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Background. Digital chest X-ray (ACXR) computer-aided detection (CAD) technology uses lung shape and texture analysis to
determine the probability of tuberculosis (TB). However, many patients with previously treated TB have sequelae, which also distort
lung shape and texture. We evaluated the diagnostic performance of 2 CAD systems for triage of active TB in patients with
previously treated TB.

Methods. We conducted a retrospective analysis of data from a cross-sectional active TB case finding study. Participants
>15 years, with >1 current TB symptom and complete data on history of previous TB, dCXR, and TB microbiological reference
(Xpert MTB/RIF) were included. dCXRs were evaluated using CAD4TB (v.7.0) and qXR (v.3.0). We determined the diagnostic
accuracy of both systems, overall and stratified by history of TB, using a single threshold for each system that achieved
90% sensitivity and maximized specificity in the overall population.

Results. Of 1884 participants, 452 (24.0%) had a history of previous TB. Prevalence of microbiologically confirmed TB among
those with and without history of previous TB was 12.4% and 16.9%, respectively. Using CAD4TB, sensitivity and specificity were
89.3% (95% CI: 78.1-96.0%) and 24.0% (19.9-28.5%) and 90.5% (86.1-93.3%) and 60.3% (57.4-63.0%) among those with and
without previous TB, respectively. Using qXR, sensitivity and specificity were 94.6% (95% CI: 85.1-98.9%) and 22.2% (18.2-

26.6%) and 89.7% (85.1-93.2%) and 61.8% (58.9-64.5%) among those with and without previous TB, respectively.

Conclusions.
Keywords.

The performance of CAD systems as a TB triage tool is decreased among persons previously treated for TB.
tuberculosis; computer-aided detection; prior TB; CXR; triage.

Early tuberculosis (TB) case detection and treatment are global
priorities to achieve the End TB strategy goals [1]. To facilitate
early TB case detection, highly sensitive, easy-to-use, and af-
fordable TB screening and triage tools should be widely acces-
sible to the most high-risk groups and in high-prevalence
settings. Chest X-ray (CXR) presents an opportunity for high-
throughput screening and triaging of patients and has higher
sensitivity and specificity than symptom-based screening
[2, 3]. There is widespread use of CXR in well-resourced
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settings. However, its widespread scale-up and use in many
high-TB-burden, resource-constrained settings have partly
been limited by a lack of staff with sufficient training and expe-
rience to interpret CXRs [4]. Advances in digital radiography
and computer-aided detection (CAD) for reading CXRs now
make it easier to rapidly and reliably interpret CXRs; CAD
has similar or higher performance to human readers [2, 4-6].
Additionally, digital CXR (dCXR) CAD has been demonstrated
to be scalable and sustainable in high-burden settings [7-10].

World Health Organization (WHO) guidelines for systematic
screening for TB disease now recommend CAD as an alternative
to human readers [2, 11]. Computer-aided detection uses lung
shape and texture analysis to determine the likelihood of TB
[12], and CXRs are assigned a numerical score that ranges be-
tween 1 and 100 (or 0-1), with higher scores representing a great-
er likelihood of TB-associated abnormalities [4]. When CAD
systems are used for screening/triage, it is recommended that
the user sets a threshold—a dichotomous score for classifying
which patients are at greater risk for TB; persons with a CAD
score exceeding this threshold should be referred for definitive mi-
crobiological testing, which includes either culture or nucleic acid
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amplification testing [2]. The sensitivity and specificity of CAD
systems at a fixed abnormality threshold may differ according
to age, sex, history of previous TB, and sputum smear status
[4, 11, 13-15]. Hence, there is a need to optimize the abnormality
threshold for different subgroups. However, anecdotal evidence
suggests that, in many real-world settings, 1 abnormality thresh-
old is applied across different patient populations.

In sub-Saharan Africa, approximately 12% of TB notifica-
tions are among persons with a history of previous TB [16-
18]. In some settings, over 80% of patients previously treated
for TB, have post-pulmonary TB radiological changes, which
most commonly include cavitation, volume loss, and fibrosis
[19, 20]. When such individuals present to care, it may be dif-
ficult to distinguish whether radiological changes are due to
previous TB sequelae or a new active TB episode, even for ex-
pert radiologists [21]. This can result in overtreatment of pa-
tients for TB, leading to unnecessary exposure to anti-TB
therapy, failure to treat the true cause of illness, and wastage
of limited health resources [18].

