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Summary
Background We aimed to understand host factors that affect discriminatory performance of a transcriptomic signa- ~ eBioMedicine 2022;77:
ture of tuberculosis risk (RISKi1). 103886
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Methods HIV-negative adults aged 1860 years were evaluated in a prospective study of RISK11 and surveilled for ’
ebiom.2022.103886

tuberculosis through 15 months. Generalised linear models and receiver-operating characteristic (ROC) regression
were used to estimate effect of host factors on RISKi11 score (%marginal effect) and on discriminatory performance
for tuberculosis disease (area under the curve, AUC), respectively.

Findings Among 2923 participants including 74 prevalent and 56 incident tuberculosis cases, percentage marginal
effects on RISKi11 score were increased among those with prevalent tuberculosis (+18-90%, 95%CI 12-66—25-13),
night sweats (+14-65%, 95%CI 5-39—23-91), incident tuberculosis (+7-29%, 95%CI 1-46—13-11), flu-like symptoms
(+5-13%, 95%CI 1-58—8-68), and smoking history (+2-41%, 95%CI 0-89—3-93) than those without; and reduced in
males (—6-68%, 95%CI —8-31—5-04) and with every unit increase in BMI (—0-13%, —95%CI —o0-25—0-01). Adjust-
ment for host factors affecting controls did not change RISKi1 discriminatory performance. Cough was associated
with 72-55% higher RISKi1 score in prevalent tuberculosis cases. Stratification by cough improved diagnostic perfor-
mance from AUC = 0-74 (95%CI 0-67—0-82) overall, to 0-97 (95%CI 0-9o—1-00, p < 0-00I) in cough-positive par-
ticipants. Combining host factors with RISKir improved prognostic performance, compared to RISKi1 alone,
(AUC = 0-76, 95%CI 0-69—0-83 versus 0-56, 95%CI 0-46—0-68, p < 0-001) over a 15-month predictive horizon.

Interpretation Several host factors affected RISKi1 score, but only adjustment for cough affected diagnostic perfor-
mance. Combining host factors with RISKi11 should be considered to improve prognostic performance.
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Articles

Research in context

Evidence before this study

We conducted a systematic review, by searching Med-
line, Scopus, Web of Science, and EBSCO with compre-
hensive search terms for “tuberculosis”, “diagnosis”,
“prognosis”, “transcriptional”, “blood”, “signatures” and
“performance”, for studies conducted in English and
published between January 2005 and May 2019. Several
host blood transcriptomic signatures with promising
diagnostic and prognostic performance for tuberculosis
disease have been developed. Non-TB pathogens, such
as HIV and respiratory viruses, are thought to affect the
readout of signatures like RISK11 that include inter-
feron-stimulated genes. Only one previous study com-
pared differential  diagnostic accuracy among
predefined population subgroups but did not evaluate
the effect of several factors on the diagnostic perfor-
mance of the signatures. Thus, a critical deficiency in
transcriptomic biomarker development is the lack of
understanding as to whether, and to what extent, host
factors negatively affect discriminatory accuracy and
contribute to a transcriptomic biomarker ‘performance
ceiling’. It is not known whether tuberculosis signatures
such as RISK11 should be adjusted for host factors that
limit performance, or whether host factors that improve
performance should be included in a combination clini-
cal-transcriptomic signature to improve accuracy.

Added value of this study

To our knowledge, this is the first report that compre-
hensively evaluates the effect of host factors on discrim-
inatory performance of transcriptomic signatures in HIV-
negative individuals. We present evidence from a large
longitudinal study in a tuberculosis-endemic setting
that several tuberculosis-independent host factors
affected the RISK11 signature readout in people without
tuberculosis, but adjustment for these host factors did
not alter discriminatory performance. By contrast, a
tuberculosis-dependent host factor, cough, was associ-
ated with a 72-55% marginal increase in RISK11 score in
prevalent tuberculosis cases and stratification by cough
status showed significantly improved signature perfor-
mance in people with cough. A combination signature
including both host factors and RISK11, compared to
RISK11 alone, did improve prognostic accuracy for inci-
dent tuberculosis that occurred at least 12 months after
testing, a predictive horizon beyond which transcrip-
tomic signature performance is known to deteriorate.
However, the combination signature did not improve
diagnostic or short-term prognostic accuracy of RISK11
within six months of tuberculosis disease, a time-frame
within which transcriptomic signature performance is
thought to be optimal.

Implications of all the available evidence

Although the host blood transcriptomic signature
RISK11 is affected by tuberculosis-independent host fac-
tors, implementation as a triage or prognostic test for

tuberculosis would not require adjustment for these
host characteristics. By contrast, the tuberculosis-depen-
dent host factor cough has a major impact on signature
performance. Discriminatory performance in people
with cough is excellent (AUC=0-97); poor performance
(AUC=0-72) in people without cough suggests that
RISK11 and similar transcriptomic signatures that detect
interferon signalling genes may not be useful as triage
tests for active case-finding of subclinical tuberculosis
disease. This finding illustrates that cough status is a
major contributor to the performance ceiling of host
blood transcriptomic biomarkers of tuberculosis. Inclu-
sion of host factors with the transcriptomic biomarker
in a combination signature may mitigate the deteriora-
tion in signature performance over distant prognostic
horizons, but does little to improve short-term perfor-
mance. Future discovery and validation studies should
examine the impact of host factors on performance of
host blood transcriptomic signatures of tuberculosis
across different populations and geographical settings.

Introduction
Tuberculosis is a major public health problem, killing
approximately 1-4 million people in 2019." Effective
tuberculosis prevention and control requires rapid diag-
nosis and treatment of tuberculosis cases and early
identification of individuals likely to develop tuberculo-
sis so that they can be treated timeously to interrupt dis-
ease progression. However, quick and accurate
tuberculosis diagnosis and prediction of progression to
tuberculosis disease is hindered by inadequate available
tests.”™

Several studies have shown that host blood transcrip-
tomic signatures can be used for both tuberculosis dis-
ease diagnosis and to predict progression to
tuberculosis disease.”” 7 However, tuberculosis-indepen-
dent host factors may affect signature readout in indi-
viduals without tuberculosis (controls), whereas
tuberculosis-dependent host factors would only affect
signature readout in individuals with tuberculosis
(cases), and potentially affect discriminatory perfor-
mance. For example, factors independent of tuberculo-
sis risk that increase biomarker scores among controls,
such as viral infections,” might increase the false-posi-
tive test rate, whilst host factors that decrease signature
score in tuberculosis cases, such as increasing age and
male sex,”'° might reduce sensitivity. Tuberculosis-spe-
cific characteristics such as disease severity, might also
influence the classification performance of the test.”
Therefore, host factors that shift biomarker distribution
among cases and controls should be accounted for
when evaluating discriminatory performance of diag-
nostic tests,” to allow calculation of covariate-specific
performance metrics (outcomes based on stratification
of a specific covariate), or covariate-adjusted perfor-
mance metrics (averaged outcomes which account for
each covariate so that a better assessment of
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classification is obtained than the crude result).” Host
factors that contribute to accurate classification might
be combined with the biomarker to create a combina-
tion risk score with improved diagnostic or predictive
performance.""

