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Abstract

Background: In resource-limited areas, severe shortages of radiologist contribute to high rates of missed pulmonary tuberculosis
(PTB) cases when relying solely on conventional chest X-ray (CXR). Although artificial intelligence (AI)-powered computer-
aided detection (CAD) has shown effective in PTB diagnosis, its real-world clinical utility and scalability in primary healthcare
settings remained underexplored.

Objective: To evaluate the real-world performance of CAD technology for triaging of PTB patients in primary healthcare
facilities in high-incidence areas, and to assess its potential for optimizing radiological resource allocation.

Methods: We conducted a retrospective paired-design diagnostic accuracy study using CXR images collected from 7 county-
and 32 township-level healthcare facilities in Yichang city between 2022 and 2024. All images were retrospectively reprocessed
with CAD software (JF CXR-1 v2), and the original radiology reports interpreted by radiologists were extracted. CAD and
radiologist performances were compared using two primary evaluation indicators: diagnostic yield among diagnosed cases
(DYD) and positive predictive value (PPV). Subgroup analysis (by region, age, sex, healthcare facility tier, and patients
category) and sensitivity analysis were conducted to assess the robustness of the results.

Results: Among 93,319 enrolled study patients (including 273 bacteriologically confirmed PTB cases), CAD demonstrated a
substantially higher DYD (83.88%, 229/273) than radiologists (25.64%, 70/273), though with much lower PPV (1.70% vs.
10.31%). This high-sensitivity performance achieved an 85.52% reduction (only 13,515 instead of 93,319 CXRs) in radiologist
workload via selective review of CAD-positive images, without missing any radiologist-identified PTB cases. Furthermore,
among CAD-positive images, probability scores >0.75 was a key threshold for identifying high-risk PTB patients, prioritizing for
radiologist review. Subgroup analysis further revealed that CAD outperformed radiologists in identifying PTB cases across all
scenarios, despite some heterogeneity. In township healthcare facilities, CAD demonstrated significantly better performance than
in county-level facilities, with DYD of 86.72% and 62.50%, and PPV of 2.00% and 0.65%, respectively.
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Conclusions: CAD technology demonstrates valuable PTB screening performance in primary healthcare facilities. Combined
with a tiered "AI pre-screening with selective human review" strategy, this approach effectively alleviates workload of
radiologist in resource-constrained regions, offering a scalable solution for tuberculosis prevention and control.

(JMIR Preprints 27/08/2025:83041)
DOI: https://doi.org/10.2196/preprints.83041
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Abstract

Background: In resource-limited areas, severe shortages  of  radiologist  contribute to high rates of

missed pulmonary tuberculosis (PTB) cases when relying solely on conventional chest X-ray (CXR).

Although artificial intelligence (AI)-powered computer-aided detection (CAD) has shown effective
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in  PTB  diagnosis,  its  real-world  clinical  utility  and  scalability  in  primary  healthcare  settings

remained underexplored. 

Objective: To evaluate the real-world performance of CAD technology for triaging of PTB patients

in primary healthcare facilities  in high-incidence  areas,  and  to  assess its potential  for optimizing

radiological resource allocation.

Methods: We conducted a retrospective paired-design diagnostic accuracy study using CXR images

collected from 7 county- and 32 township-level healthcare facilities in Yichang city between 2022

and 2024. All images were retrospectively reprocessed with CAD software (JF CXR-1 v2), and the

original  radiology  reports  interpreted  by  radiologists were  extracted.  CAD  and  radiologist

performances  were  compared  using  two  primary  evaluation  indicators:  diagnostic  yield  among

diagnosed cases (DYD) and positive predictive value (PPV). Subgroup analysis (by region, age, sex,

healthcare facility tier, and patients category) and sensitivity analysis were conducted to assess the

robustness of the results.

Results: Among 93,319  enrolled  study  patients (including 273 bacteriologically  confirmed PTB

cases), CAD demonstrated a substantially higher DYD (83.88%, 229/273) than radiologists (25.64%,

70/273),  though  with  much  lower  PPV (1.70%  vs.  10.31%).  This  high-sensitivity  performance

achieved an 85.52% reduction (only 13,515 instead of 93,319 CXRs) in radiologist workload via

selective  review of  CAD-positive  images,  without  missing  any radiologist-identified  PTB cases.