Given that post-TB radiographic sequelae distort the lung
shape and texture, similar to active TB, the performance of
CAD for TB screening/triaging may be affected. However, to
date, there is little evidence on how previous TB affects the ac-
curacy of CXR artificial intelligence (AI) systems and none on
when these 2 subpopulations are further stratified by sex or hu-
man immunodeficiency virus (HIV) status. We, therefore, un-
dertook this study to determine the comparative performance
of 2 CXR CAD systems when used for TB triage among individ-
uals with and without previously treated TB in Lusaka, Zambia.

METHODS

Study Design and Participants

This was an analysis of a previously reported prospective cross-
sectional TB case finding study conducted at a public, primary
healthcare facility in Lusaka, Zambia, between July 2017 and
December 2018. The study setting and enrollment procedures
of the cross-sectional study have been described previously
[22]. Briefly, consecutive individuals presenting to the health
facility and at the community TB screening points for any rea-
son were screened for TB as described under test procedures.
Because the performance assessment of CAD focused on a tri-
age use case, analysis was limited to individuals with 1 or more
current TB symptom(s) (current cough, chest pain, shortness of
breath, night sweats, weight loss, or fevers). Individuals aged
less than 15 years were excluded following WHO recommenda-
tions to restrict use of CAD systems as an alternative to human
readers to individuals aged 15 years and older [2]. Additionally,
individuals included in the present study were required to have
a dCXR, TB microbiological reference result (Xpert MTB/RIF;
Cepheid, Sunnyvale, CA, USA) and information on self-report-
ed previous TB history.

Test Procedures
All participants underwent a TB symptom screen using a stan-
dardized screening register, which also captured information on
self-reported history of previous TB [22]. Patients were asked if
they had ever been treated for TB in the past; verification of a self-
reported history of previous TB using medical records was not un-
dertaken. When available, participants received a postero-anterior
dCXR, using the DELFT CXR system (Delft Imaging Systems,
Netherlands) mounted onto a mobile truck; this single CXR truck
supported both community- and facility-based screening and thus
not all participants received a CXR. All participants with either an
abnormal CXR as defined by a CAD score of 60 or higher using
CADATB version 5.0 (Delft Imaging Systems, Netherlands)
and/or 1 or more TB symptoms, submitted a spot sputum sample
for Xpert MTB/RIF (Cepheid, USA). Good-quality sputum sam-
ples [22] were processed for Xpert testing. Xpert tests were repeat-
ed if the initial test result was either invalid or an error.

All participants’ dCXRs were evaluated retrospectively using
2 CAD systems: CAD4TB version 7.0 (Delft Imaging Systems,
Netherlands) and gXR version 3.0 (Qure.ai, India). The CAD sys-
tems scored anonymized images independently and blinded to all
clinical information. Both CAD systems assigned each individu-
al’s dCXR a numerical score from 0 to 100.

Definitions and Data Analysis

A positive sputum Xpert MTB/RIF was used as the reference
standard to define TB cases; culture is not routinely available
for patients in Zambia undergoing TB evaluation. Descriptive
analyses were undertaken to describe the population that was in-
cluded in this study, stratified by previous TB history and to
compare the symptomatic individuals 15 years and older who
were included in the analysis with those who were excluded—
Fisher’s exact, chi-square, or Wilcoxon rank-sum tests were
used as appropriate. Area under receiver operating curve
(AUROC) values were determined to evaluate the performance
of each CAD system for triage use against the reference standard
and were undertaken overall and according to previous TB sta-
tus and by sex and HIV status. Further analyses were performed
to determine the diagnostic accuracy of both CAD systems for
different patient subpopulations when a fixed abnormality
threshold is used. A fixed threshold was selected that achieved
an overall 90% sensitivity among all participants, while maximiz-
ing the specificity (15 for CAD4TB and 6 for qXR). The final
analysis aimed to determine the optimal cutoff threshold for
each CAD system in each patient subgroup that most approxi-
mated the WHO’s minimum target product profile (TPP) for
screening and triage of 90% sensitivity and 70% specificity [2].
All data were analyzed using Stata version 17.0 (StataCorp).