We previously discovered and validated a 16-gene
RNA host blood transcriptomic signature of risk that
identified individuals with prevalent tuberculosis dis-
ease and predicted progression from Mycobacterium
tuberculosis infection to tuberculosis disease.’® This 16-
gene signature was adapted to real-time (RT) quantita-
tive polymerase chain reaction (QPCR) platform and
refined to an 11-gene (RISK11) signature with equivalent
performance.” RISKi1 is comprised of interferon sig-
nalling pathway genes BATF2, ETVy, FCGRiC, GBP1,
GBP2, GBPs5, SCARF1, SERPING1, STAT1, TAP1, and
TRAFD1 (Table S1). RISK11 was recently validated in a
large multi-centre longitudinal study.”® We have previ-
ously shown that people living with HIV (PLHIV) have
significantly higher RISK11 scores, compared to HIV-
uninfected individuals;'® and male sex, older age, and
lower HIV viral load are associated with reduced RISK11
score in PLHIV.>® RISK11 score may also be increased
in the presence of upper respiratory viral pathogens.®
However, it is not known whether or which host factors
affect RISK11 score; and the direction of associations is
not known in HIV-negative individuals. Furthermore,
the extent to which host factors affect discriminatory
performance has not been quantified in HIV-uninfected
populations. Specifically, it is not known whether
RISKi1 should be adjusted for host characteristics, or
whether host characteristics should be included in a
combination signature to improve performance.

If transcriptomic biomarkers are to be implemented
as tuberculosis triage tests it would be important to
account for confounding factors that affect signature
performance. This study aimed to (i) identify and quan-
tify the effect of tuberculosis-independent and tubercu-
losis-dependent host factors on RISKir score in
tuberculosis cases and healthy controls, (ii) quantify the
effect of adjustment for host factors on diagnostic per-
formance of RISKi1 for prevalent and incident tubercu-
losis; and (iii) evaluate the effect on discriminatory
performance of combining RISKi1 with baseline risk
factors for tuberculosis.

Methods

Ethics approval

This analysis is based on the dataset from a randomised
clinical trial (CORTIS),"® conducted between September
2016 and December 2019 in South Africa, which evalu-
ated the performance of RISKi1 for diagnosis of preva-
lent tuberculosis and prediction of incident
tuberculosis. The study was approved by Institutional
Human Research Ethics Committees of the five
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participating sites and was also registered on Clinical-
Trials.gov (NCTo2735590). Written informed consent
was sought and obtained from all participants.

Study design and participants

The methodology and main results have been reported
previously.”® In brief, HIV-uninfected adults between
the ages of 18 and 6o years, with no history of tubercu-
losis disease within the last three years or other co-mor-
bidities, were tested for RISKir at baseline. RISKiz
scores were measured by microfluidic RT-qPCR in
whole blood RNA as previously described.”"® Briefly,
RISKi1 is a model of multiple transcript pairs, each
functioning as a “vote” for tuberculosis risk. The
RISK11 score is the continuous proportion of positive
transcript pair votes for tuberculosis risk, ranging from
0—100%. A score threshold can be set for the RISK11
assay to function as a qualitative (positive/negative) test
for tuberculosis risk. All participants were screened for
prevalent tuberculosis at baseline; those without preva-
lent tuberculosis were followed for up to 15 months for
incident tuberculosis disease. Prevalent tuberculosis
was defined as tuberculosis disease diagnosed within
30 days of enrolment (baseline); thereafter, any tubercu-
losis disease diagnosed was classified as incident dis-
ease. Controls were defined as participants without
prevalent or incident tuberculosis including those with
an unknown outcome at the end of study. Participants
provided two expectorated sputum samples for tubercu-
losis investigation at baseline and end of study (Xpert
MTB/RIF or Xpert MTB/RIF Ultra; Cepheid, Franklin
Lakes, NJ); interim sputum investigation was symptom-
triggered (liquid mycobacterial culture (MGIT, Becton-
Dickinson, USA) and Xpert MTB/RIF or Xpert MTB/
RIF Ultra). Participants presenting with any one or
more symptoms of persistent unexplained cough,
weight loss, chest pains, night sweats, fever, for two
weeks or more; or any haemoptysis within the last two
weeks, were defined as symptomatic. Flu-like symptoms
other than those compatible with tuberculosis were also
recorded. For this analysis, the microbiologically-con-
firmed tuberculosis disease endpoint was defined as
one or more positive sputum samples by Xpert MTB/
RIF, Xpert MTB/RIF Ultra, or MGIT culture. One-sam-
ple positive cases were tuberculosis cases in which col-
lection of confirmatory sputum samples did not yield a
confirmatory positive result within 30 days. Two-sample
positive cases were tuberculosis cases in which collec-
tion of confirmatory sputum samples yielded a confir-
matory positive result within 30 days. Note that the
primary endpoint in the parent study (CORTIS) was
two or more positive sputum samples and for this rea-
son a sensitivity analysis was done for prediction of
tuberculosis risk using baseline characteristics. A chest
radiograph was performed in a sub-set of participants
with microbiologically-confirmed tuberculosis and was
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interpreted by a clinical trial investigator. A positive
chest radiograph was defined by any of the following fea-
tures: hilar or paratracheal lymphadenopathy, miliary pat-
tern, alveolar consolidation, cavitation, pleural effusion,
apical shadows, Ghon focus, or calcified nodules.

Statistical analysis

Statistical analyses were performed using STATA/IC
version 16-1 (StataCorp., College Station, TX, USA) and
MedCalc 20-023 (MedCalc Software Ltd, Ostend, Bel-
gium). Descriptive statistics were computed as either
mean and standard deviation (SD), or median and inter-
quartile range (IQR), depending on the distribution, or
as frequencies and percentages for categorical variables.
The Wilcoxon Rank Sum and Kruskal Wallis tests were
used to compare the distribution of RISKi11 scores and
other numerical variables between two and more
than two groups, respectively. Categorical variables
were compared using the Chi—squared test, or Fish-
er's exact test when the expected frequencies were
<5. Correlation between RISKir score and continu-
ous variables was measured using Spearman’s rank
correlation coefficient.

To quantify the associations between the dependent
variable, RISKi11 score and each of the predictor varia-
bles (host factors) in all participants and specific sub-
groups of interest (controls and prevalent and incident
tuberculosis), univariable generalised linear models
(GLMs) were employed (STATA glm command). A mul-
tivariable GLM was used to estimate the effect of base-
line covariates on RISKir1 score. Since RISKI11 score is a
continuous percentage ranging from o—100%, which
was scaled down to a proportion ranging between o and
1 for modelling purposes, the logit link function, bino-
mial distribution family and a robust error term (vce-
robust) were used in the models.*** The outcome mea-
sure was the percent marginal effect (increase/decrease)
on RISKi1 score associated with each predictor variable
in the model (margins command). The model was built
using the likelihood ratio test method. First, an initial
model with just RISK11 was fitted. Next, nested models
were fitted and compared to the initial model with likeli-
hood ratios. The variable with the smallest additional
Akaike Information Criterion (AIC) and biggest likeli-
hood ratio, thus making the most significant contribu-
tion, was then added to the initial model. The process
was repeated until no variable made a significant
(p > 0-05) contribution to the previous model.

