A AMERICAN Journal of
=4 Maosowaer Clinical Microbiology®

MYCOBACTERIOLOGY AND AEROBIC ACTINOMYCETES

L)

Check for
updates

Biomarkers That Correlate with Active Pulmonary Tuberculosis
Treatment Response: a Systematic Review and Meta-analysis

Alexandra J. Zimmer,*® Federica Lainati,© Nathaly Aguilera Vasquez,” Carole Chedid,***

Emily MacLean,*® Morten Ruhwald," © Claudia M. Denkinger,® ©© Mikashmi Kohli**"
2Department of Epidemiology, Biostatistics and Occupational Health, McGill University, Montreal, Canada

5McGill International TB Centre, Montreal, Canada

Sean McGrath,? Andrea Benedetti,>?

<Division of Clinical Tropical Medicine, Center of Infectious Diseases, Heidelberg University Hospital, Heidelberg, Germany

dEquipe Pathogenése des Légionnelles, Centre International de Recherche en Infectiologie, INSERM U1111, Université Claude Bernard Lyon 1, CNRS UMR5308, Ecole

Normale Supérieure de Lyon, Lyon, France
eMedical and Scientific Department, Fondation Mérieux, Lyon, France
Département de Biologie, Ecole Normale Supérieure de Lyon, Lyon, France
9Department of Biostatistics, Harvard T.H. Chan School of Public Health, Boston, USA
hFIND, Geneva, Switzerland

Claudia M. Denkinger and Mikashmi Kohli contributed equally to this article.

ABSTRACT Current WHO recommendations for monitoring treatment response in
adult pulmonary tuberculosis (TB) are sputum smear microscopy and/or culture con-
version at the end of the intensive phase of treatment. These methods either have
suboptimal accuracy or a long turnaround time. There is a need to identify alterna-
tive biomarkers to monitor TB treatment response. We conducted a systematic
review of active pulmonary TB treatment monitoring biomarkers. We screened 9,739
articles published between 1 January 2008 and 31 December 2020, of which 77 met
the inclusion criteria. When studies quantitatively reported biomarker levels, we
meta-analyzed the average fold change in biomarkers from pretreatment to week 8
of treatment. We also performed a meta-analysis pooling the fold change since the
previous time point collected. A total of 81 biomarkers were identified from 77 stud-
ies. Overall, these studies exhibited extensive heterogeneity with regard to TB treat-
ment monitoring study design and data reporting. Among the biomarkers identified,
C-reactive protein (CRP), interleukin-6 (IL-6), interferon gamma-induced protein 10
(IP-10), and tumor necrosis factor alpha (TNF-) had sufficient data to analyze fold
changes. All four biomarker levels decreased during the first 8 weeks of treatment
relative to baseline and relative to previous time points collected. Based on limited
data available, CRP, IL-6, IP-10, and TNF-a have been identified as biomarkers that
should be further explored in the context of TB treatment monitoring. The extensive
heterogeneity in TB treatment monitoring study design and reporting is a major bar-
rier to evaluating the performance of novel biomarkers and tools for this use case.
Guidance for designing and reporting treatment monitoring studies is urgently
needed.

KEYWORDS tuberculosis, treatment monitoring, biomarkers

n 2018, the global treatment success rate for people with drug-susceptible tuberculo-
sis (TB) was 85% (1). Among the 7.0 million people reported to have received TB
treatment in 2018, over 1 million individuals did not receive their treatment. Treatment
success drops significantly among people with multidrug-resistant (MDR) TB and peo-
ple living with HIV, with success rates of 57% and 76%, respectively (1). Continuous
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monitoring and early identification of people with TB who are at risk of poor treatment
outcomes could reduce the number of people who do not complete treatment.

The World Health Organization (WHO) currently recommends sputum smear micros-
copy or culture conversion at the end of the intensive phase of treatment for monitoring
treatment response in adults with pulmonary TB (2). However, these microbiology-based
methods have limitations. Both smear microscopy and culture rely on sputum samples,
which are not readily available in all populations (e.g., pediatric TB, people living with HIV,
extrapulmonary TB) (3-5). Further, both methods are highly operator dependent (6).
Smear microscopy is also not able to differentiate viable from nonviable TB, resulting in
poor sensitivity and specificity for outcome prediction (7). For TB culture, the limited avail-
ability in primary care settings and the delay in time to results constrain its clinical use (8).