Ethics Statement
This study was approved by the University of Zambia Bioethics
Research Committee (UNZA BREC; no. 012-05-17). Verbal
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18,194 screened for TB

5,804 excluded
1,196 were <15 years of age
4,608 were asymptomatic for TB

12,390 symptomatic for TB and 215 years

I 4,692 did not have a digital CXR result

\ 7,698 had a digital CXR result |

5,809 did not have a sputum Xpert result
4,579 did not submit a sputum specimen

> 1,204 submitted poor quality sputum

samples that were not tested

{ 26 had an invalid Xpert result

‘ 1,889 had a valid sputum Xpert result

I 5 had missing data on previous TB status

| 1,884 had a previous TB status available |

v Ad
\ 452 had previous TB | | 1,432 had no previous TB |

| l | ' }

[ 56 had TB confirmed by Xpert | | 396 had TB excluded by Xpert | [ 242 had TB confirmed by Xpert | [ 1,190 had TB excluded by Xpert

Figure 1.  Study flow diagram. Abbreviations: CXR, chest X-ray; TB, tuberculosis.

consent was obtained from the participants as per protocol; the Table 1. Characteristics of Study Participants

study received a waiver for written consent as all study proce-

dures aligned with standards of care. This study is reported in No Previous
. . . . All Previous TB B
accordance with the Standards for Reporting of Diagnostic Characteristic (N=1884) (n=452) (n=1432) p
Accuracy Studies guidelines [23]. Median (IQR) age,y ~ 38(29-48)  41(34-50) 37 (28-47) <.001
Male sex 1184 (62.8) 326 (71.1) 858 (59.9) <.001
RESULTS HIV status®
o ) Positive 702(37.3) 250 (58.1) 452 (33.6)  <.001
Overall, 18 194 individuals were screened for TB during the ac- Negative 1073 (56.9) 180 41.9) 893 (66.4)
tive case finding study, of whom 12 390 (68.1%) were 15 years or Current symptoms
older and symptomatic for TB (Figure 1). Of these, 7698 (62.1%) Cough 1446 (76.7)  355(78.7) 1091(76.2) 28
had a dCXR, of whom 1884 (24.4%) had sputum Xpert results Fever 634 (33.6) 171(37.8) 463 (32.3) 033
and data on history of previous TB and were included in the R SHNCaE cAdeeiz)  Iegecis) UAC22) Lo
. . Weight | 914 (48.5 234 (51.8 680 (47.5 1
analysis. Of 1884 participants, 1184 (62.8%) were male, the me- elant foss 48.51 1.8 479
. . . Chest pain 1459(77.4) 327 (72.3) 1132 (79.0) .003
dian age was 38 (interquartile range: 29-48) years, and 702 Shortness of 909 (48.2) 208 (46.0) 701 (48.9) 20
(37.3%) were HIV positive (Table 1). There were 298 (preva- breath
lence: 15.8%; 95% confidence interval [CI]: 14.2-17.5) persons Symptom
ith microbiologicall fi d TB. Partici ts with classification
with microbiologically confirme . Participants with com- 1 Symptom 350 (18.6) 75 (16.6) 275 (19.2) 10
plete data and included in the analysis were more likely to ZSymptoms 405 (21.2) 96 (21.2) 309 (21.6)
have been screened at the health facility (instead of the commu- 3 Symptoms 369 (19.6) 106 (23.4) 263 (18.4)
nity) compared with those excluded from the analysis, and were 24 Symptoms 760 (37.0)  175(38.7) 585 (40.8)
Sputum Xpert MTB/ 298 (15.8) 56 (12.3) 242 (16.9) .022

more likely be older, male, HIV-positive, and have a previous TB \n Ape
RIF® positive

history and multiple TB symptoms (Supplementary Table 1).

All values represent n (%) except where explicitly noted.
Abbreviations: HIV, human immunodeficiency virus; IQR, interquartile range; TB,

Characteristics According to Previous Tuberculosis Status tuberculosis.
“There were 109 patients with an unknown HIV status (n = 22 persons with previous TB and

Overall, 452 (23.9%) had a history of previous TB, while 1432 n=87 persons without previous TB.
(76.1%) participants did not have a history of previous TB. ®Cepheid (Sunnyvale, CA).
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Table 2. Performance of Computer-Aided Detection When Using a Fixed Abnormality Threshold According to Previous Tuberculosis Treatment Status

