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Summary
Background Biomarkers correlating with Mycobacterium tuberculosis infection activity/burden in asymptomatic individuals are urgently needed to identify and treat those at highest risk for developing active tuberculosis (TB). Our
main objective was to identify plasma host protein biomarkers that change over time prior to developing TB in people living with HIV (PLHIV).
Methods Using multiplex MRM-MS, we investigated host protein expressions from 2 years before until time of TB
diagnosis in longitudinally collected (every 3-6 months) and stored plasma from PLHIV with incident TB, identified
within a South African (SA) and US cohort. We performed temporal trend and discriminant analyses for proteins,
and, to assure clinical relevance, we further compared protein levels at TB diagnosis to interferon-gamma release
assay (IGRA; SA) or tuberculin-skin test (TST; US) positive and negative cohort subjects without TB. SA and US
exploratory data were analyzed separately.
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Findings We identified 15 proteins in the SA (n=30) and 10 in the US (n=24) incident TB subjects which both
changed from 2 years prior until time of TB diagnosis after controlling for 10% false discovery rate, and were significantly different at time of TB diagnosis compared to non-TB subjects (p<0.01). Five proteins, CD14, A2GL, NID1,
SCTM1, and A1AG1, overlapped between both cohorts. Furthermore, after cross-validation, panels of 5 – 12 proteins
were able to predict TB up to two years before diagnosis.
Interpretation Host proteins can be biomarkers for increasing Mycobacterium tuberculosis infection activity/burden,
incipient TB, and predict TB development in PLHIV.
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Research in context
Evidence before this study
Prior to the detection of M. tuberculosis (Mtb) in body
ﬂuids (e.g. sputum) or tissue at the time of diagnosing
active tuberculosis (TB), Mtb infection activity or burden
cannot be determined in vivo without biopsy and histology or complex radiographic imaging tools such as Positron Emission Tomography – Computed Tomography
(PET-CT). Therefore, it is not possible to determine who
among asymptomatic individuals presumed to be
infected with Mtb will remain asymptomatic/latently
infected and who will, or is, progressing to TB. A few
well-designed longitudinal studies have recently identiﬁed transcriptomic, metabolic, and proteomic signatures predicting progression to TB in HIV uninfected
individuals. Albeit with cohort-speciﬁc variability in performance, TB predictive transcriptomic signatures have
been validated by different groups up to 3 - 24 months
before diagnosis, with best performance in predicting
short-term risk. However, transcriptomics require expertise and tools for RNA-sequencing. Furthermore, studies
have not investigated host protein markers for increasing Mtb infection activity/burden in people living with
HIV (PLHIV) who are at particularly high risk for developing TB and would beneﬁt from regular screening of easily detectable markers integrated into routine HIV care.
Added value of this study
We identiﬁed human host proteins correlating with
increasing Mtb burden from up to two years prior until
time of TB diagnosis in PLHIV. A set of 5 candidate proteins overlapped between South African and US HIVinfected cohort subjects with incident TB, indicating
that these markers are upregulated irrespective of TB
endemic region and level of CD4 counts. Moreover, for
the South African cohort, a panel of 5 – 6 protein
markers met the WHO target for a predictive TB test up
to one year prior to TB diagnosis. These plasma host
proteins can, in contrast to gene signatures, be detected
with simple and rapid tests, and can be markers for
increasing Mtb burden, detection of incipient TB, and
prediction of TB development prior to clinical signs and
symptoms in PLHIV.
Implications of all available evidence
Complementary to transcriptomic, metabolic, and
proteomic signatures predicting progression to TB in
HIV uninfected individuals, our data provide important
insights into the host responses associated with
increased Mtb infection activity/burden in PLHIV. We
show that proteins can serve as easily detectable
plasma biomarkers for increasing Mtb burden prior to
TB diagnosis in PLHIV. If further validated, our results
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can inform the development of simple blood tests that
could be integrated into routine outpatient follow-up
visits of PLHIV and trigger screening and monitoring for
TB when proteins are elevated. Used as a single platform, or, when combined with other biomarkers, as a
multi-platform tool, such tests can aid in both optimizing the timing and increasing the effectiveness of TB
preventive or therapeutic therapy in PLHIV.