There is a clinical and public health need for new treatment monitoring biomarkers and
assays that provide quick and accurate predictions of treatment outcomes. To meet the
clinical needs for TB treatment monitoring, novel tests that detect biomarkers of interest
would ideally be performed on noninvasive samples (e.g., blood, urine) and require limited
laboratory expertise and infrastructure. Developments of tests based on host or pathogen
biomarkers have previously been summarized in a narrative review article (9). A systematic
assessment of these biomarkers is needed to identify those that might represent promising
options to optimize treatment monitoring.

In this systematic review, we summarize, for the first time, a set of assays and bio-
markers that correlate with TB treatment and, thus, may be of interest for TB treatment
monitoring. We provide a summary of the biomarkers and assays identified as well as a
more in-depth exploratory evaluation of the longitudinal change in levels of C-reactive
protein (CRP), interferon gamma-induced protein 10 (IP-10), interleukin-6 (IL-6), and tu-
mor necrosis factor alpha (TNF-a) during anti-TB treatment.

MATERIALS AND METHODS

We conducted a systematic review of active pulmonary TB treatment monitoring biomarkers and
assays that are commercial or have commercial potential. Study selection criteria for this review are illus-
trated in the PRISMA checklist (Table S1 in the supplemental material).

Search strategy. We searched six academic databases, including PubMed/MEDLINE, Embase, Web
of Science, BIOSIS, Latin American and Caribbean Health Sciences (LILACS), and the Cochrane Database
of Systematic Reviews. The full search strategy is presented in Table S2.

Eligibility criteria. Relevant studies published between 1 January 2008 and 31 December 2020 that
were written in English were included. We included randomized clinical trials (RCTs), cohort studies, case-
control studies, and cross-sectional studies that investigated the longitudinal change in biomarker levels
during anti-TB treatment. We excluded case series, reviews, commentaries/editorials, case reports, mathe-
matical modeling studies, economic analyses, and conference abstracts. We also excluded any study that
did not perform reference standard testing at multiple time points throughout treatment and studies with
a sample population of less than 10. Studies on children (age less than or equal to 15 years) were excluded
given the difficulty of establishing a reference standard in this population. No restrictions were placed on
the geographic area or the type of health system setting from where the participants were recruited. We
extracted data for three categories of assays and biomarkers identified in consultation with the
Foundation for Innovative New Diagnostics (FIND) technology scouting team, including (i) assays that are
commercially available in a kit for research purposes, (i) biomarkers not currently available in a commercial
kit but are either under commercial development or have the potential to become commercial (e.g., tran-
scriptomic signatures), and (iii) TB-specific biomarkers or commonly recognized laboratory procedures that
are not necessarily commercialized (e.g., 16s rRNA molecular bacterial load assay [MBLA]). We did not
include radiological methods or well-established assays such as sputum smear microscopy, culture, and
nucleic acid amplification tests (e.g., GeneXpert, Hain). We included studies that used reference standards
acceptable for treatment monitoring, which includes sequential measurements of Mycobacterium tubercu-
losis culture, Xpert MTB/RIF, smear microscopy, and/or clinical outcome. Measurements in comparison to
the reference standard were included when at least one time point during treatment follow-up measured
the reference standard.

Screening and data extraction. All publications identified from the search strategy were imported
into the reference management database EndNote (version X9), after which duplicate citations were
removed. Studies were screened by title and abstract by at least two reviewers (AJ.Z., C.C, N.AV., and
F.L.) before full-text screening. Prior to extraction, two authors (A.J.Z. and C.C.) piloted the data extrac-
tion forms independently on a random sample of five papers. An additional reviewer (M.K. and C.M.D.)
screened studies for which the inclusion/exclusion criteria were not immediately clear. Two separate
Google forms were piloted for data extraction, including (i) summary assessment to extract information
relevant to the assay characteristics and study design, and (ii) quantitative assessment to extract bio-
marker levels (mean/median) and measures of spread (standard deviation, interquartile range) at each
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follow-up time point. All studies were extracted by at least two reviewers (AJ.Z., C.C, N.AV., and F.L).
For the quantitative assessment, we only extracted data on biomarkers when quantitative changes in
biomarker levels were reported by five or more studies (CRP, IP-10, IL-6, and TNF-a). For the biomarker
levels and measures of spread, data were extracted directly from the texts or tables when available. If
quantitative data were not available and authors did not respond to the request for data, the data (bio-
marker level and measure of spread) were extracted directly from available figures (dot plots, box plots,
etc.) (10). These data were extracted in duplicate (N.A.V,, F.L,, and A.J.Z.), and one author (A.J.Z.) reviewed
the extracted data and resolved any conflicts. When data were extracted from figures, one author (A.J.Z.)
averaged the data across the two extractions.