Furthermore,  among  CAD-positive  images,  probability  scores  >0.75 was  a  key  threshold  for

identifying  high-risk  PTB patients,  prioritizing  for  radiologist  review. Subgroup analysis  further

revealed that CAD outperformed radiologists in identifying PTB cases across all scenarios, despite

some  heterogeneity.  In  township  healthcare  facilities,  CAD  demonstrated  significantly  better

performance than in county-level facilities, with DYD of 86.72% and 62.50%, and PPV of 2.00%

and 0.65%, respectively. 

Conclusions: CAD  technology  demonstrates  valuable  PTB  screening  performance  in  primary

healthcare  facilities.  Combined  with  a  tiered  "AI  pre-screening  with  selective  human  review"

strategy, this approach effectively alleviates workload of radiologist in resource-constrained regions,

offering a scalable solution for tuberculosis prevention and control.

Keywords: tuberculosis detection; chest X-ray; computer-aided detection; resource-limited settings;

real-world

Introduction
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In 2023, an estimated 10.8 million new cases of tuberculosis (TB) were reported globally, among

which 2.6 million went undiagnosed or unreported, contributing to ongoing transmission and high

mortality  rates  [1-3].  Early  screening  and  diagnosis  are  crucial  for  interrupting  Mycobacterium

tuberculosis (MTB)  transmission,  but  the  current  passive  case finding  strategy, which  relies  on

symptom-dependent access to healthcare, remains inefficient [4, 5].

Chest X-ray (CXR) remains the  common screening tool in primary healthcare facilities due to its

ease of implementation, rapid, and high acceptance [6]. However, the accuracy of CXR screening is

influenced  by radiologists'  ability to identify pulmonary tuberculosis (PTB) cases [7]. The limited

availability  of  well-trained radiologists  in  primary  healthcare results  in  high  rates  of  missed

diagnoses for PTB, leading to delays in diagnosis and increased risks of disease transmission [8].

Artificial  intelligence  (AI)-assisted  computer-aided  detection  (CAD)  tools  for  CXR  represent  a

promising  innovation  to  enhance  the  TB  screening  efficiency,  diagnostic  accuracy,  and  cost-

effectiveness  [9, 10]. Currently, the performance of CAD tools has been shown to match or even

surpass that of human experts, demonstrating high sensitivity and reducing diagnostic delays  [11,

12]. However, most of existing research were conducted in controlled environments, like those using

standardized equipment and pre-selected patient cohorts [13, 14]. The effectiveness of these tools in

complex real-world settings has not yet been validated. Furthermore, CAD's potential to automate

initial screening offers a solution to address the shortage of healthcare personnel [15]. However,

challenges  remain,  including  controlling  the  false  positive  rate  (e.g.,  misclassifying  non-TB

abnormalities)  and uncertainties regarding the adaptability of these tools within tiered healthcare

systems.

In this study, we aimed to evaluate the performance of CAD to enhance PTB detection in primary

healthcare  settings, including  county-  and  township-level  healthcare  facilities,  and explore

performance variations across hierarchical healthcare institutions in real-world clinical practice.

Methods

Study Design

Our Study was performed in three counties (Yidu County, Zigui County, and Changyang County) of

Yichang city, Hubei province, where were affected by high PTB burden, with an overall incidence of

PTB nearly 100 per  100,000 population during  2022-2024  year.  This study involved in  patients

https://preprints.jmir.org/preprint/83041 [unpublished, non-peer-reviewed preprint]
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(including outpatients and inpatients) over 15 years of age who underwent CXR examinations at

healthcare facilities due to symptomatic presentation.  We employed a paired diagnostic accuracy

design in which each chest radiograph received two independent assessments from: (1) AI-powered

computer-aided detection;  and (2) Clinical radiologists who generated original  diagnostic  reports

during routine patient care, thereby reflecting real-world interpretation conditions. To address the

issue  of  multiple  CXRs potentially  occurring  for  the  same patient  during  the  study  period,  we

established  a  stratified  selection  protocol: for  non-PTB cases,  the  initial  CXR examination  was

utilized; for bacteriologically confirmed PTB cases, the CXR temporally closest to the confirmation

date  was  selected. To  reduce  temporal  misclassification  bias  between  CXR acquisition  and

tuberculosis confirmation, we set a 6-month window period as the validity criterion.