To adjust for covariates and evaluate the effect of
covariates on the discriminatory performance of RISK11
for either prevalent or incident tuberculosis, ROC
regression, using the rocreg command in STATA, was
performed. The parametric option of the rocreg com-
mand was employed to allow adjustment for covariates
and incorporation of sampling weights in the analysis.
First, all variables significantly associated with RISK11

score among tuberculosis-negative controls and varia-
bles significantly associated with RISKi1 among preva-
lent and incident tuberculosis cases in multivariable
generalised linear regression were included in the ROC
regression analyses. All these variables were included in
both the “control population” (adjustment for control
distribution) and “roc model” (covariates affecting ROC
curve) parameters of the ROC regression analysis (Sup-
plementary Table Sva). Next, all non-significant varia-
bles were removed from each respective section, one at
a time until only significant variables remained. Signifi-
cant variables in the control population as confirmed in
ROC regression were included in covariate-adjusted
ROC analyses. Variables significant (p < 0-05) in the
roc model section of ROC regression analysis and there-
fore affecting the ROC curve and by extension discrimi-
natory accuracy, were included in covariate-specific
subgroup ROC analyses."""*** Covariate- specific sub-
group analyses were first performed at a 60% threshold
level, which was the RISK11-positivity cut-off point, and
thereafter performed at the optimal threshold levels for
each subgroup to evaluate whether diagnostic perfor-
mance improved with optimal covariate-specific thresh-
olds compared to the original 60% thresholds. The
Youden Index was used to compute RISKir's optimal
covariate-specific thresholds. Outcome measures for the
ROC regression were the adjusted AUC and the host
factors’ effect magnitude on the ROC curve.

To assess the use of baseline characteristics for the diag-
nosis and prediction of prevalent and incident tuberculosis,
ROC analysis was performed. First, logistic and Cox pro-
portional hazards regression models were constructed
from covariates that were significant predictors of prevalent
and incident tuberculosis (base models) respectively, using
the likelihood ratio test method described above. A base
model of risk for prevalent tuberculosis was constructed
from age, BMI, and cough. A base model of risk for inci-
dent tuberculosis was constructed from BMI, smoking his-
tory, and previous tuberculosis history using the 15-month
follow-up period; and the same base model was applied to
the 6- and 12-month follow-up periods. Binary predictor
variables included in the models had at least 1o tuberculosis
events. The base models were then combined with RISKr1
using logistic regression (incremental value method)" and
Cox regression for prevalent and incident tuberculosis
respectively; in order to evaluate the improvement in classi-
fication performance. Thus, the outcome measure of inter-
est was the AUC resulting from the combination risk score
of RISKi1r and the base model. A risk score (combination
risk score or predicted risk of disease) was computed for
each of the models that was used to construct the ROC
curves. Optimal risk score threshold was based on the maxi-
mal Youden index. The area under the curve (AUC) for
RISKi1r alone and the base model alone were compared to
that of the combined RISKr1-base model AUC to assess the
improvement in AUC. The AUCs were compared using
the Delong et al method within MedCalc.** The univariable
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and multivariable models as well as ROC analysis were
adjusted with probability weights to reflect the CORTIS
screening population.

Clarification is made here that covariate-adjustment
in ROC analysis is different from using covariates in a
predictive model or in incremental value analysis that
also evaluate classification performance.”® When covari-
ates are added in a model evaluating incremental value
or prediction, such covariates contribute to the predicted
probability of the outcome (combination risk score);
usually computed with logistic regression. Thus, the
resultant ROC curve for this combination score differs
from a covariate-adjusted ROC curve of the test. Because
covariates in a combination score contribute to classifi-
cation, the combination score, may perform well even
when the test is a poor classifier, provided that the covar-
iate is a good classifier. In contrast, in covariate adjust-
ment, the classification accuracy of the test is
characterised conditional on the covariate.

Enrolment into CORTIS was dependant on RISKi1
status and for purposes of conducting the study effi-
ciently, roughly 79% of all eligible RISK11+ and only
13% of all eligible RISK11- participants were enrolled.
Thus, the enrolled population was enriched with
RISKir+ participants which required assignment of
probability weights of 1-263 to RISKi1+ and 7-920 to
RISKi1- individuals to obtain estimates of the screened
population. A o-05 significance level was used for statis-
tical significance in all analyses. Unless otherwise
stated, all analyses in this manuscript are based on the
microbiologically-confirmed tuberculosis disease end-
point definition (>1 positive sputum sample) to leverage
the increased number of tuberculosis cases relative to
the double-positive endpoint (>2 positive sputum sam-
ple) used in the parent study (CORTIS). A sensitivity
analysis was performed for baseline predictors of tuber-
culosis risk. Sample size calculation was performed to
ensure that the Primary Objectives of the study could be
addressed and did not consider the secondary analyses
described here. For this reason, the third aim focused
on testing whether baseline host characteristics could
be used to improve performance and not necessarily to
develop a validated model for prediction.

Role of the funding source

The funders had no role in study design, data collection
and analysis, decision to publish, or preparation of this
manuscript.

Results

Baseline characteristics

20,207 volunteers were screened and 2,923 enrolled as
previously described (Supplementary Figure S1). Preva-
lence of tuberculosis at baseline was 1.4% (74/2923,
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adjusted to reflect the screened population, see Meth-
ods) and cumulative tuberculosis incidence was 1-6%
(56/2,849, adjusted) over 15 months. Participant base-
line characteristics by tuberculosis status are shown in
Table 1 (Supplementary Table S2). There were no signif-
icant baseline differences in ethnicity, tuberculosis con-
tact history, and presence of flu-like symptoms among
prevalent tuberculosis cases, those who progressed to
incident tuberculosis, and controls without tuberculosis.
Compared to controls, participants with prevalent tuber-
culosis and those who progressed to incident tuberculo-
sis had lower BMI, higher RISKi1 scores and majority
were males. Additionally, compared to controls, partici-
pants with prevalent tuberculosis were older and had
higher proportions of prior tuberculosis and symptoms;
while those who progressed to incident tuberculosis
had a higher proportion of smoking history.

Factors associated with RISK11 in all participants

First, the factors affecting RISKi1 score in all partici-
pants, including tuberculosis cases and controls were
assessed. In a multivariable generalised linear model,
the percent marginal changes in RISKir score were
higher among participants with prevalent tuberculosis,
those who progressed to incident tuberculosis, those
with a smoking history, flu-like symptoms, or night
sweats; and lower in males, and with every unit increase
in BMI (Figure 1a; Multivariable GLM, p < 0-05). Age,
ethnicity, prior tuberculosis disease, tuberculosis con-
tact history, chest pains, cough, fever, haemoptysis, and
subjective loss of weight were not independently associ-
ated with RISKir score (Table 2).