Assessment of quality and risk of bias. We evaluated the quality and risk of bias of all included
studies for the four domains of the Quality Assessment of Diagnostic Accuracy Score 2 (QUADAS-2),
including patient selection, index test, reference standard, and flow and timing. Each domain was eval-
uated using a set of QUADAS-2 guiding questions (Table S3). Items were scored as “high concern,” “low
concern,” or “unclear concern.” The overall risk of bias (Fig. S4) was evaluated as “high risk” for studies
with more than one area of high concern, “intermediate risk” for all studies that included one area of
high concern, “low risk” for all studies with two or more areas of low concern and no high risk, and
“unclear risk” for all studies with three or more areas of unclear concern and no high risk. No commer-
cialized assay for the specific use case of treatment monitoring was identified. Given this, no validated
cutoff exists for biomarkers with a quantitative output for monitoring TB response. Thus, cutoffs were
not part of the QUADAS-2 assessment for the included studies.

Data analysis. We investigated how biomarker levels changed over time. When biomarkers had five
or more studies that numerically or graphically presented the measures of central tendency and meas-
ures of spread at different follow-up time points (10), we evaluated the fold change in biomarker levels
relative to the previous time point collected. For this analysis, we did not include studies that used TB-
antigen stimulated samples.

We first standardized the data extracted into sample mean and standard deviation values.
Specifically, we applied the Box-Cox (BC) method proposed by McGrath et al. to estimate the sample
mean and standard deviation from studies that reported the median and first and third quartiles (11,
12). In one study with highly skewed data at some time points (CRP from Ferrian et al.), the BC method
produced estimates that were biologically implausible. For this study, we estimated the sample means
and standard deviations by maximum likelihood with several candidate models (normal, log-normal,
gamma, Weibull) and selected the model with the largest likelihood.

The fold change at each follow-up time was calculated as the difference between the current and
previously recorded value divided by the previously recorded value as follows:

mean biomarker level, — mean biomarker level;_;
mean biomarker level, ;

fold change, =

Fold changes were plotted separately for each study (Fig. S7). When studies reported the change in
biomarker level across different groups of patients (e.g., fast responders, slow responders), we pooled
the results to examine the average changes in biomarker level across patients that responded to treat-
ment. Fast responders were generally defined as individuals who experienced culture conversion before
8 to 12 weeks of treatment, while individuals who experienced culture conversion beyond 8 to 12 weeks
of treatment were defined as slow responders.

To characterize how biomarker levels change with respect to treatment, we performed two meta-
analyses, (i) a meta-analysis of the fold change in biomarker levels between baseline and 8 weeks of
treatment for studies that reported biomarker levels at 8 weeks (the end of the intensive phase of treat-
ment), and (ii) a meta-analysis pooling fold change since previous time point using a random intercept
model. Both analyses used the metafor package for R (version 4.0.6) at the study level (13). For estimated
fold change of each biomarker, 95% confidence intervals were also calculated to assess the statistical
significance for each biomarker. As is common in longitudinal meta-analyses, the primary studies did
not report data on the correlation between the effect estimates at the different follow-up times. For
each biomarker, we constructed approximate covariance matrices of the study-specific effect estimates
by assuming that the correlation between all pairs of mean biomarker values in a given study was the
same value p (14). We used the correlation parameter, p = 0.5, in the primary analysis and used p values
of 0, 0.25, and 0.75 in sensitivity analyses (Table S8). We also included a sensitivity analysis for the ran-
dom intercept CRP model, including and excluding Ferrian et al (Table S9). The list of studies included in
the week 8 meta-analysis and the fold change meta-analysis can be found in Table S6. The code for all
analyses is publicly available on GitHub (https://github.com/stmcg/tmsr).