Introduction
Active tuberculosis (TB) is a major global public health
problem and the leading cause of death among people
living with HIV (PLHIV).1 To fill gaps in the current TB
diagnostic armamentarium, accurate and easily detectable non-sputum-based biomarkers correlating with
increasing Mycobacterium tuberculosis (Mtb) burden in
asymptomatic individuals with remote or recent Mtb
infection are urgently needed.2,3 Such biomarkers are
critical for: i) predicting the risk of TB development; ii)
detecting the early onset of disease; and iii) monitoring
antituberculous treatment response.3 Furthermore, the
need for such biomarkers is particularly high in the setting of HIV co-infection, a major risk factor for TB
development.3–6 Although asymptomatic latent Mtb
infection (LTBI) and TB are often seen as binary states,
disease due to reactivation of endogeneous remote
infection is preceded by a continuum of increasing Mtb
replication progressing to incipient, subclinical and clinical TB disease (reviewed in7–11). Depending on the level
of immunosuppression, this process can last months to
years before developing symptomatic and clinically diagnosable TB.7–10 Similarly, TB due to exogeneous new or
reinfection is preceded by increasing infection activity,
albeit at an often faster rate than that of more remote
infection.2
Prior to the detection of Mtb in body fluids (e.g. sputum) at the time of diagnosing active tuberculosis (TB),
Mtb infection activity cannot be determined in vivo, to
date, without complex radiographic imaging tools such
as Positron Emission Tomography – Computed Tomography (PET-CT).11–13 Because HIV infection increases
the risk for TB development 30 – 60 fold, the World
Health Organization (WHO) recommends TB preventative drug therapy for all PLHIV living in TB endemic
regions.6,14 However, the effect of preventative therapy
is often not durable, and there are associated sideeffects.15–18 More so, TB preventative therapy may be
inadequate in treating PLHIV with undiagnosed
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incipient or subclinical TB.12,19 Because only a portion
of those infected with Mtb develop TB, easily detectable
non-sputum-based biomarkers correlating with Mtb
burden in asymptomatic individuals could serve as
screening or triage tools to identify both PLHIV at risk
for progressing to TB and those with early disease.
The only currently available simple (for use by first
contact providers) point-of-care (POC) test for the rapid
diagnosis of TB is based on the detection of the Mtb cell
wall glycolipid lipoarabinomannan (LAM) in urine.
Because this lateral flow test (AlereLAM) has an overall
test sensitivity of below 50% for TB, which changes to
around 56% in patients with advanced HIV,20 the
World Health Organization (WHO) has endorsed its
use only for HIV-infected patients with CD4 counts <
100 cells/µl.21 A recently developed new generation
urine lateral flow POC test (FujiLAM) has shown
enhanced sensitivitity in PLHIV.22 Nevertheless, the
detection of LAM in urine is dependent on a sufficiently
high Mtb burden which typically coincides with disease
manifestations. A handful of well-designed longitudinal
studies have recently investigated human host biomarker signatures predicting TB but have focused predominantly on HIV-uninfected adolescents and
household contacts. These show mostly transcriptomic,
but also metabolic and proteomic signatures predicting
TB between 3 - 24 months before diagnosis, albeit with
cohort-specific performance variability and higher accuracy in the months closer to TB diagnosis.23–27 One
study in PLHIV reported a transcriptomic signature
that was able to differentiate between recurrent TB progressors and non-progressors 3 months prior to TB
diagnosis,28 and another found transcripts of complement pathways and Fcɣ receptors upregulated in
PLHIV with subclinical TB.29 However, studies have
not investigated host protein markers of increasing Mtb
burden years prior to TB diagnosis in PLHIV, who i)
can differ considerably from HIV uninfected individuals
in their TB presentation and host reponses (reviewed
in7,30); ii) are at particulary high risk for developing TB;
and iii) would benefit from easily detectable markers
that could be integrated into routine HIV follow-up
visits.
In our prior cross-sectional studies, using liquid
chromatography and mass spectrometry (MS), followed
by multiplex multiple reaction monitoring MS (MRMMS), we identified host proteins that were significantly
differentially expressed in the sera of US HIV uninfected and co-infected patients with TB compared to
those who were Mtb uninfected, had LTBI, or other
respiratory diseases.31 In a subsequent study with Ugandan TB household contacts, we further found several
overlapping host proteins to be associated with tuberculin skin-test (TST) conversion, indicative of initial Mtb
infection.32 In the current study, using a panel of 163
TB host protein biomarkers identified in our prior
studies,31,32 we investigated longitudinally collected
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(every 3-6 months) and stored plasma samples from
prospectively followed HIV-infected subjects from two
distinct cohorts followed in South Africa (SA) and the
US. Our main objectives were to i) identify plasma host
protein biomarkers that increase (or decrease) over time
in PLHIV prior to TB diagnosis and, to assure clinical
relevance, are also significantly different at time of TB
diagnosis compared to non-TB subjects; and ii) enhance
our understanding of host proteins involved in pathogenesis during the loss of Mtb control. Our secondary
objective was to identify panels of biomarkers that can
predict TB development up to two years prior to diagnosis. Our secondary differs from our primary objective in
not requiring a significant change of biomarkers over
time. We hypothesized that plasma host proteins can
serve as biomarkers for increasing Mtb burden, incipient TB, and predict TB development in PLHIV.

Materials and methods
Subjects and study design
To address our specific objectives in the absence of existing reference standards for Mtb infection activity/burden prior to TB diagnosis, we tested longitudinally
collected and stored plasma samples from adult SA and
US HIV-infected cohort subjects up to two and a half
years (30 months) pre and one and a half years (18
months) post TB diagnosis. Inclusion criterion was a
diagnosis of TB during follow-up time (as defined
below) and exclusion criterion was a lack of a sample
within 6 months prior to TB diagnosis. Sample size was
based on all subjects identified with incident TB in each
cohort. Our longitudinal analysis focused on host protein expression changes from two years before until
time of TB diagnosis, a time-frame for which we had
samples from all incident TB subjects available. When
available, time-points up to 30 months pre and 18
months post diagnosis were included in the testing for
better visualization of protein expression over time and
to be able to examine whether significant protein
expression changes reversed in the year post TB diagnosis (tertiary objective). To assure clinical relevance, we
tested and compared expressions of host proteins
between TB subjects at time of diagnosis and interferon-gamma release assay (IGRA; SA) or TST (US)
positive and negative cohort subjects who had not developed TB. Inclusion criterion for non-TB subjects was an
available IGRA (SA) or TST (US) result, and exclusion
criterion was less than 3 year follow-up duration. For
each subject with incident TB in each cohort, we sampled two non-TB subjects from the same cohort with
equal numbers of IGRA (SA) or TST (US) positive and
negative subjects. This was done because TB, especially
in the setting of HIV co-infection, can be the result of
reactivation of a remote or new Mtb infection. Non-TB
subjects were not matched, but to avoid
3
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overrepresentation of subjects with high CD4 counts
among those without TB, we stratified TB subjects in
each cohort by CD4 count quartiles at the time of TB
diagnosis (< 100, 101 – 200, 201 – 300, and > 300 cells/
mm3), and randomly sampled, depending on availability, equal or similar numbers of IGRA positive and negative (SA Sinikithemba) and TST positive and negative
(US WHIS) non-TB subjects from each CD4 quartile in
each cohort. Each cohort was investigated and exploratory data analysed separately.
Cohort descriptions. Subjects from SA were enrolled
within the Sinikithemba cohort which was based in
Durban and followed over 500 HIV-infected men and
women from 2003 - 2011 to study HIV clade C virus
infection.33 Subjects from the US were enrolled within
the Women's Interagency HIV Study (WIHS) cohort,
one of the largest and longest US-wide cohorts. This
cohort was established in 1993 to investigate the impact
of HIV infection on women in the US, is ongoing, and
follows several thousand HIV-infected women.34–36 All
subjects in both cohorts had documented HIV infection
and were seen either around every 3 months (Sinikithemba) or every 6 months (WIHS). None of the SA
cohort subjects included in this study were on antiretroviral therapy (ART) against HIV, whereas, depending
on year of enrollment and follow-up period, US subjects
were on ART with at least two drugs against HIV. During follow-up visits, routine laboratory (e.g. CD4 counts
and HIV viral load (VL)), physical exams and interviews
were performed, and blood drawn, aliquoted, and frozen
at -80°C until needed.
Incident TB and Non-TB definitions. TB and non-TB
subjects were selected at the end of follow-up. Data
sources were medical records (SA) and the WHIS
cohort database. Cohort subjects with incident TB were
defined as those who, as per medical records (SA) or
WHIS database (US) were diagnosed with TB and
treated with antituberculous drugs during the follow-up
duration of the original cohort study. For the SA TB
subjects, TB diagnosis was established through a combination of TB-associated symptoms and physical findings with supporting radiographic imaging, detection of
acid fast bacilli in sputum, mycobacterial cultures, and/
or body fluid analysis or histology consistent with TB.
For the US TB subjects, a cohort subject was entered
into the database as having TB when reported by their
health care provider or a microbiology lab to the respective US state department of health as being diagnosed
with TB. Because subjects in both cohorts were followed
for HIV progression and not specifically for TB, the
time of TB diagnosis among SA Sinikithemba cohort
subjects was considered equivalent to the date a physician recorded the diagnosis of TB in the medical
records. Medical records were reviewed by study personel on a quarterly basis. For the US WIHS subjects,
for whom medical records were not available, we used
the date a subject was reported to a US state department
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of health as having TB. Non-TB subjects were defined
as cohort subjects who never developed TB during their
follow-up in the original study. Although it cannot be
guaranteed that non-TB subjects did not become a case,
they had at least one-year follow-up time beyond the
plasma time-point analyzed to assure TB did not occur.
Non-TB subjects from the SA Sinikithemba cohort were
tested by an interferon-gamma release assay (IGRA).
These were performed at several follow-up visits in the
form of enzyme-linked immunosorbent spot (ELISpot)
assays, measuring interferon-gamma secretion from
peripheral blood mononuclear cells in response to stimulation with peptide pools from the RD1 proteins
ESAT6 and CFP10, and were performed and interpreted as described.37 Only subjects with concordant
positive or negative results were included. Non-TB subjects from the US WHIS cohort had Tuberculin skintest (TST) results available. TSTs were only performed
once at baseline and, as per guidelines for HIV-infected
individuals, were considered positive at a cut-off of 5
mm.38 As per guidelines, IGRA and TST positive subjects were considered Mtb infected38; none of the subjects received TB preventative therapy.
Ethics statement. Human blood sample collections for
the performed studies were approved by the Biomedical
Research Ethics Committee (BREC) of the University of
KwaZulu-Natal (E028/99) and the Institutional Review
Boards (IRBs) of each WHIS site.34–36 All patients studied gave written informed consent. The studies were
further approved by the IRB of the Albert Einstein College of Medicine (2006-428).