Details of the Retrospective Data

All CXR images were extracted in Digital  Imaging and Communications in Medicine (DICOM)

format  from  the  Picture  Archiving  and  Communication  System-Radiology  Information  System

(PACS-RIS) of  county  and township-level  healthcare facilities in  three study counties.  The data

collection  period  spanned  from  January  1,  2022,  to  December  31,  2024.  This  system  also

concurrently  captured  patient’s  data  on gender,  age,  and radiology report  information,  including

examination time, report date, radiological findings, and diagnostic conclusions. Data on PTB cases

were  retrived  from the  TBIMS,  established  and  maintained  by  the  Chinese  Center  for  Disease

Control and Prevention. TBIMS is a population-based surveillance system that mandates reporting of

all  bacteriologically  confirmed  PTB cases  or  clinically  diagnosed  PTB cases [16].  This  dataset

covered the period from January 1, 2022, to June 30, 2025, and included patient diagnosis type

(bacteriologically confirmed PTB or clinically diagnosed PTB) and confirmation date. 

AI System for CXR Interpretation

For AI-based CXR interpretation, we used the JF CXR-1 v2 software. It is an advanced AI system

built  on  deep  learning  technology,  primarily  used  for  tuberculosis  detection  in  CXRs  with

external validation support [17-19]. In 2022, the software was approved by China's National

Medical  Products  Administration  (NMPA)  as  a  Class  III  medical  device.  The  system generates

probability scores ranging from 0 to 1, where higher values indicate greater likelihood of active PTB.

Based on the manufacturer's clinical protocol, scores exceeding 0.35 mandate additional diagnostic

evaluation and this study used >0.35 as the criterion for radiographic abnormalities consistent with

active PTB.

https://preprints.jmir.org/preprint/83041 [unpublished, non-peer-reviewed preprint]
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The following steps were performed on the software: 

1. DICOM images  were  input  into  the  system for  preprocessing:  conversion  to  UINT8 format,

contrast  enhancement  via  histogram equalization,  cropping  to  1024×1024  resolution,  conversion

from single-channel to  three-channel  format for model compatibility,  and pixel  normalization by

subtracting the mean value of 128. 

2. Feature maps are extracted through the ResNet34+fpn backbone network. These feature maps

then trigger  parallel  dual-branch processing:  Branch 1 generates Logitmap via a  fully connected

layer  and  outputs  lesion-localizing  heatmaps  through  a  heatmap  rendering  module;  Branch  2

compresses features via a global pooling layer, computes logits through a fully connected layer, and

derives disease probability values via the Sigmoid function. 

Primary Indicators

We evaluated diagnostic performance using two primary indicators: diagnostic yield among all those

diagnosed  (DYD)  and  positive  predictive  value  (PPV).  DYD  is  defined  as  the  proportion  of

confirmed tuberculosis  patients  who have received CXR examination in  whom tuberculosis  was

detected by a diagnostic tool (CXR identified by CAD or radiologists) [20]. This indicator uniquely

quantifies detection efficacy without requiring universal bacteriological verification, relying solely

on a  confirmed  patient  subset.  PPV is  defined as  the  proportion  of  patients  confirmed  to  have

tuberculosis among all results identified as positive by a diagnostic tool (CXR identified by CAD or

radiologists).

Statistical Analysis

Descriptive Statistics

We summarized baseline characteristics of patients, presenting categorical variables as frequencies

(n) and proportions (%) and comparing them using the chi-square test or Fisher's exact test. Non-

normally distributed continuous variables were described as median with interquartile range (IQR)

and analyzed using the Wilcoxon rank-sum test. 

Diagnostic Performance

The ability of CAD and radiologists to identify PTB cases was evaluated using bacteriologically

confirmed PTB patients from the TBIMS. To explore collaborative workflows between CAD and

radiologists,  performance  was  assessed  under  five  distinct  strategies: Radiologist  interpretation

alone; CAD results alone; positive if eithermethod flagged abnormality; positive only if bothmethods

flagged abnormality; and CAD screening followed by radiologist verification: positive CAD results

https://preprints.jmir.org/preprint/83041 [unpublished, non-peer-reviewed preprint]
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reviewed by radiologists. For CAD-positive patients, the primary CAD scores were divided into four

classes according to quartiles. Tests for linear trend between score quartiles and the distribution of

PTB patients  (suspected by radiologists or  confirmed)  were conducted  using  Cochran–Armitage

(chi-square)  tests. Subgroup  analysis  evaluated  the  DYD  and  PPV  of  CAD  across  diverse

demographic  characteristics  and  clinical  settings,  with  multivariate  logistic  regression  models

explaining the statistical significance of differences in DYD and PPV between subgroups.