RESULTS

Search results. After removing duplicate records, 8,795 publications were screened
(title and abstract). Among these, 441 were identified for full-text review, of which 77
were included in the review for the summary (qualitative) assessment (15-91). Nineteen
of the records were included in the detailed (quantitative) assessment, including the
meta-analyses for the biomarkers CRP, IP-10, IL-6, and TNF-a.

Out of the 441 records that underwent full-text screening, 112 were excluded
because the assays did not align with any of the three predefined assays of interest
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9,739 records identified through 944 duplicates removed
database searching

364 studies excluded
112 Laboratory method/not a commercial

assa
8,795 records screened ‘ 76 Conf\érence abstract/patent/letter
l 57 Not treatment monitoring
41 No reference standard
441 full-text articles assessed for 27 Interferon gamma release assays
eligibility 17 Duplicate

r 7 GeneXpert/Hain
5 Assay name not available

5 Microscopy method
77 studies included in qualitative 4 No full text

synthesis 4 Sample size <10

l 3 Modeling study
2 LTBI

19 studies in quantitative analysis 2 Pediatric population
1 Language
1 Review

FIG 1 PRISMA flow diagram for literature search and paper selection.

(with regard to commercialization and relevance to TB treatment monitoring). The ma-
jority of these were in-house laboratory methods (Fig. 1). Fifty-seven of the studies
excluded were not treatment monitoring studies, while 41 did not utilize reference
standards during follow-up and/or by the end of therapy. Studies that examined well-
established diagnostics, such as interferon gamma release assays (IGRAs; n = 27),
GeneXpert/Hain (n = 7), and microscopy methods (n = 5), were excluded, as prior sys-
tematic reviews have already characterized the treatment monitoring capabilities of
these assays (7, 92-94).

Characteristics of included studies. General study demographics and characteris-
tics are summarized in Table 1. Most of the studies were limited to the discovery phase
and were conducted in single-center studies in a single country (96%). All but two
examined patients from medium-high TB burden countries (94%). Participants with
drug resistance (including multidrug resistance) at baseline were included in 26% of
studies. More than half of the studies did not indicate whether participants had a his-
tory of prior TB, and 88% of studies did not indicate whether participants had previ-
ously received the bacillus Calmette-Guérin vaccine. Finally, about one-quarter of stud-
ies included people living with HIV.

Quality and risk of bias assessment (QUADAS-2). When considering the four main
categories of the QUADAS-2 quality and risk of bias assessment tool, “patient selection,”
“index test,” “reference standard,” and “flow and timing,” only three studies (4%) had an
overall low risk of bias (Fig. S4 in the supplemental material). The QUADAS-2 assessments
are summarized in Fig. 2. Specifically, the risk of bias for patient selection was high for stud-
ies that used a case-control study design. Many studies excluded smear-negative partici-
pants, which also introduced bias in the patient selection strategy. Most studies did not
report whether the reference standard was blinded while interpreting the results of the
index. Regarding treatment monitoring reference standards, all studies that used culture as
a reference standard received an “unclear risk of bias” since the accuracy of culture for this
use case is not 100%. Studies that used smear microscopy received a “high risk of bias.”
Finally, the flow and timing of the study were generally “low risk of bias,” as the majority of
samples were either frozen or processed immediately. For some studies, the loss to follow-
up throughout the treatment monitoring period resulted in a high risk of bias.