Next, the factors affecting RISKi1 score in specific
groups of interest were assessed, i.e., tuberculosis-
dependant factors in prevalent and incident tuberculosis
cases; and tuberculosis-independent factors in controls
without tuberculosis.

Factors associated with RISK11 in prevalent
tuberculosis cases

Among participants with prevalent tuberculosis, RISK11
scores were significantly higher in symptomatic
patients (13/74; median = 97-0%, IQR = 93-:1—98-3%)
compared to asymptomatic patients (median = 81-8%,
IQR = 41.6—93-5%; Wilcoxon rank sum test,
p < o-oo1). No differences were observed in RISKi1
scores in participants with or without a history of smok-
ing, prior tuberculosis disease, or household tuberculo-
sis contact history (Supplementary Table S3a). Of the 13
symptomatic patients, 10 were QuantiFERON-positive
(QFT+). Median RISKi11 scores were not different (Wil-
coxon rank sum test, p = 0-80) between the 10 QFT+
(96-54%, IQR=82-68—100-00%) and the three QFT-
(96-97%, IQR = 94-37—99-57%) patients.
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Variable Total A) Prevalent TB B) Incident TB C) Control AvsC BvsC AvsBvsC
n=2,923 n=74 n =56 n=2,793 P-value P-value P-value

Age (median, IQR) 26 (22-33) 29 (24-36) 28 (22-37) 26 (22-33) 0-01 017 0.-01

BMI (median, IQR) 23 (20—-28) 21(18—-24) 20 (19-23) 23(20—298) <0-001 <0-001 <0-001

RISK11 Score (median, IQR) 26 (8—77) 87 (61-96) 67 (15—81) 24 (8-75) <0-001 0-01 <0-001

Male sex (n, %) 1,338 (45-8) 47 (63-5) 33(58-9) 1258 (45-1) 0-01 0-04 0-01

Ethnicity (n, %)

Caucasian 4(0-1) 0(0) 0(0) 4(0-1)

Mixed 968 (33-1) 34 (45-9) 26 (46-4) 908 (32-5) 0-08 0-18 0.06

Black 1,947 (66-6) 40 (54-1) 30 (53:6) 1,877 (67-2)

Asian 4(0-1) 0(0) 0(0) 4(0-1)

Smoking history (n, %) 1,478 (50-6) 45 (60-8) 41(73-2) 1,392 (49-8) 0-08 0-01 <0-001

Prior TB (n, %) 230(7-9) 19 (25-7) 8(14-3) 203 (7-3) <0-001 0-06 <0-001

TB contact history (n, %) 462 (15-8) 15(20-3) 9(16-1) 438 (15-7) 0-33 0-85 0-53

Flu-like symptoms (n, %) 134 (4-6) 4 (5-4) 1(1-8) 129 (4-6) 0-78 0-52 0-66

TB Symptoms

Chest pains (n, %) 30(1-0) 4 (5-4) 0(0) 26 (0-9) 0-01 1-00 0.-01

Cough (n, %) 58 (2-0) 12(16-2) 0(0) 46 (1-6) <0-001 1-00 <0-001

Fever (n, %) 3(0-1) 1(1-4) 0(0) 2(0-1) 0-08 1-00 0-13

Haemoptysis (n, %) 2(0-1) 1(0) 0(0) 2(0-1) 1.00 1-00 1-00

Loss of weight (n, %) 41(1-4) 5(6-8) 0(0) 36 (1-3) 0-01 0-48 0-01

Night sweats (n, %) 32(1-1) 7 (9-5) 1(1-8) 24 (0-9) <0-001 0-39 <0-001

Any symptom (n, %) 123 (4-2) 13(17-6) 1(1-8) 109 (3-9) <0-001 072 <0-001
Table 1: Baseline characteristics of enrolled participants by TB status.
For continuous data, p values were computed using Wilcoxon Rank Sum test between two groups and Kruskal Wallis test for more than two groups. For cate-
gorical data, p values were computed using Fischer’s exact test. P-values are not corrected for multiple comparisons. Participants that were not diagnosed with
tuberculosis and did not complete follow-up for any reason were included in controls. Point estimates are computed using the enrolled population. See Supple-
mentary Table 2 for adjusted point estimates to reflect screening population. IQR, inter-quartile range. BMI, body-mass index.

Among the 28 prevalent tuberculosis cases in whom a
chest radiograph was done, RISK11 scores were signifi-
cantly higher in the 19 patients with a chest radiograph
suggestive  of tuberculosis (median = 97-8%,
IQR = 68-4—99-6 vs median = 65-8, IQR = 15-6—85-3%;
Wilcoxon rank sum test, p = 0-03, Supplementary Figure
S2a). One-sample sputum positive cases had lower RISK1t
scores (Supplementary Figure S3a), and a significantly

lower proportion of chest radiographs suggestive of tuber-
culosis, compared to two-sample positive cases (33% vs
86%; Fisher's exact, p = 0-02).