Sample processing and data acquisition
All plasma samples were aliquoted on the day of blood
draw and stored at −80°C until testing. For the incident
TB subjects, consecutive longitudinal samples were
processed. Due to restricted funds, testing of non-TB
subjects was limited to a single time-point around a
recent IGRA or TST. The plasma samples from each
cohort were processed and analyzed independently.

Blinding. All plasma samples were randomly coded
by a computer program and all personnel involved in
testing were blinded as to the clinical information associated with each sample. Samples were grouped into
blocks containing each of the clinical groups and the
order of the samples within each block was randomized.
Each processing batch contained a balanced number of
disease groups comprising around 21 test plasma and 3
standard human plasma quality control samples
inserted at the beginning, middle, and end of each
batch.
Sample processing. Samples were processed for
LC-MS/MS as described.31,32 Briefly, samples were
www.thelancet.com Vol xx Month xx, 2021
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depleted of abundant proteins using an HSA/IgG column (Agilent Technologies, Mississauga, ON) in tandem with an IgY14 and Supermix (Sigma, Oakville,
Ontario) column. The flow through was digested with
trypsin, freeze-dried, desalted, distributed into triplicate
96-well plates, and vacuum evaporated. Sample plates
were stored at -20°C until injection by LC-MS/MS.

Data acquisition. Acquisition of MRM-MS data was

done as described.31,32 Briefly, peptide separation was
achieved using a BioBasic C18 column (Thermo; 320
μm × 150 mm, 5 μm particle size). The optimal two transitions per peptide were determined using selected reaction monitoring (SRM)-triggered MS/MS on a QTRAP
5500 instrument (AB Sciex). The two most intense fragment ions (b or y fragment ions only) in the MS/MS
spectrum and its elution time were determined for each
acquired peptide and the collision energy (CE) was optimized for all of the chosen transitions. Sample processing variability was measured using aliquots of pooled
plasma that were inserted at regular intervals among
the study samples and taken through the entire analysis. For the SA cohort the process quality control sample
CV was 16.8% and for the US cohort the process quality
control sample CV was 16.1%.
Protein biomarker data acquisition was done using a
previously defined MRM-MS assay containing 163 proteins. These proteins have been previously shown to be
differentially expressed in either US immigrants with
TB compared to LTBI and other respiratory diseases
stratified by HIV-infection status,31 or in newly Mtbinfected HIV negative Ugandan TB household contacts
32
. Expression analysis of MRM-MS data was performed
using R version 3.3.1. An intensity threshold (IT) below
which the measure is deemed less reliable was determined empirically and set to 10,000 pre-normalization.
A detection rate (DR) was defined as the proportion of
samples within a group with a raw intensity value
greater or equal to the IT. Transitions with DR below
50% in both incident TB and asymptomatic groups
were excluded from expression analysis. Differential
intensity (DI) ratios were calculated in pair wise comparisons for each transition as the ratio of the average
normalized intensities of each group.