Summary assessment of treatment monitoring biomarkers. Across all studies, 81
different biomarkers were identified (Table S5). Forty-nine biomarkers were evaluated
in just one study. Most of the biomarkers were host-response markers, with the excep-
tion of lipoarabinomannan (LAM) in urine, sputum, and plasma (30, 34, 48, 86), 16s
rRNA in sputum (39, 41, 42, 75, 87), 85B mRNA in sputum (19, 60, 64, 81), and 1S6110
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TABLE 1 Study characteristics of the 77 studies included in the qualitative synthesis
Value (no. [%])

Study characteristic® (n=77)
TB burden of country of enroliment®
Low (<10 cases per 100,000 population per yr) 2(2.60)
Middle (11 to 40 cases per 100,000 population per yr) 8(10.39)
High (>40 cases per 100,000 population per yr and/or WHO list of 64 (83.12)
30 highest burden countries)
Multisite® 3(3.90)

Persons with drug resistance at baseline included

Yes 20 (25.97)
No 20 (25.97)
Unclear/not reported 37 (48.05)

Persons with a history of prior TB included

Yes 17 (22.08)
No 21(27.27)
Unclear/not reported 39 (50.65)

Persons with BCG vaccination included
Yes 9(11.69)
Unclear/Not reported 68 (88.31)

Persons living with HIV included

Yes 19 (24.68)
No 45 (58.44)
Unclear/not reported 13 (16.88)

9Based on 2019 data.
bThree studies recruited participants from different countries with different TB burden status.
TB, tuberculosis; WHO, World Health Organization; BCG, Bacillus Calmette-Guérin.

insertion element in sputum (60). Among the host-response biomarkers, most bio-
markers were cytokine proteins measured in blood, both proinflammatory (e.g., IL-1,
IL-6, and TNF-a@) and anti-inflammatory (e.g., IL-4 and IL-10), which were most com-
monly analyzed using plasma or serum samples on commercially available research
enzyme-linked immunosorbent assay (ELISA) kits. Several chemokines were also inves-
tigated, including interferon-inducible T cell alpha chemoattractant (I-TAC), monokine
induced by interferon gamma (MIG), and IP-10 (also known as CXCL11, CXCL9, and
CXCL10, respectively) (26, 27, 56). Of all biomarkers, IP-10 was the most frequently ana-
lyzed biomarker for treatment monitoring, with 11 studies investigating longitudinal
changes in marker level (23, 27, 29, 33, 36, 43, 45, 47, 51, 59, 72, 90). Several blood-
based transcriptomic and gene expression signatures were examined as treatment mon-

Index test .

Reference standard

0% 25% 50% 75% 100%

‘ . Low risk of bias D Unclear risk of bias . High risk of bias ‘

FIG 2 Summary of the QUADAS-2 risk of bias assessment.
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itoring markers, including the parsimonious 3-gene Sweeney3 signature (35, 85), the RISK6
signature (69), and the RISK11 signature (28). Two studies explored changes in breath-
based markers such as fractional exhaled nitric oxide (FeNO) and volatile organic com-
pounds (VOCs) (71, 88), while another study by Lee et al. characterized changes in cough
frequency throughout treatment (55). Table 2 summarizes the biomarkers that were

included in the detailed quantitative assessment, as well as the transcriptomic signatures.

Detailed quantitative assessment of treatment monitoring biomarkers. For bio-
markers where there were five or more studies that numerically or graphically presented
the measures of central tendency and measures of spread at different follow-up time
points, we further characterized the week 8 fold change and fold changes with respect to
previously reported time points. Results of the meta-analysis found that CRP, IP-10, IL-6,
and TNF-« (Table 3) decreased by week 8 of treatment compared to baseline (week 0).
CRP experienced the greatest week 8 fold change of —76.1% (95% confidence interval
[Cll, —89.4% to —62.9%) while TNF-« had the smallest fold change of —10.3 (95% Cl,
—24.7% to —4.2%). Both IL-6 and IP-10 experienced fold changes of —24.7% (95% Cl,
—50.7% to 1.3%) and —38.2% (95% Cl, —61.3% to —15.0%), respectively, though the con-
fidence interval for IL-6 crossed the null.

We further investigated the fold change of these four biomarkers with respect to the
previously recorded time point (Fig. S7). The results of our meta-analysis found that there
was a statistically significant decrease in levels of all four biomarkers with respect to the
previous recorded value. Results of this meta-analysis complement the findings of the
week 8 meta-analysis. CRP had the largest average change in biomarker level of —53.9%
(95% Cl, —70.2% to —37.5%) relative to the previously recorded time point. TNF-a had the
smallest average fold change of —17.7% (95% Cl, —31.3% to —4.0%) relative to previously
recorded time points. Both IL-6 and IP-10 levels experienced a similar average changes of
—31.0% (95% Cl, —59.5% to —2.5%) and —36.2% (95% Cl, —49.0% to —23.5%). For all bio-
markers, confidence intervals were narrow, and the same conclusions were obtained in
the sensitivity analyses where we varied the assumed correlation value (Table S8).

