-
ity with existing policies. This supports country adoption and 
optimization efforts. In instances without established policies, 
such as using CAD for tuberculosis evaluation in children or 
distinguishing respiratory infections (tuberculosis, COVID-19, 
and pneumonia), the VP generates evidence highlighting soft-
ware benefits and limitations in specific contexts.

Economic, Political, and Ethical Considerations 
When Scaling Up CAD for Tuberculosis
The potential impact of CAD on global tuberculosis is im-
mense. However, the effect of social inequalities on global 
health should be considered (63). Indeed, the concept of 
“global health” carries presuppositions about epistemology and 
intervention methods that, despite well-intentioned aims, may 
inadvertently perpetuate these inequalities (64,65). Overem-
phasis on technical solutions and service privatization can dis-
tract from addressing real issues of social determinants of health 
(66), which are especially pertinent in tuberculosis. Given that 
CAD tools would be deployed primarily in resource-limited 
countries yet developed in wealthier countries, several consid-
erations must extend beyond the effectiveness of CAD (67).

The WHO’s endorsement of CAD has catalyzed evolution 
of the market (12). However, the WHO has yet to establish 
prequalification processes, entailing intricate regulatory require-
ments encompassing technical, economic, and political factors. 
Furthermore, given the swift pace of software development and 
update, robust regulation is particularly important for CAD. 
With the release of more accurate versions, health equity could 
be threatened if these improvements are not accessible to all us-
ers. Regulations need to tackle the technical hurdles that hinder 
CAD adoption. Achieving consensus on CAD specifications and 
regulations is also crucial.

Calibrating CAD also involves technical, ethical, and political 
challenges. Although the WHO has suggested large-scale epide-
miologic studies to calibrate CAD thresholds (12), the resources 
for calibration processes can be affected by resource disparities, 
particularly for RMDTs. Although FIND has established a VP 
based on low- and middle-income multinational data (61), the 
issue of local support for CAD calibration remains unresolved 
and could be a crucial factor in successful CAD use.

Ethical concerns regarding CAD use have largely involved 
the prevention of data misuse. The authority of states and pa-
tients over their own data has become a matter of serious con-
cern. Many CAD solutions offer analysis via data stored in the 

cloud, prompting concerns about the security of potentially sen-
sitive health information. However, beyond issues of data secu-
rity and confidentiality, CAD technologies carry important eco-
nomic and political implications. The political stakes associated 
with CAD are substantial, especially regarding the sovereignty of 
states and patients over their data. This becomes even more criti-
cal as data sovereignty is increasingly central to the evaluation 
and legitimacy of global health care programs.

Finally, commercial aspects must also be considered in rela-
tion to the infrastructural challenges posed by the introduction 
of digital health care tools. Data infrastructure may be priva-
tized, particularly in countries lacking the capacity to manage 
cloud systems themselves. Leaving such data infrastructure in 
the hands of private corporations and profit-seeking sharehold-
ers would pose a significant political problem. Ultimately, CAD 
systems must meet numerous technical, economic, and political 
conditions to realize their potential (68). It is important to bal-
ance the potential of CAD with due consideration of the health 
care systems in which they will be deployed and a critical assess-
ment of the benefits for each potential stakeholder.

Expanding CAD Applications beyond Tuberculosis 
Detection
To date, most AI investigations have concentrated on detecting 
tuberculosis findings on chest radiographs. However, AI can 
also extract other valuable information from chest radiographs. 
For example, AI could help predict drug resistance (69) and 
monitor response to antituberculosis medication (20). The 
prediction of high-risk patients requiring intensive treatment 
would also be valuable, and such predictions have been feasible 
for other infectious diseases (70,71).

Appropriate logical explanation for the backgrounds and fac-
tors of AI’s prediction is also important, especially for these novel 
AI applications. For AI depicting tuberculosis findings on chest 
radiographs, indicating the location of the finding can substan-
tially provide the background of AI’s output (72,73). A physician 
can decide whether to accept or reject the AI’s prediction, after as-
sessing whether the abnormality detected with the AI is consistent 
with findings of tuberculosis. However, regarding AI predicting 
outcomes beyond the tuberculosis diagnosis, the problem would 
be more complex. Because outcome prediction is much less in-
tuitive than detection or diagnosis prediction, simply highlighting 
the area that contributed to the AI’s prediction would be insuffi-
cient for the explanation of logical background of AI’s prediction, 
and a physician would be not able to decide whether to accept or 
reject the AI’s prediction. This limited explainability may under-
mine the reliability of AI, and even can be an important obstacle 
for the clinical application of AI (74,75).

Conclusion
CAD technology based on DL has major potential to boost the 
role of chest radiography for tuberculosis detection in resource-
constrained countries. This potential success will be achieved by 
the following fulfillment processes (Fig 1): (a) transparent dec-
laration of development processes and data; (b) publicly avail-
able information for users on indications, costs, and regulatory 
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approvals; (c) rapid and manufacturer-independent evaluation 
of CAD tools using real-world datasets; and (d) incorporation 
of technical, political, economic, and ethical considerations of 
CAD deployment, initiating educational activities for poten-
tial users, and monitoring the performance and effectiveness of 
CAD after deployment. Active collaboration among developers, 
health care institutions, authorities, and international organiza-
tions will make it possible to harness the full potential of CAD 
and reduce tuberculosis globally.
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