In the analysis of factors affecting RISK11 score in
the 74 prevalent tuberculosis cases, multivariable
regression identified cough as the only factor affecting
RISKi1 score. Participants with a baseline cough were
predicted to have a RISKir score that was higher by
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Figure 1. Predicted marginal effects on RISK11 by different host factors in (a) all participants, (b) participants with prevalent tubercu-
losis, and (c) participants without tuberculosis. Prev TB, Prevalent tuberculosis. N Sweat, Night sweats. Smoking, Smoking history.
Flu-like, Flu-like symptoms. BMI, Body-mass index. Incid TB, Incident tuberculosis. Prior TB, Prior tuberculosis. The midline indicates
the percentage marginal effect and the error bars indicate the 95% Cls.
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Variable n =2,923 Univariable Analysis Multivariable Analysis
B. Coef. (95%Cl) P-value B. Coef. (95%Cl) % Marginal effect (95%Cl) P-value
Age (median, IQR) 26 (22-33) 0-01 (0-001—-0-01) 0-02 - -
BMI (median, IQR) 23 (20-28) -0-01 (-0-01-0-01) 0-56 -0-01 (-0-01-0-01) -0-13 (-0-25—-0-001) 0-04
Male sex 1,338 (45-8) -0-27 (-0-36—-0-19) <0-001 -0-40 (-0-49—-0-30) -06-68 (-8-31—-5-04) <0-001
Race: Black (Reference) 1,947 (66-6) - - - -
Asian 4(0-1) -0-16 (-0-96—0-64) 0-69 - -
Caucasian (n, %) 4(0-1) -0-49 (-1-34—0-35) 0-25 - -
Mixed (n, %) 968 (33-1) 0-37 (0-29—0-46) <0-001 - -
Smoking history (n, %) 1,478 (50-6) 0-06 (-0-02—0-14) 0-16 0-14 (0-05—0-23) 2-41 (0-89—3-93) <0-001
Prior TB (n, %) 230(7-9) 0-24 (0-08—0-40) 0-01 - -
TB contact history (n, %) 462 (15-8) -0-06 (-0-16—0-05) 0-30 - -
Flu-like symptoms (n, %) 134 (4-6) 0-32(0-11—-0-54) 0-01 0-30 (0-09—0-52) 5-13(1-58—-8-68) 0.-01
Chest pains (n, %) 30(1-0) 0-17 (-0-28—0-61) 0-46 - -
Cough (n, %) 58 (2-0) 0-45(0-13—0-78) 0-01 - -
Fever (n, %) 3(0-3) 0-89 (-0-29—2-07) 0-14 - -
Haemoptysis (n, %) 2(0-1) -0-26 (-1-35—-1-16) <0-001 - -
Loss of weight (n, %) 41(1-4) 0-1(-0-25—0-45) 0-59 - -
Night sweats (n, %) 32(1-1) 0-92 (0-36—1-48) 0-01 0-87 (0-32—1-42) 14-65 (5-39—23.91) 0.-01
Prevalent TB (n, %) 74 (2-5) 1-12 (0-75—1-49) <0-001 1-12 (0-75—1-49) 18-90 (12-66—25-13) <0-001
Incident TB (n, %) 56 (1-9) 0-41 (0-06—0-77) 0-02 0-43 (0-09—0-78) 7-29 (1-46—13:11) 0-01
Table 2: Univariable and multivariable generalised linear models of the predictors of RISK11 score in all participants.
IQR, inter-quartile range. BMI, body-mass index. 8. Coef., Beta coefficient.
% Marginal effect. Percentage marginal change in RISKi1 score associated with each respective predictor variable.

72:55% (95%CI 58-06—87-03) compared to those
without cough (Figure 1b, Table 3a, Supplementary
Table S4).

Factors associated with RISK11 in incident tuberculosis
cases

Participants with incident tuberculosis were predomi-
nantly asymptomatic at baseline (Table 1) and showed
no significant differences in baseline RISKi1 score
among those with or without a smoking history

(median scores 66% vs 69%; Wilcoxon rank sum test,
p = 0-39), prior tuberculosis disease (42% vs 70%; Wil-
coxon rank sum test, p = 0-26), or a household tubercu-
losis contact history (66% vs 67%; Wilcoxon rank-sum
test, p = 0-93, Supplementary Table S3b). A chest radio-
graph was performed at diagnosis in 36 participants
and baseline RISKi1 scores were not significantly differ-
ent between the 25 patients with a positive chest radio-
graph and the 11 with a negative chest radiograph
(median = 67:1%, IQR = 9:1—90-0% vs 48.9%,
IQR = 15-2—72.7%; Wilcoxon rank sum test, p = 0-58;

Variable Multivariable Analysis
B. Coef. (95%Cl) % Marginal effect (95%Cl) P-value
A: Prevalent TB; Age (median, IQR) 29 (24-36) -0-03 (-0-06—0-01) -0-65 (-1-34—0-04) 0-07
n=74 Cough (n, %) 12(16-2) 3-23 (2:45—3.94) 72-55 (56-08—87-03) 0-01
B: Controls; Male sex 1,258 (45-0) -0-36 (-0-45—-0-27) -5-99 (-0-749—-4-50) <0-001
n=2793 Smoking history (n, %) 1,392 (49-8) 0-16 (0-07—0-25) 2:74 (1.24—4.24) <0-001
Prior TB (n, %) 203 (7-3) 0-18 (0-01—0-35) 3.03 (0-25—5-82 0-03
Flu-like symptoms (n, %) 129 (4-6) 0-26 (0-05—0-48) 4-39 (0-80—7-98) 0-02
Night sweats (n, %) 24(0-9) 0-76 (0-14—1-38) 12-69 (2-34—23-04) 0-02

IQR, inter-quartile range. BMI, body-mass index. B. Coef., beta coefficient.

Table 3: Multivariable generalised linear models of the predictors of RISK11 score in prevalent TB cases and controls.
Multivariable models for the factors associated with RISK11 score in (A) prevalent TB cases and (B) controls not diagnosed with either prevalent or incident TB.
Complete univariable and multivariable models of this table are shown in Supplementary Tables 3 and 5.

% Marginal effect. Percentage marginal change in RISKi1 score associated with each respective predictor variable.
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Supplementary Figure S2b). However, overall, one-sam-
ple sputum positive cases had lower RISK11 scores (Sup-
plementary Figure Sse(f), and a significantly lower
proportion of chest radiographs suggestive of tuberculo-
sis, compared to two-sample positive cases (43% vs
86%; Wilcoxon rank sum test, p = o-o1). Stratification
by diagnostic window showed that one-sample sputum
positive incident cases diagnosed between months 2—6
and 7—12 (Supplementary Figure S3b and 3c, respec-
tively) had lower RISKi1 scores compared to two-sample
positive cases but there was no difference in RISKi1
score distribution between the one-sample and two-
sample positive cases diagnosed between months 13—15
(Wilcoxon rank sum test, p = 0-89; Supplementary
Figure S3d).

In the analysis of factors affecting RISKir score in
the 56 incident tuberculosis cases, flu-like symptoms
and night sweats showed an association with RISK11 in
univariable analysis (Supplementary Table Ss). How-
ever, a multivariable model could not be fitted due to
insufficient positive observations of participants with
flu-like symptoms or night sweats n =1).

Tuberculosis-independent factors affecting RISK11 in
controls

Among controls who remained tuberculosis-free
through 15 months, those with any baseline symptom
(109/2,793; median RISKi1 scores of 48% vs 23%; Wil-
coxon rank sum test, p < 0-o01), baseline night sweats
(71% vs 24%; Wilcoxon rank sum test, p = o-o1), flu-like
symptoms (61% vs 23%; Wilcoxon rank sum test,
p < o-oo1), prior tuberculosis disease (43% vs 23%; Wil-
coxon rank sum test, p = 0-02), and females (34% vs
16%; Wilcoxon rank sum test, p < o-oo1) had signifi-
cantly higher baseline RISKi1 scores (Supplementary
Table S3c). 2,603 of the 2,793 tuberculosis-free controls
were asymptomatic and also free from flu-like symp-
toms compatible with tuberculosis, of which 960 (960/
2,603) had elevated (>60%) RISKir scores
(median = 84-0%, IQR =70-1—94:4%).

Analysis of factors affecting RISKir score in the
2,793 controls without tuberculosis using multivariable
regression identified smoking history, prior tuberculo-
sis, flu-like symptoms, night sweats, and sex as signifi-
cant factors affecting RISKir in controls. The
percentage marginal effect on RISK11 score were higher
in participants with a smoking history, prior tuberculo-
sis, flu-like symptoms, or night sweats than in those
without these characteristics; and lower in males than
females (Multivariable GLM, p < o-os; Figure 1ic,
Table 3b, Supplementary Table S6).