Sensitivity Specificity Positive Likelihood Negative Likelihood
(95% CI) (95% CI) Ratio (95% ClI) Ratio (95% ClI)
Overall
CAD4TBP (n=1884) 90.3 (86.3-93.4) 51.2 (48.7-53.7) 1.8 (1.7-2.0) 2(1-3)
gXR® (n=1884) 90.6 (86.7-93.7) 51.9 (49.4-54.4) 1.9 (1.8-2.0) 2(1-3)
Previous TB
CAD4TB
All (h=452) 89.3 (78.1-96.0) 24.0 (19.9-28.5) 1.2(1.1-1.3) 4 (.2-1.0)
Sex
Male (n=326) 91.1 (78.8-97.5) 17.4 (13.2-22.4) 1.1(1.0-1.2) .5(.2-1.3)
Female (n=126) 81.8 (48.2-97.7) 40.0 (31.0-49.6) 1.4 (1.0-1.9) .5 (.1-1.6)
HIV status®
HIV positive (n=250) 87.1 (70.2-96.4) 28.3 (22.4-34.8) 1.2 (1.0-1.4) 5(.2-1.2)
HIV negative (n=180) 90.5 (69.6-98.8) 18.9 (13.1-25.8) 1.1 (1.0-1.3) .5 (.1-2.0)
gXR
All (h=452) 94.6 (85.1-98.9) 22.2 (18.2-26.6) 1.2(1.1-1.3) 2(1-7)
Sex
Male (n=326) 97.8 (88.2-99.2) 16.4 (12.2-21.2) 1.2 (1.1-1.25) .3(.0-1.0)
Female (n=126) 81.8 (48.2-97.7) 36.5 (27.7-46.0) 1.3 (.9-1.8) .5(.1-1.8)
HIV status®
HIV positive (n=250) 93.5 (78.6-99.2) 26.5 (20.8-32.9) 1.3(1.1-1.4) 2 (.1-9)
HIV negative (n=180) 95.2 (76.2-99.9) 15.7 (10.4-22.3) 1.1(1.0-1.3) .3(.0-2.1)
No previous TB
CAD4TB
All (n=1432) 90.5 (86.1-93.3) 60.3 (57.4-63.0) 2.3(2.1-2.5) 2(1-2)
Sex
Male (n=858) 91.5 (86.4-95.2) 52.6 (48.7-56.4) 1.9 (1.8-2.1) 2 (1-3)
Female (n=574) 87.7 (77.2-94.5) 70.5 (66.4-74.5) 3.0 (2.5-3.5) 2(1-3)
HIV status®
HIV positive (n=452) 89.5 (81.1-95.1) 52.7 (47.5-57.9) 1.9(1.7-2.2) 2 (1-4)
HIV negative (n=893) 91.5 (85.7-95.6) 64.4 (60.9-67.9) 2.6 (2.3-2.9) 1(1-2)
agXR
All (n=1432) 89.7 (85.1-93.2) 61.8 (68.9-64.5) 2.4 (2.2-2.6) 2(1-2)
Sex
Male (n=858) 91.0 (85.7-94.7) 53.7 (49.9-57.5) 2.0(1.8-2.2) 2(1-3)
Female (n=574) 86.2 (75.3-93.5) 72.5 (68.4-76.3) 3.1(2.6-3.7) 2(1-4)
HIV status®
HIV positive (n=452) 89.5 (81.1-95.1) 52.5 (47.2-57.7) 1.9(1.7-2.1) 2(1-4)
HIV negative (n=893) 90.1 (84.0-94.5) 66.8 (63.3-70.2) 2.7 (2.4-3.1) 1(1-2)

The fixed threshold for each software was determined on the basis of the CAD score that achieved at least 90% sensitivity while optimizing specificity among all study participants. These

thresholds were 15 for CAD4TB and 6 for gXR, respectively.

Abbreviations: CAD, computer-aided detection; Cl, confidence interval; HIV, human immunodeficiency virus; TB, tuberculosis.

“There were 109 patients with an unknown HIV status (n=22 persons with previous TB and n= 87 persons without previous TB).

°Delft Imaging Systems, Netherlands.
“Qure.ai, India.

Persons with previous TB were more likely to be male, older,
and HIV positive (Table 1). The prevalence of microbiological-
ly confirmed TB was higher among those without previous TB
(16.9%; 95% CI: 15.0-18.9%) compared with those with previ-
ous TB (12.4%; 95% CI: 9.5-15.8%) (P =.022).