Statistical methods

Analysis of temporal trend for each protein. TaggedPData from incident TB subjects ranging from 24.5
months before to 12.5 months after TB diagnosis and,
due to costs, one instead of several time-points for all
non-TB subjects were included separately for SA and
US cohorts for trend analyses. Because we expected that
proteins correlating with Mtb infection activity/burden
would show changes in temporal patterns of the
www.thelancet.com Vol xx Month xx, 2021

intensities, we fit a linear spline model with the changepoints at TB diagnosis. To account for within-person
correlation for repeated measures, random intercept of
subject-specific effect was included.39 We fit the following model for each protein:

yij ¼ μk þ zi β0 þ zi β1 tj þ zi β2 tj 1 tj > 0 þ θi þ ϵij
where yij was the normalized plasma protein level of ith
subject at jth visit which occurred tj months before or
after TB diagnosis, zi was the binary indicator of TB
subjects (1 for TB, 0 for non-TB), μk (k=1,2,3,4) was the
mean intensities among the non-TB subjects with the
same CD4 level at baseline as ith subject: the lowest
(<100 cells/mm3), second (101-200), third (201-300),
and the highest level (> 300) of CD4. θi was the subjectspecific Gaussian random intercept, and ϵij was the
Gaussian mean-zero residual with a common variance.
For each protein, we tested two main hypotheses:
H0: β0=0 and H0: β1=0, and one secondary hypothesis
H0: β2 ¼ 0. The test for the first main hypothesis was
the comparison of protein intensities between the nonTB subjects and the TB subjects at TB diagnosis.
Because both IGRA/TST positive and negative PLHIV
are clinically relevant non-TB subjects, they were combined for comparison of protein levels to TB subjects at
time of TB diagnosis. The second main hypothesis
examined whether the slope during the 24 months
period prior to TB diagnosis among the TB subjects was
flat. And, as an additional (tertiary) objective, the third
test examined whether the slope after TB diagnosis
among the TB subjects was different from the pre-diagnosis slope. We controlled for type 1 error at 0.01 for the
between-group (TB vs. non-TB) comparison, and for
false discovery rate (FDR) at 10% for the pre-diagnosis
trend test using Benjamini & Hochberg's method.40
The FDR is the rate that significant features are truly
null. For example, an FDR of 10% means that among
all features called significant, 10% of these are truly null
on average. Because the post-diagnosis test was a tertiary objective, the results were not adjusted for multiple
testing.

Prediction of TB. We used linear support vector
machines (SVMs)41,42 recursively to identify the proteins contributing the most to distinguish TB subjects
from non-TB subjects at 0 – 6 months, 6 – 12 months,
12 – 18 months, and 18 – 24 months prior to TB diagnosis. Recursive use of SVM, a machine-learning method
for binary outcomes to select features and build a diagnostic or prognostic model, is well established in the
field of genetic data, MRI images, and patient-level clinical data.43–46 It can be used to select features and build
the models when there are large number of potential
predictors with collinearity. Rather than analyzing individual proteins, this method finds a set of proteins that
work together in distinguishing two sample groups.47
5
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To avoid overfitting and information leakage, both the
variable selection and the model fitting steps were
included in leave-one-out cross-validation (supplemental figure 1). First, we randomly selected one test sample
and fit SVM with remaining training samples with all
host proteins as predictors and calculated the probability
that the test sample would be TB. Then, using backward
selection approach, we removed the protein with the
least absolute linear coefficient at each iteration until no
proteins remained in the model. As we removed each
protein, we recorded the TB probability of the test sample and which proteins remained in the model. We
repeated this until each sample was once selected as a
test sample. Thus, for each number of proteins
(between 1 and 143/163 for SA and 138/163 for US, the
targeted proteins detected in greater than 50% of samples), we calculated the TB probability. Then, using true
TB and non-TB status, the area under the curve (AUC)
of ROC was calculated. We then chose the number of
proteins (i.e. model complexity, say k) that corresponded
to the highest AUC and selected the k proteins that were
most frequently selected in the models with size k.
These analyses were performed separately for the SA
and US cohorts. Each protein intensity was scaled by
the standard deviation of the non-TB subjects and the
incident TB subjects between 30.5 months before and
12.5 months after TB diagnosis. All analyses were performed using statistical software R.48

Role of funding source
The funders had no role in study design, data collection,
data analyses, interpretation, or writing of the paper.

Results
Protein biomarkers predictive of onset of HIV-associated TB were identified using plasma samples from the
two distinct cohorts - the Sinikithemba cohort, representing SA as a region with high TB incidence and the
WHIS cohort, representing the US as a region with low

TB incidence. Within the SA cohort, 31 subjects with
incident TB were identified with one subject excluded
due to lack of a sample within 6 months prior to TB
diagnosis (Table 1). Of the 30 SA TB patients, 15 were
diagnosed with pulmonary TB, and 15 with extrapulmonary TB or both pulmonary and extrapulmonary TB.
Twelve of the 30 TB patients had a history of prior TB.
Diagnosis was established through a combination of
TB-associated symptoms with supporting radiographic
imaging, detection of acid fast bacilli in sputum, mycobacterial cultures, and/or body fluid analysis or histology consistent with TB. Within the US cohort, 24
subjects with incident TB were identified (Table 2).
Information on organ involvement was not available
but none of the US TB subjects was reported to have
had a history of prior TB.
For the SA cohort, 382 samples and, for the US
cohort, 147 samples were analyzed. For the SA samples,
143/163 (90%) and, for US samples, 138/163 (85%) of
the targeted proteins were detected in greater than 50%
of samples, the threshold for their inclusion in statistical analyses. Both cohorts displayed significant differential expression changes in a subset of proteins leading
up to TB diagnosis with many of these reversing significantly in the months post TB diagnosis, presumably
due to treatment response. We considered proteins to
be markers of increasing Mtb infection activity/burden
if they met significance at 10% FDR in the pre-diagnosis
trend test among the incident TB subjects during the 24
months period prior to TB diagnosis. To assure this was
clinically meaningful, the protein level at time of TB
diagnosis needed to be also significantly different from
the non-TB subjects at a more stringent p < 0.01.
Because both IGRA/TST positive and negative PLHIV
are clinically relevant non-TB subjects, they were combined for comparison of protein levels to TB subjects at
time of TB diagnosis. The magnitude of temporal
changes in plasma protein levels (slope) for both SA
and US cohort over the 24 months prior to TB diagnosis
is depicted in Figure. 1. Detailed values for all proteins,
including those for changes up to 18 months post TB

P value

Characteristics

SA TB+ (n = 30)

SA Non-TB (n = 62)

Female (%)

22 (73)

47 (76)

0.801

Age, mean years (±SD)

37 (12)

35 (9)

0.302

IGRA+ (%)

NA

31 (50)

NA

ART (%)

0

0

NA

CD4 cells/mm3, median (IQR)

306 (239-375)

293 (231-439)

0.983

VL log median, copies/ml (IQR)

5.03 (4.32-5.35)

4.29 (3.42-4.79)