Sensitivity analysis

Sensitivity analysis was performed to assess the robustness of CAD and radiologist performance in

identifying PTB case using CXR under different scenarios: (1) time window validation: assessment

of different PTB confirmation intervals (3-month and 9-month vs. the primary 6-month window); (2)

image selection validation: impact of image selection strategy (using the last CXR examination vs.

the  initial  CXR  examination  for  non-TB  patients); (3)  case  definition  expansion:  inclusion  of

clinically diagnosed PTB cases, to re-evaluate the performance of CAD and radiologists.

Ethical Considerations

The study was ethically approved by the Ethics Committee of Chinese Academy of Medical Sciences

& Peking Union Medical College (CAMS&PUMC-IEC-2025-04).

Results

From January 2022 to December 2024, a total of 132,159 posteroanterior (PA) chest radiographs

were collected from 7 county-level hospitals and 32 township health centers across three counties

(Yidu County,  Zigui  County,  and Changyang County)  in  Yichang City,  China.  All  images  were

accompanied by complete radiological reports.  By linking PTB case data through the TBIMS, the

final study population comprised 93,319 patients. The study outline is presented in Figure 1.

https://preprints.jmir.org/preprint/83041 [unpublished, non-peer-reviewed preprint]
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Figure 1. Flowchart depicting the study outline.  PA: posteroanterior;  CXR: chest x-ray; TBIMS:
Tuberculosis Information Management System;  We established a stratified selection protocol: for
patients ultimately not classified as PTB cases, we utilized their initial CXR examination; for PTB
cases, the CXR examination conducted ≤6 months preceding and temporally closest to their TBIMS-
registered confirmation date.

Baseline characteristics of included patients

A total of 93,319 patients (refer to the  Figure 1) were included in this study. Demographics and

healthcare system classification variables are presented in Table 1, the median age of PTB patients

was higher than that of non-PTB patients (69 vs. 60;  P<  .0001), and  male gender preponderance

(70.7% vs.  50.1%;  P<  .0001).  A higher  proportion  of  PTB patients  came  from township-level

healthcare facilities compared to non-PTB patients (88.3% vs. 61.2%; P< .0001). The proportion of

PTB patients from outpatient clinics were comparable with that of non-PTB patients (29.7% vs.

28.4%; P = .7021).

Table 1. Baseline characteristics of included patients (N=93,319).

Subgroup
Total patients
(n=93,319)

Non-PTB
patients

(n=93,046)

Confirmed PTB
patients (n=273) P-value

Region, n (%) .0013

Yidu County 35,020 34,941 (37.6%) 79 (28.9%)

Zigui County 39,153 39,036 (42.0%) 117 (42.9%)

Changyang County 19,146 19,069 (20.5%) 77 (28.2%)

Age (years), Median (IQR) 60 (50-70) 69 (60-74) < .0001a

Age (years), n (%) < .0001

15-44 16,600 16,586 (17.8%) 14 (5.1%)

45-64 40,571 40,489 (43.5%) 82 (30.0%)

65-79 29,995 29,844 (32.1%) 151 (55.3%)

https://preprints.jmir.org/preprint/83041 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Jiang et al

>=80 6,153 6,127 (6.58%) 26 (9.5%)

Sex, n (%) < .0001

Male 46,827 46,634 (50.1%) 193 (70.7%)

Female 46,492 46,412 (49.9%) 80 (29.3%)
Healthcare  Facility  Tier,  n
(%)

< .0001

Township - level 57,182 56,941 (61.2%) 241 (88.3%)

County - level 36,137 36,105 (38.8%) 32 (11.7%)

Patients Category, n (%) .7021

Outpatient 26,544 26,463 (28.4%) 81 (29.7%)

Inpatient 66,775 66,583 (71.6%) 192 (70.3%)
a p value was determined by Wilcoxon rank-sum test; others by Chi-square test for categorical variables.

Performance of PTB Detection: CAD versus Radiologists

Among 93,314 participants,  13,515 cases were identified as suspected PTB by CAD, with positive

rate of 14.48%  (13,515/93,319), which significantly exceeded the positive rate of suspected PTB

(0.73%, 679/93,319) identified by  radiologists.  Among 273 confirmed PTB cases,  CAD achieved

DYD  of  83.88%  (229/273),  which  was  substantially  higher  than  that  of  radiologists (25.64%,

70/273). CAD captured all 70 PTB cases detected by radiologists, demonstrating low risk of missed

detection. However, the PPV of CAD was only 1.70% (229/13,515), which was much lower than the

radiologists' PPV of 10.31% (70/679) (Figure 2). 