Discriminatory Value of CAD Software by Previous Tuberculosis Disease
Both CAD systems demonstrated an AUROC of at least 0.85
among all participants (Supplementary Table 2). The perfor-
mance of the CAD4TB system was higher in individuals

without previous TB compared with those with previous
TB, while the performance of gXR was comparable in the 2 sub-
populations (Supplementary Table 2). There was no difference
in the AUROC values between HIV-positive and HIV-negative
individuals and men and women, irrespective of previous TB
history (Supplementary Table 2).

Diagnostic Accuracy of CAD Software at a Fixed Abnormality Threshold
Using a fixed abnormality threshold for each software system,
the sensitivity of both CAD systems was high and did not differ
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Table 3. Computer-Aided Detection Cutoff Thresholds and Associated Diagnostic Accuracy for Approximating World Health Organization Target Product
Profile Specifications Using a 90% Sensitivity Threshold for Tuberculosis (TB) Screening Tests, According to Previous TB Treatment Status

CAD Sensitivity Specificity Positive Likelihood Negative Likelihood
Threshold (95% CI) (95% CI) Ratio (95% ClI) Ratio (95% Cl)
Previous TB
CAD4TBP
All (n=452) 10 91.1 (80.4-97.0) 19.7 (15.9-24.0) 1.1(1.0-1.2) 5 (.2-1.1)
Sex
Male (n=326) 32 91.1 (78.8-97.5) 31.0 (25.6-36.7) 1.3 (1.2-1.5) 3(1-7)
Female (n=126) 4 90.9 (568.7-99.8) 20.0 (13.1-28.5) 1.1 (.9-1.4) 5 (.1-3.1)
HIV status®
HIV positive (n=250) 9 93.5 (78.6-99.2) 22.4 (17.0-28.5) 1.2 (1.1-1.3) 3(1-1.1)
HIV negative (n=180) 45 90.5 (69.6-98.8) 39.0 (31.4-47.0) 1.56(1.2-1.8) 2 (.1-9)
gXR°®
All (h=452) 14 91.1 (80.4-97.0) 29.0 (24.6-33.8) 1.3(1.2-1.4) 3(1-7)
Sex
Male (n=326) 54 91.1 (78.8-97.5) 50.9 (44.9-56.9) 1.9(1.6-2.2) 2(1-4)
Female (n=126) 2 90.9 (58.7-99.8) 17.4 (11.0-25.6) 1.1 (.0-1.4) .5(.1-3.5)
HIV status®
HIV positive (n=250) 6 93.5 (78.6-99.2) 26.5 (20.8-32.9) 1.3(1.2-1.4) 2 (.1-9)
HIV negative (n=180) 71 90.5 (69.6-98.8) 65.4 (57.5-72.8) 2.6 (2.0-3.4) .1 (.0-.5)
No previous TB
CAD4TB
All (n=1432) 17 89.7 (85.1-93.2) 61.9 (59.1-64.7) 2.4 (2.2-2.6) 2(1-2)
Sex
Male (n=858) 20 89.8 (84.4-93.9) 56.8 (53.0-60.6) 2.1(1.9-2.3) 2 (1-3)
Female (n=574) 7 92.3 (83.0-97.5) 59.7 (65.3-64.0) 2.3(2.0-2.6) 1 (1-3)
HIV status®
HIV positive (n=452) 7 93.0 (85.4-97.4) 40.4 (35.4-45.7) 1.6 (1.4-1.7) 2 (1-4)
HIV negative (n=893) 18 90.1 (84.0-94.5) 66.2 (62.7-69.6) 2.7 (2.4-3.0) 1(1-2)
gXR
All (n=1432) 6 89.7 (85.1-93.2) 61.8 (568.9-64.5) 2.4 (2.2-2.5) 2(1-2)
Sex
Male (n=858) 89.8 (84.4-93.9) 56.4 (52.6-60.2) 2.1(1.9-2.3) 2(1-3)
Female (n=574) 2 95.4 (87.1-99.0) 47.7 (43.3-52.2) 1.8 (1.6-2.0) .1(.0-3)
HIV status®
HIV positive (n=452) 5 91.9 (83.9-96.7) 51.6 (46.4-56.9) 1.9 (1.7-2.1) 2 (.1-3)
HIV negative (n=893) 6 90.1 (84.0-94.5) 66.8 (63.3-70.2) 2.7 (2.4-3.0) 1(1-2)

Abbreviations: CAD, computer-aided detection; Cl, confidence interval; HIV, human immunodeficiency virus; TB, tuberculosis.