0.0023

Table 1: South African incident TB cases and controls.
Subjects were all HIV+ and enrolled within the Sinikithemba cohort. CD4 cell counts listed for TB patients are those closest to time of TB diagnosis.
IGRA: Interferon-gamma release assay; ART: antiretroviral therapy (with at least two drugs against HIV); IQR: Interquartile range; VL: Viral load.
1
Chi-square test
2
t test
3
Mann–Whitney U test.
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Characteristics

US TB+ (n = 24)

US Non-TB (n = 48)

P value

Age, mean years (±SD)

39 (7)

38 (6)

0.711]

TST+ (%)

NA

24 (50)

NA

ART (%)

10 (42)

25 (52)

0.402

CD4 cells/mm3, median (IQR)

196 (95-338)

213 (123-433)

0.213

VL log median, copies/ml (IQR)

4.49 (3.74-5.51)

3.79 (2.77-4.93)

0.0043

Table 2: US incident TB cases and controls.
Subjects were all HIV+ and enrolled within the Women’s Interagency HIV Study (WIHS) cohort. CD4 cell counts listed for TB patients are those closest to
time of TB diagnosis.
TST: Tuberculin skin test; ART: antiretroviral therapy (with a minimum of two drugs against HIV at least 6 months prior to TB diagnosis or time of control
subjects’ visit); IQR: Interquartile range; VL: Viral load.
1
t test
2
Chi-square test
3
Mann–Whitney U test.

diagnosis, are provided in supplemental Table 1. The SA
cohort displayed a larger number of proteins meeting
our significance criteria than the US cohort (n = 15 versus 10, respectively), and the set of candidate biomarkers differed in part between SA and US incident
TB subjects. Five markers overlapped between both
cohorts. Specifically, these were soluble CD14, Alpha-2glycoprotein (A2GL), Nidogen-1 (NID1), secreted and
transmembrane protein 1 (SCTM1), and Alpha-1-acid
glycoprotein 1 (A1AG1). Applying a local polynomial
regression (LOESS) fit,49 the temporal expression patterns for proteins meeting significance in both cohorts
are shown in Figure. 2. Temporal expression patterns of

representative examples of host proteins meeting criteria for increasing Mtb infection activity/burden in only
one of the cohorts are shown in Figure. 3. We note that
the expression of only two proteins in the SA (BGH3
and TENX) and one in the US cohort (PLSL) were significantly different at a p < 0.01 [Mann-Whitney U test]
between IGRA or TST positive and negative non-TB
subjects, respectively, and that none of the protein
expressions were significantly different between these
non-TB subjects at 10% FDR in either cohort. Detailed
information for all proteins for pre and post diagnosis
slopes, as well as comparison of TB subjects (at time of
diagnosis) to non-TB subjects, and between IGRA or

Figure 1. Volcano plots of trend analysis showing the signiﬁcance and annual change for the differential expression of host
proteins over time identiﬁed within the SA (A) and US (B) incident TB subjects. The negative log10-transformed p value corresponds with the signiﬁcance of the pre-diagnosis slope during the 24 months prior to TB diagnosis. The horizontal axis shows the
slope per year per standard deviation of intensities. Proteins highlighted in red are those meeting criteria of both signiﬁcant prediagnosis slope (during the 24 months prior to TB diagnosis; FDR<10%) and signiﬁcantly different expression (p < 0.01) in the incident TB subjects at time of TB diagnosis compared to the asymptomatic non-TB subjects (IGRA positive and negative combined for
SA, and TST positive and negative combined for US cohort).
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Figure 2. Temporal expression patterns for individual host proteins meeting criteria for markers of increasing Mtb infection
activity/burden in both SA and US cohorts. Graphs show local polynomial regression (LOESS) ﬁt of the incident TB subjects (n=30
for SA, and n=24 for US) and the mean and 95% conﬁdence intervals for the non-TB subjects (n=62 for SA, and n=48 for US). Criteria
consisted of i) a statistically signiﬁcant slope (from 24 months prior to time of TB diagnosis until time of TB diagnosis) after adjusting
for a false discovery rate (FDR) of 10%, and ii) being signiﬁcantly differentially expressed (p < 0.01) in the incident TB subjects at
time of TB diagnosis compared to a single baseline time-point for the asymptomatic non-TB cohort subjects (IGRA positive and negative combined for SA, and TST positive and negative combined for US cohort). A2GL: leucine-rich alpha-2-glycoprotein, NID1: nidogen-1, SCTM1: secreted and transmembrane protein 1, A1AG1:alpha-1-acid glycoprotein 1.

TST positive and negative non-TB subjects for both
cohorts are listed in supplemental Table 1.
Pathway analysis showed that among the molecular
and cellular functions of the proteins correlating with
increasing Mtb infection activity, cellular compromise
was one of the most prominent in both cohorts (Figure.
4). However, other top functional categories differed
between the two cohorts, indicating potentially different
interactions between Mtb and the host in PLHIV from
SA versus those from the US.

8

To assess the prognostic performance of host proteins, we used SVMs41,42 with cross-validation to avoid
overestimation of predictive accuracy. We identified
panels of 5 – 8 proteins predicting TB development with
excellent accuracy 0 - 6 (AUC 0.93) and 6 - 12 months
(AUC 0.86) prior to TB diagnosis for the SA cohort,
and good accuracy 0 – 6 (AUC 0.74) and 6 – 12 months
(AUC 0.76) prior to TB diagnosis for the US cohort
(Figure. 5; Table 3). Based on the SA data, 5 - 6 candidate proteins (CD248, HYOU1, NID1, PON1, VCAM1
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Figure 3. Temporal expression patterns for examples of individual host proteins meeting criteria for markers of increasing
Mtb infection activity/burden in either only SA (A & C) or only US cohort (B & D). Graphs show local polynomial regression
(LOESS) ﬁt of the incident TB subjects (n=30 for SA, and n=24 for US) and the mean and 95% conﬁdence intervals for the non-TB
subjects (n=62 for SA, and n=48 for US). Criteria consisted of i) a statistically signiﬁcant slope (from 24 months prior to time of TB
diagnosis until time of TB diagnosis) after adjusting for a false discovery rate (FDR) of 10%, and ii) being signiﬁcantly differentially
expressed (p < 0.01) in the incident TB subjects at time of TB diagnosis to a single baseline time-point for the asymptomatic non-TB
subjects (IGRA positive and negative combined for SA, and TST positive and negative combined for US cohort). PIGR: polymeric
immunoglobulin receptor, PLSL: plastin-2, VWF: von Willebrand factor