Effect of host factors on RISK11 signature performance
Next, the effect of these baseline covariates on diagnos-
tic and prognostic performance of RISKir for

tuberculosis was assessed using ROC regression analy-
sis. RISK11 diagnostic performance (AUC 0-74, 95%CI
0-67—0-82) and prognostic performance through 15-
months follow-up (AUC 0-56, 95%CI 0-46—0-68) for
the one-sample positive tuberculosis cases was previ-
ously reported using nonparametric methods'®. In the
current analysis, a parametric method was used to allow
adjustment for covariates and incorporation of sampling
weights; the unadjusted parametric ROC analysis
yielded results that were similar to the published non-
parametric analysis with diagnostic AUC of o-72
(95%CI ©0-65—0-80) and prognostic AUC of o-59
(95%CI 0-51—0-60).

Adjustment for tuberculosis-independent host fac-
tors that significantly altered RISK11 distribution in con-
trols (i.e. BMI, sex, night sweats, haemoptysis, flu-like
symptoms, and smoking history) did not significantly
alter the AUC for diagnostic performance for prevalent
tuberculosis (AUC o-72 vs o0-72;Delong method,
p = 0-98). Similarly, the covariate-adjusted AUC for
prognostic performance through 15-months follow-up
(0-60, 95%CI: 0-52—0-67; Delong method, p = 0-94)
did not significantly differ from the crude AUC
(Figure 2).

Baseline cough and flu-like symptoms were the two
factors that affected (Multivariable ROC regression,
p < o-oo1) discriminatory performance of RISKir in
prevalent and incident tuberculosis cases, respectively,
in ROC regression (Supplementary Table S7a,b). Covar-
iate-specific ROC curves computed for cough showed a
high discrimination between cough-positive prevalent
tuberculosis cases and cough-positive controls (AUC
0-97, 95%CI 0-9o—1-00). In contrast, the AUC for dis-
criminating cough-negative prevalent tuberculosis cases
from cough-negative controls was o-72 (95%CI
0-65—0-79; Delong method, p < o-oo1, Figure 3a,
Table 4c). Diagnostic accuracy improved from 62-2% in
all to 94-6% in cough-positive individuals, at the 60%
RISKii-positivity threshold (Table 4a vs 4c). The opti-
mal cough-specific RISKi1-positivity thresholds were
76% and 26% for cough-positive and cough-negative
individuals respectively; and using these thresholds
marginally improved covariate-specific performance of
RISKiz (Table 4c¢ vs 4d). Covariate-specific ROC curves
were not computed for discriminating incident tubercu-
losis cases from controls in participants with and with-
out flu-like symptoms, because only one individual with
incident tuberculosis had flu-like symptoms.

Combination of RISK11 with host factors

An assessment of whether combining RISKir score
with other baseline variables would improve discrimina-
tory performance was made. Univariable and multivari-
able baseline predictors of either prevalent or incident
tuberculosis and performance of these models is shown
in Table 5. In multivariable analyses, the significant
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Figure 2. Crude and covariate-adjusted ROC curves for the discrimination of (a) prevalent TB from controls and (b) incident TB from
controls. The crude and covariate-adjusted ROC curves are superimposed in both figures (a) and (b). The ROC curves are adjusted
for BMI, sex, night sweats, haemoptysis, flu-like symptoms, and smoking history in both instances.

host predictors of prevalent tuberculosis were age, BMI,
and cough, which formed the base model for preva-
lent tuberculosis (Table s5a). Combining the base
model with RISKi1 discriminated prevalent tubercu-
losis from controls with an AUC of 079 (95%CI
0-77—0-87), a non-significant (p = 0-06) increase of
5% compared to the 074 (95%CI 0-67—0-82) for
RISKir1 alone (Figure 3b).

Similarly, host predictors included in the incident
tuberculosis base model were BMI, smoking history,
and previous tuberculosis history (Table 5b—d). Com-
bining the incident tuberculosis base model with

RISKiz significantly improved discrimination between
incident tuberculosis and controls, from AUCs of 0-62
(95%CI o-51—0-73) and 0-56 (95%CI 0-46—0-68) for
RISKiz1 alone, to AUCs of 0-80 (95%CI 0-70—0-90;
Delong method, p = o0-02) and o076 (95%CI
0-69—0-83; Delong method, p < 0-001) for the combi-
nation model, over 12- and 15-month prognostic hori-
zons respectively (Table s5c,d, Figure 3c). However,
combination of the incident tuberculosis base model
with RISKi1 did not significantly improve prediction
compared to RISKi1 alone (Delong method, p = o-11)
through a 6-month follow-up period (Table 5b).
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Figure 3. Performance of RISK11 when stratified by cough status and when combined with host factors. (a) Covariate-specific ROC
curves for the diagnostic performance of RISK11 in cough-positive n = 58) and cough-negative (n = 2,865) individuals. Crude
(RISK11 only), and combination ROC curves for discriminating (b) prevalent TB versus controls, and (c) incident TB versus controls
through 15 months follow-up. Baseline model AUCs were derived from predictive models containing age, BMI, and cough for preva-
lent TB; and BMI smoking history, and previous TB history for incident TB.
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d) Covariate-Specific

c) Covariate-Specific

a) Crude b) Crude

Statistic

2,865

Cough- RISK11(26)' n

=58

=n

=2,865 Cough+ RISK11(76)'n

Cough- RISK11(60)' n

=58

Cough+ RISK11(60)'n

2,923

RISK11(26)' n

2,923

RISK11(60)' n

3.9(2:23-6:77) 13-4 (8-2—22.0) 4.4 (2:0-9-4)

10-7 (6:3—18-1)

4-86 (2:57—11-70)

4.8(2:9-8-2)

PR, (95%Cl)

0-97 (0-90—100-0) 0-72 (0-65—0-79)

0-72 (0-65—0-79)

0-97 (0-90—100-0)

0-74 (0-67—-0-82)

AUC, (95%CI)

60-0 (46-4—71-9)

100-0 (73-5—100-0)
92-4 (79-2—97-6)

28-1(16-9-40-2)
91-1(90-0—92-1)
4.0 (2:9-5-3)

100.-0 (73-5—100-0)
89-2 (76:4—96-4)

62:9 (47-0—80-5)

33.2(23:4—-47-6)

Sensitivity, % (95%Cl)
Specificity, % (95%Cl)

PPV % (95%Cl)
NPV % (95%Cl)

74.9 (73-:3-765)
3.0(2:2-41)

747 (73-1-76-4)
3-3(2:3-4-6)

91-1(91-0-91-2)
4.9 (3.7-6-2)

46-2 (26-6—66-6)

37.5(21-1-56-3)

99-3 (98-7—-99.7)

100 (89-1—100-0)

99.0 (98-4—99-4)

100 (86-8—100-0)
94-6 (85:6—98-9)

993 (98.9-99.7)

99.0 (98-5-99-4)

96-2 (88:1—99-6) 67-5 (65-8—69-2)

59:6 (57-8—61-4)

68-8 (67-1—70-5)

62-2 (60-4—64-0)

Accuracy, % (95%Cl)

Table 4: Crude and cough-specific performance estimates for RISK11 at various thresholds.