“There were 109 patients with an unknown HIV status (n=22 persons with previous TB and n==87 persons without previous TB).

°Delft Imaging Systems, Netherlands.
¢Qure.ai, India.

by previous TB status (Table 2); however, the specificity of both
systems was substantially lower among patients with a previous
TB history. For both CAD systems, specificity was higher among
women compared with men, irrespective of previous TB status.
While the sensitivity and specificity were comparable among the
HIV-negative and HIV-positive individuals with previous TB,
specificity was higher among HIV-negative compared with
HIV-positive individuals without previous TB (Table 2).

Optimum CAD Thresholds for Different Subpopulations

Among persons with previous TB, the optimum thresholds for
achieving at least 90% sensitivity differed substantially by sex
and by HIV status for both CAD software systems (Table 3);

only gXR among HIV-negative persons approximated the min-
imum WHO-recommended criteria (90.5% sensitivity, 65.4%
specificity). Among persons without a history of previous TB
history, diagnostic accuracy was substantially higher and there
was less variation in optimal threshold cutoffs by HIV status
and sex for both software systems (Table 3); both CAD4TB
and gXR among HIV-negative persons approximated but did

not meet minimum WHO recommendations.

DISCUSSION

In this study, we demonstrated that the overall discriminatory
value (ie, AUROC) of CAD in reading dCXRs for the presence
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of active TB disease differs substantially according to a patient’s
previous TB status when using CAD4TB but was comparable
when using qXR. However, when using a fixed abnormality
threshold defined by the optimal performance in the overall
study population, the sensitivity of the 2 CAD systems was sim-
ilarly high regardless of previous TB status, but their specificity
was substantially lower among individuals with a history of
previous TB.

Our study adds to and extends the scarce existing evidence
base on how CAD system performance as a triage tool for TB
is affected by an individual’s previous TB status [4, 6, 15, 24].
Similar to a study from Bangladesh that evaluated 5 Al algo-
rithms, our study was conducted in a high-TB-burden setting,
Xpert MTB/RIF was used as the reference standard, and we ob-
served a decline in discriminatory power for CAD4TB among
patients with previous TB [4]. In contrast to the same study,
there was no statistically significant decline in the discrimina-
tory power of gXR among those with previous TB compared
with those without previous TB. This likely reflects differences
in the demographic and clinical characteristics of participants
[25]. Notably, we observed a significant reduction in the specif-
icity of CAD among patients with previous TB when using a
fixed abnormality threshold, which has also been reported in
other studies [6, 15, 24].

The findings on CAD’s reduced triage performance among
patients with prior TB are especially notable as the clinical pre-
sentation of patients with previously treated TB (eg, post-TB
lung disease) but without current, active disease may be similar
to that of previously treated patients with TB with recurrent, ac-
tive TB. In such clinical scenarios, the discriminatory value of
dCXR CAD is even more important in guiding clinicians in
the appropriate evaluation of symptomatic patients with previ-
ous TB [21, 26]. Explicitly accounting for post-TB scarring dur-
ing further CAD software development and adding a module
that compares individuals’ previous and current CXR to identify
new lesions [27] could potentially improve the performance of
the CAD software among patients with previously treated TB.

Substantial differences in specificity between men and wom-
en (irrespective of previous TB history) were observed for both
CAD software systems when a fixed threshold that approximat-
ed 90% sensitivity in the overall study population was applied.
This likely, in large part, reflects the tradeoffs between the sen-
sitivity and specificity at a fixed abnormality threshold as the
AUROC:s for these subgroups were similar. However, prior
studies from Bangladesh and Kenya found lower accuracy of
CAD for TB among women compared with men [4, 15];
when we applied an optimal cutoff, we found that gXR but
not CAD4TB had lower specificity among women compared
with men. Reduced CAD accuracy among women could, in
part, be due to breast attenuation in some women, which re-
duces visualization of pertinent anatomy in the lower lung
zones, especially if post-TB scarring is also present. Notably,

when applying a fixed abnormality threshold, only small differ-
ences in CAD’s performance were observed according to HIV
status, which was limited to among those without prior TB,
where the specificity was lower in HIV-positive persons.
These findings largely are in concordance with those from a
South African study that reported comparable accuracy of
CAD among HIV-positive and -negative individuals [28].