and APOA1) can predict/detect TB with high accuracy
up to 12 months prior to diagnosis - at a specificity of
80% with a sensitivity of 94% 0 - 6 months prior to TB,
and 86% 6 - 12 months prior to TB. Predictive accuracy
12 - 18 and 18 - 24 months prior to TB diagnosis
remained mostly high (AUC 0.75 and 0.87 for SA,
respectively; and 0.84 and 0.80 for US, respectively)
albeit with different sets of up to 12 markers.
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Discussion
Using MRM-MS and plasma samples from prospectively followed HIV-infected subjects, we identified host
proteins that increase significantly from two years prior
to until time of TB diagnosis, indicating that these proteins correlate with increasing Mtb infection activity/
burden in PLHIV. Subjects from both cohorts, representing SA as a region with high TB incidence and the
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Figure 4. Ingenuity Pathway Analysis (IPA) of most signiﬁcant molecular and cellular functions for host proteins associated
with Mtb infection activity/burden in SA (A & B) or US cohort (C & D). A & C. Top cellular and molecular functions (p < 0.01)
associated with host proteins generated by IPA's Diseases and Functions analysis. P-values refer to the association between a given
protein and function and were calculated using a Right Tailed Fisher's Exact test. B & D. Detailed networks are shown for proteins
within most signiﬁcantly associated functions (-log(p-value) > 6).

US as a region with low TB incidence, displayed significant differential expression changes in partially overlapping subsets of proteins leading up to TB diagnosis. We
identified 15 candidate proteins in the SA and 10 in the
US cohort that met our selection criteria for increasing
Mtb burden - significance for both change over time
after adjusting for 10% FDR and highly significant difference (p < 0.01) at time of TB diagnosis compared to
asymptomatic IGRA or TST positive and negative
cohort subjects who did not develop TB. Many of the
upregulated candidate proteins reversed significantly in

10

the months following TB diagnosis, presumably due to
treatment response. Five proteins, CD14, A2GL, NID1,
SCTM1, and A1AG1, comprising 30 % of the SA and 50
% of the US markers for increasing Mtb infection activity/burden, overlapped between both cohorts.
Although not in this combination, 4 of the 5 proteins
overlapping in both cohorts have been identified in
other, predominantly cross-sectional TB biomarker
studies, corroborating their relevance as candidate
markers for TB. Our most significant marker, CD14, is
a well-characterized pattern recognition receptor for
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Figure 5. Discrimination of patients with incident TB from asymptomatic non-TB subjects at various time intervals prior to
TB diagnosis. Area under the receiver operating curve (AUC) is shown for the (A) SA cohort and (B) US cohort. Non-TB subjects consisted of IGRA positive and negative combined for the SA, and TST positive and negative combined for the US cohort. Performance
of protein panels was assessed using SVM with cross-validation to avoid overﬁtting. AUC values and number of markers are listed in
parentheses; m refers to months prior to TB diagnosis).

microbial ligands, expressed on the surface of monocytes and polymorphonuclear cells.50,51 Its binding to
bacterial and mycobacterial lipopolysaccharide and
other cell wall components induces cellular activation
and secretion of inflammatory cytokines.51–53 Upon
activation, CD14 is shed in soluble form into serum.
Elevated serum concentrations of soluble CD14 have
been found in HIV-uninfected pulmonary TB
patients compared to those with LTBI or no Mtb
infection.54,55 Importantly, in our prior unbiased MSbased screening with biologically unrelated sera from
HIV uninfected as well as co-infected patients from
the US, soluble CD14 was one of the key markers to

Time pre-TB

distinguish TB from both LTBI and other respiratory
diseases.31 Through use of isobaric tags for relative
and absolute quantitation (iTRAQ) combined with
MALDI-TOF-MS, CD14 was further identified among
a set of 26 host proteins significantly increased in
Chinese patients with TB versus those with other
pneumonias.56 Using sandwich ELISA, we recently
further showed significantly elevated soluble CD14
levels in biologically independent sera from SA HIVinfected patients with smear-negative TB compared
to asymptomatic HIV-infected subjects with and
without signs of LTBI.57 Collectively, these data suggest that CD14 is a highly promising marker for

SA cohort

US cohort

0 – 6 mo

CD248, HYOU1, NID1, PON1, VCAM1

CD14, CD166, DSG2, LAMP1, LRP1, NCAM2, R4RL2, VASN

6 – 12 mo

CD248, HYOU1, NID1, PON1, VCAM1, APOA1

APOA1, APOA4, GP1BA, LUM, NID1, PLSL, SCTM1

12 – 18 mo

APOA4, CBPN, CD14, CPN2, LCAT, LUM, LYAM1, PNPH

APOA4, CATA, COL11, LUM, MEGF8, PLSL, SCTM1

18 – 24 mo

CD248, CSTN1, FUCO2, HYOU1, MINP1, MMP2, MYOC,

AMPN, CA2D1, CBPQ, CNTN1, COL11, DPP4, HYOU1,

NID1, PON1, VASN, VCAM1

ICAM1, LAMP1, LUM, PCOC1, PIGR

Table 3: Composition of host protein biomarker panels distinguishing incident TB cases prior to TB diagnosis from controls.
HYOU1: hypoxia up-regulated protein 1; NID1: nidogen-1; PON1: serum paraoxonase/arylesterase 1; VCAM1: vascular cell adhesion protein 1; DSG2: desmoglein-2; LAMP1: lysosome-associated membrane glycoprotein 1; LRP1: prolow-density lipoprotein receptor-related protein 1; NCAM2: neural cell adhesion molecule 2; R4RL2: reticulon-4 receptor-like 2; VASN: vasorin; APOA1: apolipoprotein A-I; APOA4: apolipoprotein A-IV; GP1BA: platelet glycoprotein Ib alpha
chain; LUM: lumican; PLSL: plastin-2; SCTM1: secreted and transmembrane protein 1; CBPN: carboxypeptidase N catalytic chain; CPN2: carboxypeptidase N
subunit 2; LCAT: lecithin–cholesterol acyltransferase; LUM: lumican; LYAM1: L-selectin; PNPH: purine nucleoside phosphorylase; CATA: catalase; COL11: collectin-11; MEGF8: multiple epidermal growth factor-like domains protein 8; CSTN1: calsyntenin-1; FUCO2: plasma alpha-L-fucosidase; MINP1: multiple inositol polyphosphate phosphatase 1; MMP2: matrix metalloproteinase-2; MYOC: myocilin; AMPN: aminopeptidase N; CA2D1: voltage-dependent calcium
channel subunit alpha-2/delta-1; CBPQ: carboxypeptidase Q; CNTN1: contactin-1; DPP4: dipeptidyl peptidase 4; ICAM1: intercellular adhesion molecule 1;
LAMP1: lysosome-associated membrane glycoprotein 1; PCOC1: procollagen C-endopeptidase enhancer 1; PIGR: polymeric immunoglobulin receptor.