Figure 2. Distribution of PTB Cases Identified by CAD and Radiologists. CAD identified suspected
PTB cases are represented in blue, radiologist  identified suspected PTB cases are represented in
green and finally confirmed PTB cases are represented in orange. The numbers inside intersections
represent overlap cases. 

Performance Evaluation of Combined Use of CAD and Radiologists

https://preprints.jmir.org/preprint/83041 [unpublished, non-peer-reviewed preprint]
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When combing the CAD and radiologists as PTB screening strategy listed in Table 2, PTB identified

by radiologists  or CAD (strategy 3) required radiologists to interpret all  93,319 CXR images.  It

achieved a PPV of 1.69% (229/13,556), reflecting a marginal decrease compared to CAD operating

alone (strategy 2,  PPV: 1.70%). The DYD of strategy 3 was 83.88% (229/273),  consistent  with

CAD-alone (strategy 2)  performance.  PTB identified  by  both  radiologists  and CAD (strategy 4)

similarly necessitated full interpretation of all CXRs. Its PPV increased to 10.97% (70/638), slightly

exceeding  radiologist-alone  interpretation  (strategy  1,  PPV:  10.31%).  The  DYD  of  strategy  4

remained  25.64%  (70/273),  consistent  with  radiologist-alone  (strategy  1) performance.  PTB

identified by radiologists among CAD abnormalities (strategy 5) demonstrated significant workflow

efficiency:  radiologists  reviewed  only  CAD-positive  images  (13,515  CXRs;  14.48%  of  total

volume). While this approach does not directly yield new PPV/DYD metrics, radiologists identified

at  least  70 PTB cases  among CAD-positive  images.  Consequently,  the final  DYD of  strategy 5

reached ≥25.64% (70/273), matching radiologist-alone (strategy 1) performance.

Table 2. Performance Comparison of Collaborative CAD-Radiologist Strategies for PTB Screening.
CXR: chest x-ray; CAD: computer-aided detection; DYD: diagnostic yield among diagnosed. PPV:
positive predictive value.

CXR-based PTB case
identification strategies

Numbers of
CXR to be read
by radiologists

n (%)

Numbers of
reported

suspected
PTB     n (%)

PPV (n/N) DYD (n/N)

Strategy1:  Identified  by
radiologists alone

93319 (100%) 679 (0.73%) 10.31%
(70/679)

25.64%
(70/273)

Strategy2:  Identified  by  CAD
alone

/ 13515
(14.48%)

1.70%
(229/13515)

83.88%
(229/273)

Strategy3:  Identified  by
radiologists or CAD

93319 (100%) 13556
(14.53%)

1.69%
(229/13556)

83.88%
(229/273)

Strategy4:  Identified  by
radiologists and CAD 

93319 (100%) 638 (0.68%) 10.97%
(70/638)

25.64%
(70/273)

Strategy5:  Identified  by
radiologists  among  CAD
abnormalities

13515
(14.48%)

≥  638
(4.72%) /

≥  25.64%
(70/273)

Distribution of CAD scores in suspected PTB cases

Among patients with abnormal CAD, each patient’s CAD score was classified into four subgroups

by quartiles. The distribution of CAD scores was found to be linearly correlated with the proportion

of suspected PTB identified by radiologists and confirmed PTB cases (P for trend < .001). Most

confirmed PTB patients (82.53%) had CAD scores exceeding the 75% quantiles (Q75) threshold,

which accounting for 34.17% of all CAD-positive patients (Table 3).

Table 3. Distribution of abnormal CAD scores in suspected PTB cases identified by radiologists and
confirmed PTB cases.

CAD score
CAD-positive patients

n (%)
Suspected PTB cases identified

by radiologists n (%)
Confirmed PTB

cases n (%)
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Total 13515 638 229
Classified by quartiles
0.35 < score≤0.44 2828 (20.92%) 13 (2.04%) 6 (2.62%)
0.44 < score≤0.56 2995 (22.16%) 26 (4.08%) 11 (4.80%)
0.56 < score≤0.75 3074 (22.75%) 70 (10.97%) 23 (10.04%)
score > 0.75 4618 (34.17%) 529 (82.92%) 189 (82.53%)
P a for trend < .001 < .001
a Tests for linear trend between score quartiles and the distribution of PTB patients (suspected by radiologists or confirmed) were 
conducted using Cochran–Armitage (chi-square) tests.