Irrespective of the CAD abnormality threshold (fixed or op-
timized), CAD systems generally fell short of achieving the min-
imum TPP specifications for TB screening and triage tools (90%
sensitivity and 70% specificity) among different subpopulations
[2]. At CAD thresholds required to achieve a 90% sensitivity, ex-
tremely low specificity (<30%) was observed for both CAD soft-
ware systems among all persons with a previous TB history. This
could be associated with substantially increased programmatic
costs when this subgroup of patients is being evaluated for
TB, due to a large proportion of patients requiring subsequent
microbiological testing. However, patients with previous TB
are at increased risk of drug-resistant TB (DR-TB), and thus it
is important that triage tests in this subgroup retain high sensi-
tivity—potentially at the cost of reduced specificity—in order to
not delay the diagnosis of DR-TB. When applying optimized
CAD cutoffs, diagnostic accuracy was significantly better in
men compared with women for gXR and for HIV-negative
compared with HIV-positive persons for both CAD systems re-
gardless of prior TB status. Nonetheless, both software systems’
performance only approximated minimum TPP specifications
among HIV-negative persons with (gXR only) and without pre-
vious TB (qXR and CAD4TB) [2]. While optimal CAD thresh-
olds differed substantially according to both sex and HIV status
among participants with previous TB, there tended to be smaller
differences in optimal CAD thresholds among participants
without previous TB. Additionally, the optimal abnormality
thresholds in our study were significantly lower than those re-
ported in the Bangladesh study [4]. Collectively, this suggests
that defining and implementing optimal CAD cutoffs for triag-
ing of TB among persons with previous TB—and potentially ac-
counting for additional individual characteristics such as sex
and HIV status—will be extremely important as access to this
technology is scaled-up across different high-TB-burden set-
tings [6, 14, 29]. It will also be important for future studies to
evaluate the feasibility of different strategies for implementing
differential CAD cutoffs to account for patient characteristics.

Strengths of this study were the inclusion of a large number
of consecutively enrolled individuals from both community
and health facility contexts in a high-HIV/TB-prevalence set-
ting. Second, no participant CXR images in the present study
were used for training of the CAD products, which mitigated
the risk of overestimation of their accuracy. Third, our analysis
of CAD performance among those with and without previous
TB was further stratified by sex and HIV status, which has
not been previously reported.
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There were, however, some limitations. First, we were unable to
compare CAD’s performance with manually read CXRs.
However, in a study in which we compared expert human readers’
performance with a reference standard, we also found that there
was a limitation in discriminating radiographic changes due to
scarring from old TB compared with changes due to prevalent, ac-
tive TB [21]. Second, previous TB disease was based on self-report
rather than programmatic records. Due to TB-related stigma, a
small number of participants may not have reported their previ-
ous TB history, resulting in misclassification. Third, Xpert
MTB/RIF was used as the reference standard. It is less sensitive
than culture, which could have led to some patients with culture-
positive, Xpert-negative TB being incorrectly classified as not hav-
ing TB. Further, due to persistently positive Xpert MTB/RIF re-
sults among patients with previously treated TB [30], a small
number of false-positive results may have contributed to the
high prevalence of TB within this subpopulation. Also, partici-
pants in our analysis were predominantly drawn from a health fa-
cility setting, where a large proportion were HIV-positive, had
previous TB, and were highly symptomatic for TB; this may limit
the generalizability of our findings to community- and lower-level
health settings where lower risk and less symptomatic persons—
earlier in their disease course—may first be evaluated [22].
Finally, this study excluded asymptomatic persons (given the
small number of such participants) and did not have data to per-
form analyses by smear status, both of which should be assessed as
part of future evaluations of the performance of CAD for TB
screening and triage.

In conclusion, CAD4TB and qXR had excellent overall dis-
criminatory value as triage tools for TB; however, accuracy
for both software systems was substantially decreased among
those previously treated for TB when applying a fixed abnor-
mality threshold. The optimal CAD threshold for detecting ac-
tive TB disease differed substantially by previous TB history
and further stratified by sex and HIV status. This suggests
that different CAD threshold cutoffs are needed when triaging
individuals with a previous TB history to optimize diagnostic
performance in this population. Further evidence is needed re-
garding the performance of CAD software stratified according
to the characteristics of the individual being evaluated, to allow
for improved patient-specific and setting-specific calibration of
CAD within local TB-control programs.
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