www.thelancet.com Vol xx Month xx, 2021

11

Articles

increasing Mtb infection activity/burden and the
early detection of HIV-associated TB.
Less is known about the TB biomarker performance
of NID1 and SCTM1. Also referred to as entactin, NID1
is a multifunctional glycoprotein present in basement
membranes, the sheet of extracellular matrix underlying
epithelial and endothelial cells.58 NID1 is involved in
epithelial cell apoptosis,59 stimulates neutrophil adhesion and chemotaxis,60 and was further recently shown
to regulate natural killer (NK) cell function by modulating cytotoxicity or interferon-gamma (IFN-ɣ) production.61 In our prior unbiased MS-based screening with
biologically unrelated sera, NID1 distinguished TB from
both LTBI and other respiratory diseases in HIV coinfected US patients.31 Recently, it was also identified by
iTRAQTM-coupled LC–MS/MS among a subset of proteins elevated in tuberculous compared to malignant
pleural effusions.62 Even less is known about the TB
biomarker performance of SCTM1, a glycoprotein
expressed by neutrophils, monocytes, and epithelial
cells.63,64 Its expression is inducible by IFN-ɣ, leads to
further IFN-ɣ production, and it costimulates CD4 and
CD8 proliferation.63,64 It has been shown to modulate
neutrophil and lymphocyte activation in airway epithelial cell infection with Streptococcus pneumoniae and
human respiratory syncytial virus.65,66
Of the remaining two candidates overlapping
between SA and US cohorts, we identified both A2GL
(alpha-2-glycoprotein) and A1AG1 (alpha-1-acid glycoprotein 1) in our prior unbiased MS-based screening
with biologically unrelated sera as proteins able to distinguish TB from other respiratory diseases in HIVuninfected subjects.31 A2GL is involved in signal transduction and cell adhesion.67 Also referred to as LRG1
(leucine-rich glycoprotein 1), it has been shown to be
increased in different inflammatory conditions, such as
rheumatioid arthritis and inflammatory bowel diseases.68–70 Serum LRG1 levels were found to be significantly higher in TB patients than healthy non-TB
subjects and declined one month post-treatment.71
A1AG1, also referred to as orosomucoid1 (ORM1), is an
acute-phase protein which has immune-modulating
effects including inhibition of leukocyte adhesion/
migration, decreased neutrophil chemotaxis and superoxide production.72–74 A1AG1 can be a potent inducer of
the largely suppressive M2b macrophage subset leading
to increased susceptibility to opportunistic infections.75–
77
Production of the protein by alveolar macrophages
and type 2 pneumocytes in experimental pulmonary TB
in Balb/c mice suppressed cell mediated immunity and
facilitated bacillary growth.78 A1AG1 has been shown to
distinguish TB from LTBI, and is significantly more
expressed in severe compared to mild TB or uninfected
states in HIV-uninfected subjects.79–81 Despite their
promise as biomarker for TB and Mtb burden, the
increased expression of both A2GL and A1AG1 in a
range of inflammatory conditions warrants further
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assessment of their capability to distinguish TB from
other respiratory diseases in PLHIV.
Several of our identified host proteins met our criteria for increasing Mtb infection activity/burden in one
but not the other cohort, indicating differences in TB
pathogenesis and immune responses between the incident TB subjects from SA and the US. For example, the
polymeric immunoglobulin receptor (PIGR), which
binds and transports locally produced IgA and IgM
from the basolateral to the apical surface of mucosal epithelial cells and enhances the immune functions of
secretory IgA and IgM,82,83 was significantly associated
with Mtb infection activity/burden in the SA but not US
cohort subjects. Little is known of PIGR as a biomarker
for TB. PIGR knockout compared to wildtype mice are
i) more suceptible to airway mycobacterial infection,84
and ii) lose the protective efficacy of respiratory mucosal
immunization with the Mtb whole cell inactivated vaccine MTBVAC.85 Collectively, the data suggest that the
upregulation of PIGR might be an important component of the humoral immune response in the airways of
TB patients to combat the disease. The less pronounced
increase of PIGR expression in the US versus SA incident TB subjects could be due to their lower ongoing
Mtb exposure and/or lower median CD4 count of 196
versus 306, respectively, and their thus higher likelihood of disseminated TB subjects within this cohort,
both hypotheses that warrant further investigation.
By contrast, expression of S100A8 and S100A9, two
highly related proteins, also referred to as Calgranulin
A and B, or migration inhibitory factor-related proteins
8 and 14 (MRP-8 and MRP-14), respectively, was significantly associated with Mtb infection activity/burden in
the US but not the SA incident TB subjects. Released by
primed phagocytes, these proteins promote further
recruitment of neutrophils and monocytes by inducing
production of proinflammatory cytokines and chemokines (reviewed in86,87). Serum levels have been associated with extent of inflammatory lung damage and
disease severity in TB.81,88,89 Consistent with our data
in HIV co-infected incident TB subjects, expression of
S100A8/9 mRNA was increased in HIV uninfected
people who progressed to TB compared to those who
did not, and returned to baseline levels upon TB treatment.90 Interestingly, we observed no increase in
S1008/9 expression in the SA incident TB subjects,
likely due to the already higher baseline levels of these
proteins in the SA compared to the US incident TB subjects up to two years prior to TB diagnosis. Whether a
history of prior TB, which half of the SA TB subjects
had, could have contributed to the higher S1008/9 baseline expression, warrants further investigation.
Our data provide important insights into the pathogenesis associated with increasing Mtb infection activity/burden in PLHIV. Among the molecular and
cellular functions of candidate proteins, cellular compromise was one of the most prominent in both cohorts.
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Other top functional categories differed between the two
cohorts, indicating different host-pathogen interactions
in SA versus US PLHIV who develop TB. For example,
antigen presentation and lipid and carbohydrate metabolic functions were highly prominent among the SA,
whereas cell-to-cell signaling and interactions and cellular maintenance were more prominent among the biomarker proteins identified in US incident TB subjects.
Among the contributing factors for these differences
could be the lack of ART in the SA versus treatment in
40-50% of the US subjects, the higher exposure to Mtb
in SA than the US subjects, and the higher median
CD4 counts in the SA compared to the US incident TB
subjects (∼300 vs 200 cells/mm3), suggesting that
ART, remote versus recent Mtb exposure/infection, and