Subgroup Analysis of PTB Detection Performance by CAD and radiologists

CAD  consistently  demonstrated  superior  DYD  compared  to  radiologists  across  all  evaluated

demographic  and  healthcare  system  classification  variables  (Figure  3).  However,  CAD  showed

significant variation in performance with respect to healthcare facility tier, performing poorer in the

county-level  group than  in  the  township-level  group (P< .001;  Multimedia  Appendix.  Table  1).

Multivariate logistic regression also demonstrated that advanced age (≥80 years) groups are less

likely to achieve high PPV (OR=0.22; 95% CI: 0.09–0.53; P< .001). No significant differences were

observed between the sexes and patients categories (Outpatient / Inpatient).
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Figure  3. Comparion  of  DYD and  PPV  of  CAD and  radiologists  by  subgroups. Measures  are
disaggregated by A1 and B1: region; A2 and B2: age; A3 and B3: sex; A4 and B4: healthcare facility
tier; A5  and  B5:  patients  category.  DYD=diagnostic  yield  among  diagnosed.  PPV=positive
predictive value.
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Sensitivity Analysis

During temporal window validation, shortening the PTB confirmation window to 3 months slightly

increased CAD's DYD to 86.58% (increased to 86.58% from 83.88%; Multimedia Appendix. Table

2), whereas extending it to 9 months reduced DYD to 81.76% (decreased to 81.76% from 83.88%;

Multimedia Appendix. Table  3), indicating a minor influence of temporal factors on performance.

Image selection validation (using final CXRs vs. initial CXRs for non-PTB cases) revealed only

subtle differences with unchanged core conclusions (Multimedia Appendix. Table 4), confirming the

reliability  of  the  original  strategy.  When  clinically  diagnosed  PTB cases  (n=71)  were  included

(Multimedia Appendix. Table 5), the DYD of CAD decreased by only 2.78% (decreased to 81.10%

from 83.88%), remaining significantly higher than that of radiologists (81.10% vs. 25.58%). The

DYD of radiologists decreased slightly (decreased to 25.58% from 25.64%). The consistent trends in

both groups confirm that the relative advantage of CAD was not substantially affected. 

Discussion

Principal Results

This retrospective study evaluated the real-world performance of CAD in PTB detection using CXR

interpretation. Among 93,319 patients analyzed from healthcare facilities, 273 were confirmed as

bacteriologically confirmed PTB cases within three years via the TBMIS. The results demonstrated

that  CAD outperformed  radiologists  in  identifying  TB cases,  detecting  an  additional  159 cases.

Compared  to  "radiologist  interpretation  alone,"  the  strategy  of  "CAD  screening  followed  by

radiologist verification" not only enhanced PTB case identification but also reduced the workload for

radiologists. A CAD score exceeding 0.75 was a key threshold for identifying high-risk PTB patients,

demonstrating  high  consistency  with  radiologists'  judgments  and  supported  by  statistical  trends

confirming significantly higher  PTB risk with elevated scores.  Notably,  CAD exhibited superior

diagnostic  performance  in  township  medical  institutions  compared  to  county-level  hospitals,

effectively overcoming resource constraints inherent.

In the identification of PTB via CXRs, CAD demonstrate significant advantages over radiologists.

This  disparity  primarily  stems from CAD's  highly  sensitive  algorithms,  which  effectively  detect

early-stage  and  subtle  lesions [21].  In  contrast,  radiologists  face  limitations  due  to  inherent

constraints  in  human visual  recognition,  visual  fatigue from prolonged image interpretation,  and

insufficient  vigilance  toward  PTB  under  clinical  resource  constraints,  resulting  in  considerably
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higher missed diagnosis rates. However, a persistent limitation of CAD products is the high false

positive rate [22]. If relying solely on CAD, this increases unnecessary diagnostic follow-up burden,

thereby causing waste  of medical  resources.  In resource-constrained primary care settings,  CAD

systems can serve as a triage tool for rapid PTB diagnosis [22]. By adopting a strategy of "computer-

aided screening followed by selective radiologist review", this approach optimizes the tuberculosis

triage workflow. Such a stepwise  process  can effectively alleviate  the workload of  manual  film

reading while maintaining high sensitivity and reducing false-positive results  [23]. Consistent with

previous studies, CAD scores not only function as a diagnostic threshold but also possess predictive

value  for  PTB  risk  based  on  continuous  score  variations  [24].  CAD  interpretation  outcomes

demonstrate  high  consistency  with  radiologists'  chest  X-ray  readings,  providing  an  objective

reference for clinical decision-making [25-27].