Covariate-specific subgroup analyses were first performed at 60% threshold level, which was the RISK11-positivity cut-off point, and thereafter performed at the optimal threshold levels for each subgroup, to evaluate whether diag-

nostic performance improved with optimal covariate-specific thresholds compared to the original 60% thresholds

tNumbers in brackets following RISK11 denote the RISKi11-positivity threshold. Cough-specific thresholds in (d) were the optimal thresholds at the maximal Youden index.

PR, prevalence ratio. AUC, area under the curve. PPV, positive predictive value. NPV, negative predictive value.

Discussion

We have shown that although several host factors
affected RISK11 readout, adjustment for tuberculosis-
independent host factors affecting controls did not
change diagnostic or prognostic performance of the
RISKi1 transcriptomic signature. However, stratifica-
tion for cough status, a tuberculosis-dependent factor
that was associated with a 72-55% marginal increase in
RISKi1 score in those with prevalent tuberculosis, sig-
nificantly improved discriminatory accuracy in individu-
als with cough. However, diagnostic performance in
individuals without cough was poor.

We also showed that although certain host factors
affecting RISK1r1 score are also associated with tubercu-
losis risk, incorporation of these host factors into a com-
bination signature did not significantly improve
diagnostic performance for prevalent tuberculosis. By
contrast, combining baseline host factors with RISK11
significantly improved discrimination of incident tuber-
culosis from controls compared to RISKi1 alone over
the longer 12- and 15-month predictive horizons. These
findings may also be generalisable to other transcrip-
tomic signatures that, like RISKi1, include interferon-
stimulated genes.

These findings build upon our previous work that
showed the effect of HIV infection' and upper respira-
tory viral pathogens on RISKi1 score;® and on the work
of others who have evaluated the effect of host factors
on performance of transcriptomic signatures® and
combined biomarkers and clinical variables to improve
prediction of tuberculosis risk and treatment
outcomes.'***” In addition to identifying host charac-
teristics associated with changes in RISKir score and
tuberculosis risk, we have quantified the effect of these
host factors on the ability of RISKi1 to discriminate
between participants with prevalent tuberculosis or inci-
dent tuberculosis from controls without tuberculosis.

Viral or other infections in participants without
tuberculosis cannot be excluded as the cause of the
raised RISK11 scores since we did not test for respiratory
or other pathogens. In a sub-study that co-enrolled 286
participants and tested for upper respiratory tract patho-
bionts in nasopharyngeal and oropharyngeal swabs,
RISKi1 was able to differentiate between participants
with prevalent tuberculosis and those with no patho-
bionts detected or only bacterial pathobionts. However,
RISKir could not differentiate between participants
with prevalent tuberculosis and those with upper respi-
ratory tract viruses.® Similarly, HIV infection has been
associated with raised RISKi1 scores, especially in those
with uncontrolled viral load, and was associated with
diminished performance in one study where most par-
ticipants were not on antiretroviral therapy,' but associ-
ated with good performance in another study where
most participants were on stable antiretroviral
therapy.*®
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Group Model Variable Univariable Analysis Multivariable Analysis a >1 positive sputum sample) >2 positive sputum sample) P
OR (95%(Cl) P-value OR (95%Cl) P-value AUC (95%Cl) AUC (95%CI) {
(a) Prevalent TB RISK11 only RISK11 1-03 (1-02—1-04) <0-001 — 0-74 (0-67—0-82) 0-77 (0-68—0-86) 0-54
Base Model Age 1-06 (1-03—1-08) <0-001 1-06 (1-:04—1-10) <0-001 0-76 (0-69—0-84) 0-42
BMI 0-91 (0-85—0-98) 0-01 0-90 (0-83—-0-97) 0-01 0-72 (0-65—0-79)
Cough 5-01(2:37—10-57) <0-001 2:63(1-10—6-27) 0-03
Base Model + RISK11 Age 1-06 (1-03—1-08) <0-001 1-06 (1-03—1-09) <0-001 0-79 (0-73—-0-85) 0-83 (0-77—0-89) 0-38
BMI 0-91 (0-85—0-98) 0-01 0-90 (0-84—0-97) 0-01
Cough 5-01(2:37—10-57) <0-001 2.23(1-05—4-73) 0-04
RISK11 1-03 (1-02—1-04) <0-001 1-03(1-:02—1-03) <0-001
Group Model Variable Univariable Analysis Multivariable Analysis >1 positive sputum sample) >2 positive sputum sample)
HR (95%Cl) P-value aHR/ (95%Cl) P-value AUC (95%Cl) AUC (95%CI) P
(b) Incident TB through RISK11 only RISK11 1-02 (1-00—1-04) 013 - 0-62 (0-45—-0-79) 0-95 (0-92—1-00) 0-01
6 months Base Model BMI 0-90 (0-77—1-05) 017 0-90 (0-80—1-02) 0-09
Smoking 1.73 (0-34—8:73) 0-51 1-11 (0-29—4-18) 0-88 0-66 (0-49—0-83) 0-58 (0-34—0-82) 0-64
Prior TB 4-85(0-71-33-12) 0-11 4-50 (0-71—-28-47) 0-11
Base Model + RISK11 BMI 0-90 (0-77—1-05) 017 0-90 (0-80—1-02) 0-10
Smoking 1-74 (0-34—8-80) 05 1-10 (0-29—4-19) 0-89 0-73 (0-57—0-89) 0-96 (0-85—1-00) 0-02
Prior TB 4-89 (0-7—33-87) 0-11 416 (0-64—26-91) 013
RISK11 1.02 (1-00—1-04) 013 1.02 (0-99—-1-04) 017
(c) Incident TB through RISK11 only RISK11 1-02 (1-00—1-03) 0-01 - 0-62 (0-51—0-73) 0-80 (0-65—0-94) 0-04
12 months Base Model BMI 0-84 (0-76—0-93) 0-01 0-87 (0-80—0-94) 0-01
Smoking 3.69(1-21-11-26) 0-02 2.22(0-76—6-49) 0-15 0-77 (0-67—-0-87) 0-76 (0-63—0-89) 0.92
Prior TB 4.02 (1-26—12-84) 0-02 3.38(1-01-11.31) 0-05
Base Model + RISK11 BMI 0-84 (0-76—0-93) 0-01 0-87 (0-80—0-94) 0-01 0-80 (0-70—0-90) 0-87 (0-76—0-98)
Smoking 3.69(1-21-11-26) 0-02 2:21(0-76—6-44) 0-15 033
Prior TB 4-02 (1-26—12-84) 0-02 3.15(0-94—10-54) 0-06
RISK11 1-02 (1-00—1-03) 0-01 1-01 (1-00—1-03) 0-02
(d) Incident TB through RISK11 only RISK11 1.01 (1-:00—1-02) 0-01 - 0-56 (0-46—0-68) 0-63 (0-47—0-80) 0-30
15 months Base Model BMI 0-87 (0-80—0-94) 0-01 0-90 (0-83-0-97) 0-01 0-74(0-66—0-82) 0-80 (0-70—0-90) 0-34
Smoking 3.92(1-76—-8:74) 0-01 2-62(1-13—6-08) 0-03
Prior TB 3.09(1-27-7-51) 0-01 2-61(1-03—-6-57) 0-04
Base Model + RISK11 BMI 0-87 (0-80—0-94) 0-01 0-90 (0-82—0-97) 0-01
Smoking 3.92 (1-76—9-08) 0-01 2-61(1-14—6-24) 0-03 0-76 (0-69—0-83) 0-82 (0-73—-0-92) 0-32
Prior TB 3.09(1-27-7-51) 0-01 2-46 (1-00—6-20) 0-05
RISK11 1-01 (1-00—1-02) 0-01 1-01 (1-00—1-02) 0-02
Table 5: Performance of RISK11, base models, and combination models for TB disease.
All modelling data shown in this table is based on the one-sample positive endpoint definition (>1 positive sputum sample) which was the primary endpoint for this analysis. Point estimates for prevalent tuberculosis are adjusted
odds ratios (aOR) and those for incident (Tables b—d) tuberculosis are adjusted hazard ratios (aHR). AUCs shown with ‘i’ are based on a sensitivity analysis computed using the two-sample positive endpoint definition (>2 positive
sputum samples) which was the primary endpoint in CORTIS. The corresponding model output data for the two-sample positive endpoint are not shown. BMI, body-mass index. AUC, area under the curve. P values comparing the
AUCs for the one-sample versus two-sample positive endpoint definition were computed using the Delong method in MedCalc.
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In a recent study, it was shown that transcriptomic
signatures have good discriminatory capacity for tuber-
culosis disease in participants presenting with symp-
toms compatible with tuberculosis.*® We also
previously showed that diagnostic performance of
RISKir for prevalent tuberculosis was superior in symp-
tomatic tuberculosis cases, compared to cases of sub-
clinical tuberculosis,"® which form a large proportion of
tuberculosis cases in community prevalence surveys.*?
Here, we evaluated which symptom component under-
lies this difference in performance. Cough was the only
host factor that was significantly associated with a raised
RISKi1r1 score in participants with prevalent tuberculosis,
with a 72-55% marginal increase in RISK11 score com-
pared to cough-negative cases, and cough affected dis-
criminatory performance in ROC regression. Cough is
the most common manifesting symptom of symptom-
atic tuberculosis disease and thus typically distinguishes
symptomatic from subclinical presentation, which may
be associated with less severe disease, as suggested by
higher Xpert/MTB RIF Ct values in subclinical dis-
ease.’® The superior performance of RISKi1r in partici-
pants with symptomatic tuberculosis disease which
may be associated with severe inflammation, suggests
induction of interferon signalling resulting in elevated
signature scores that drive the superior discriminatory
performance. We found that RISK11 had excellent diag-
nostic performance at a 76% RISKi1-positivity threshold
in a small number of cough-positive individuals and
similar performance at 26% RISKi1-positivity threshold
in cough-negative individuals to that of the crude esti-
mates at a 26% RISKii-positivity threshold (Table 4).
Although discriminatory performance for screening of
asymptomatic individuals might be improved by using
a different threshold than for symptomatic patients, the
use of multiple thresholds for different populations
would complicate interpretation and likely hinder
implementation in the field.