the level of CD4 count could drive the difference in
host-pathogen interactions in PLHIV who develop TB.
While our primary objective was the identification of
biomarkers for increasing Mtb infection activity/burden, we also identified panels of 5 – 12 host proteins predictive of TB development. The key difference between
these two approaches was the focus on significantly
increasing expression of proteins from two years prior
until time of TB diagnosis in the former, whereas predictive markers would not need to fulfill this criterion in
the latter. Anticipated and similar to the markers of Mtb
infection activity/burden, these proteins also differed in
part between SA and US cohorts and predictive panels
changed over time. Panels of 5 – 8 proteins predicted
TB development with excellent accuracy for the SA
cohort 0 - 6 and 6 - 12 months prior to TB diagnosis
(AUC 0.93 and 0.86, respectively), and good accuracy
for the US cohort (AUC 0.74 and 0.76, respectively).
For the SA cohort, at a specificity of 80% with a sensitivity of 94% 0 - 6 months prior to TB, and 86% 6 - 12
months prior to TB, the combination of 5 – 6 markers
met the WHO target for a predicitive TB test.91 The predictive accuracy of panels of 7 – 12 proteins for 12 - 18
and 18 - 24 months prior to TB diagnosis was lower for
some time-frames (AUC 0.75 and 0.87 for SA, and 0.84
and 0.80 for US, respectively), but with overall higher
predictive values than those reported for 12 – 24 months
prior to TB from other TB predictive biomarker studies
in HIV uninfected cohorts.23–27 To account for the lack
of validation in biologically independent samples, we
performed cross-validation for AUC assessments. However, these data should be considered hypothesis generating, with the need to assess and validate candidate
markers in other prospective cohorts.
Collectively, we show that plasma host proteins can
be biomarkers for increasing Mtb burden in PLHIV.
Measurement of such markers in the form of a simple
blood test could be integrated into routine outpatient
follow-up visits of PLHIV and trigger screening and
monitoring for TB when proteins are elevated. Given
the likely regional influence with differences in Mtb
infection pressure and host factors combined with the
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broad spectrum of clinical manifestations, such a blood
test would probably require more than 1-2 proteins but
ideally should consist of no more than a handful.
Although we have here identified a range of promising
biomarkers, validation studies are needed to determine
which specific host proteins will ultimately show the
best performance. Of particular interest would be further asessments of biomarker panels including proteins
such as soluble CD14 and NID1, which have shown ability to distinguish TB from other respiratory diseases in
prior studies,31 and in the current study are both part of
predictive panels and markers of increasing Mtb infection activity/burden prior to TB diagnosis in both SA
and US cohorts.
A few other recent large-scale longitudinal studies
have identified blood transcriptomic, metabolic, and
proteomic signatures predicting TB prior to diagnosis
but have focused mostly on HIV-uninfected adolescents
and adults.23–27 Related to our proteomics focus, a panel
of 5 host proteins predicted TB in a cohort of South African HIV uninfected adolescents with an AUC of 0.96 0
- 6 months and 0.76 6 – 12 months prior to TB diagnosis.26 However, when validated in HIV uninfected Gambian cohort subjects, AUC decreased to 0.66 within one
year prior to TB diagnosis, showing cohort-specific performance variability even within TB endemic African
countries. Predictive RNA signatures have been the
most studied and validated, albeit with cohort-specific
variability in performance.23–25,28 These gene signatures
are attractive options for predicting who among household contacts will develop TB within a few years post
contact. However, due to their need for RNA sequencing and thus laboratory infrastructure, as well as their
limit to short-term risk prediction when analysed across
cohorts,92 gene signatures are impractical for regular
screening of PLHIV who are at high risk for TB development but in whom neither the time of initial infection
nor the time to TB development would be known. By
contrast, plasma host proteins can be detected by simple
methods and their monitoring can be easily integrated
into routine clinical follow-up visits of PLHIV.
With 30 incident TB subjects in the SA and 24 in the
US cohort, our study was limited by a relatively small
sample size. Furthermore, because subjects in both
cohorts were followed for HIV progression, our study
was limited by lack of clinical details for TB subjects.
While medical information was available for SA TB subjects, we had limited clinical information for the US TB
subjects and used the date a subject was reported as having TB to a US state department of health as the time of
TB diagnosis. Since we investigated changes of TB
markers over time and identified significant and in part
overlapping markers in both cohorts, we do not believe
that this limitation had a major impact on our results.
Due to restricted funds, testing of non-TB subjects was
limited to a single time-point around a recent IGRA or
TST. We do however have unpublished data on
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individual markers (e.g. CD14 and NID-1) measured via
targeted immunoassays in sera over two years of consecutive visits from the non-TB subjects who did not
develop TB and did not see significant changes over
time (unpublished) Athough we performed cross-validation for AUC assessments, another limitation was the
lack of validation in cohorts from various TB endemic
regions. Larger studies investigating our identified
markers for their association with Mtb infection activity/burden and their ability to distinguish TB from other
respiratory diseases in PLHIV in various TB endemic
regions are now warranted.
In conclusion, a set of human host proteins correlate
with increasing Mtb infection activity/burden in PLHIV
in high and low TB endemic regions. Complementary
to transcriptomic, metabolic, and proteomic signatures
predicting progression to TB in HIV uninfected individuals, our data provide important insights into the host
responses associated with increasing Mtb burden in
PLHIV. If further validated, our results can inform the
development of simple blood tests that could be integrated into existing algorithms for monitoring PLHIV,
and trigger screening and monitoring for TB when proteins are elevated. Used as a single platform, or when
combined with other biomarkers as a multi-platform
tool, such tests can aid in optimizing the timing of the
initiation of TB preventive or therapeutic therapy in
PLHIV and in increasing its effectiveness.
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