CAD exhibit significant performance variations across medical institution tiers, necessitating tailored

deployment  strategies.  In  township  medical  facilities,  CAD demonstrate  higher  DYD and  PPV.

Therefore,  this  tier  is  optimally  suited  for  implementing  a  hybrid  diagnostic  model  prioritizing

"radiologist-assisted  CAD  interpretation".  However,  county  hospitals require  the  integration  of

supplementary diagnostic methods,  such as CT scans,  alongside the hybrid model. This adaptation

addresses the more significant false positive challenge encountered at this level. The difference may

be related to the types of cases treated. Township institutions primarily handle common illnesses

such as routine respiratory diseases, while county-level hospitals concentrate on more complex and

difficult cases. The performance difference in CAD between the two tiers of hospitals might stem

from limitations in recognizing complex cases, but this hypothesis requires further validation through

more comprehensive studies.

Comparison With Prior Work

Previous research has centered on two PTB screening models: active screening in high-risk groups

(e.g., high-burden populations [18], cross-border migrants [28], enclosed environment [29]); Passive

screening in specialized facilities (e.g., tertiary hospitals [11], TB diagnostic centers [30]). This study

pioneers  PTB  triage  integration  within  China’s  hierarchical  healthcare  system,  offering  novel

evidence for AI deployment in primary care. While Kagujje et al. [31] also studied primary settings,

their focus was on "prior TB history" as an AI diagnostic confounder.  The observed DYD of JF

CXR-1 v2 (83.88%) aligns with high sensitivities reported previously (e.g., Qin et al. [19]: 86.4%).

Compared with the  sensitivity  shown in  clinical  validation  (78.9%  [12]),  there  is  still  a  certain

difference  in  performance in  primary  healthcare.  Our proposed "AI pre-screening with selective
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human review" model, in collaboration with Munjal P et al.  [32], reduces radiologist workload by

80%. Based on the TBIMS data, Xin et al.  [24] confirmed the effectiveness of CAD in individuals

aged  65 and above.  This  study further  supplements  evidence  for  the  efficacy  of  CAD in  other

application scenarios.

Limitations

This study has several limitations. First, this study is subject to potential temporal misclassification

bias due to the inherent lag between CXR acquisition and definitive PTB diagnosis. The analyzed

CXRs were not necessarily obtained on the day of PTB confirmation but could precede it by up to 6

months. This temporal gap may have systematically underestimated CAD's sensitivity, as early-stage

lesions  might  lack sufficient radiographic conspicuity for reliable  CAD detection.  The limitation

empirically evidenced by our sensitivity analysis where shortening the confirmation window to 3

months increased CAD's DYD by 2.7% (86.58% vs. 83.88%). Second, the absence of follow-up

verification  for  CAD-positive  cases  not  clinically  diagnosed  as  PTB  (e.g.,  via  additional

microbiological testing or CT scans) precludes differentiation between true CAD false positives and

occult TB cases missed by conventional diagnostics. This gap obscures CAD's actual impact on case

detection enhancement. Finally, while we employed the clinically validated threshold (>0.35) for the

JF CXR-1 v2 system, this does not constitute a study limitation but rather aligns with real-world

clinical  protocols.  Future  research  should  explore  threshold  optimization  strategies  without

diminishing this study's focus on operational validity.

Conclusions

CAD  dramatically  improves  PTB  case  identification  in  primary  healthcare  settings,  while

substantially reducing radiologist workload through a selective review strategy focused on CAD-

positive images with reference to the probability score. Meanwhile, CAD demonstrates significantly

superior performance in township medical facilities compared to county medical facilities, providing

validated  evidence  for  implementing  tiered  diagnosis  and  treatment  models  in  resource-limited

regions.
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Distribution of PTB Cases Identified by CAD and Radiologists. CAD identified suspected PTB cases are represented in blue,
radiologist identified suspected PTB cases are represented in green and finally confirmed PTB cases are represented in orange.
The numbers inside intersections represent overlap cases.
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