Several host characteristics, including some factors
associated with tuberculosis risk, were associated with a
significantly increased or decreased RISKir score in
controls. Although we surmised it might be important
to incorporate covariate information in assessing dis-
criminatory performance, we showed that RISK11 per-
formance was not different between covariate-adjusted
and crude ROC curves (Figure 2).

Several studies have shown that combining bio-
markers with host risk factors may significantly
improve classification capacity.#'5>%*73" Sivakumaran
et al found that signature performance for predicting
tuberculosis treatment outcomes was improved when
they combined host-derived biomarkers with patient
characteristics.”” We demonstrated that combining the
significant clinical predictors of incident tuberculosis
through 12- and 15-months with RISKi1 significantly
improved discriminatory capacity compared to RISKiz
alone, but not for incident tuberculosis through 6-

months, or for prevalent tuberculosis. This important
finding demonstrates that a classification model consist-
ing of RISKi1 plus baseline characteristics may improve
discriminatory capacity for predicting incident tubercu-
losis through longer predictive horizons at which tran-
scriptomic  signature  performance  deteriorates.
Alternatively, a signature discovered in asymptomatic
participants might be required in a classification model
to improve short term classification of incident
tuberculosis.>*

Weaknesses of our study may include the fact that
we used a tuberculosis disease endpoint definition
based on one positive sputum sample, as used in the
public health system. However, one-sample sputum
positive cases were predominantly subclinical, with
fewer chest radiographs suggestive of tuberculosis, and
lower RISKi11 scores compared to the two-sample spu-
tum positive cases (Supplementary Figure S3). It is
therefore not surprising that the one-sample-positive
endpoint showed poorer RISK11 performance compared
to a two-sample-positive endpoint used in the CORTIS
trial, which increases the potential for host factors to
improve performance in a combination model. Further-
more, although we found that RISK11 performance was
better in participants with a cough, this was based on a
relatively small sample size. Baseline predictors per-
formed well relative to RISK11 for prediction of tuberculo-
sis risk over longer time-frames. It should be noted that
this study reports the training cohort for these host fac-
tors and validated performance would require testing in
an independent cohort. Strengths of this study include
the large study sample, large number of tuberculosis
cases, and the fact that the study recruited from five geo-
graphically distinct areas throughout South Africa with
unique population demographics. These findings from
five geographically distinct sites are broadly representative
of community settings with high prevalence of undiag-
nosed subclinical tuberculosis in South Africa. They may
not be applicable to other countries with low rates of prev-
alent and incident tuberculosis.

This study highlights that the discriminatory perfor-
mance of RISKi1 and potentially other transcriptomic
signatures may be affected by host factors and the tuber-
culosis endpoint definition. Although this study showed
that only cough influenced discriminatory performance
of RISKi1, further work may be warranted in high-risk
populations, for example PLHIV or other co-morbidities
such as diabetes mellitus. Future transcriptomic sig-
nature discovery studies should not ignore host char-
acteristics in their design. Evidence from this study
suggests that presence or absence of cough has a
major impact on diagnostic performance for tubercu-
losis disease, which might severely limit the utility
of transcriptomic biomarkers for triage and active
case-finding approaches for subclinical tuberculosis,
which forms a large proportion of prevalent tubercu-
losis in endemic communities.*?
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