DISCUSSION

In this systematic review, we examined the current landscape of assays used to evaluate
changes in biomarker levels with respect to TB treatment. Host inflammation markers,
including CRP, IP-10, IL-6, and TNF-«, were some of the most commonly evaluated bio-
markers for TB treatment response. CRP and IP-10 have been particularly well characterized
as a biomarker for TB screening and diagnosis in other studies (95, 96). However, we identi-
fied 81 different biomarkers that were evaluated in the context of TB treatment monitor-
ing. Thus, while these four biomarkers appear to be promising given our exploratory quan-
titative analyses and should be further investigated, research into other, more novel
biomarkers for TB treatment monitoring remains important.

From our quantitative analyses, we observed that, for the average fold change
between baseline and week 8 of treatment, CRP, IP-10, and TNF-« had a statistically
significant decrease. This analysis informs us of the average magnitude of the decrease
in biomarker level between baseline and the end of the intensive phase of treatment.
The results of our meta-analysis found that, on average, all four biomarkers decreased
with respect to previously recorded time points. Out of the four biomarkers analyzed,
CRP had the largest absolute week 8 fold change value of —76.1% (95% Cl, —89.4% to
—62.9%) and fold change relative to previous recorded time points of —53.9% (95% Cl,
—70.2% to —37.5%). This early response during the intensive phase of TB treatment
and continued fold change throughout treatment may help with clinical decision-mak-
ing by identifying people who respond favorably to treatment, though further analyses
are needed to characterize how this fold change differs between people who respond
to treatment and people who do not respond to treatment or are lost to follow-up. In
addition, further investigations are required, as most of the included studies recruited
a narrow patient spectrum, making the generalizability of the results a challenge.

Since these host inflammation markers are usually obtained from blood, serum,

February 2022 Volume 60 Issue2 e01859-21

Journal of Clinical Microbiology

jcmasm.org 6


https://jcm.asm.org

Journal of Clinical Microbiology

Biomarkers for Active TB Treatment Response

(9bed 31xau Uo panuRUO))

(4N) wniss 9N ‘TN ‘0 uemie| (sw1sAs @78Y) VSI13 0L-dl € (1L0T) uayd 0l-dl
Kel-x 1s9yd epuebn ‘eduyy
‘3W02IN0 [ed1uld (096 LID) Yanos ‘ureds (sonsoubelq ajeds 0sa) | [dued
24n3 N> pinbi| ‘(1) 84Ny nd pijos (uszo4)) wnIss ZLM'8M 0 ‘eduRwy yuoN  Alojewwepjulold uewny xa|d-A 9-1| 08 (£102) |ebis
(Xaurlwn1) Ja12wWwoulwn|
(W4) Adodsouiw teaws ‘(1IDIN) 8/M ‘TSM ‘9TM e UO (Pey-01g ‘S06%7L00L "0u
21n3ynd pinbi| ‘(1) 4n3ynd pijos (uszouy) ewseld  ‘TLM ‘8M ‘TM ‘TM ‘0 LYY YINOS  und|Inqg) Aesse peaq xajdinw 9-7| u (¢L0g) nowy
snid p|oo wR1SAS 007 Xaulwn
g1-NOy34nuenp dY3 UO (WHVSX "ou Bojeled
Huisn pasedaid 1) 91Ajeuennw paxiwaid
9W0dINO [eD1UlD (uazouy) ewseld W0 ejuezue] uewny) Aesse xa|dijnw 9-7 99 (6102) 1BUNAR
(IN ‘ppauAmo ‘suaquer
“p17 s1Npoud sansoubelq
(W4) Adodsouoiw Jeaws (Ysady) wniss N0 eUIYD  @Jedy)|esH SUSWAIS) S1 YSIT13 9-1I LS (8L07) on
(uszouy)
(YN) S||92 Jejpnuouow (swa1sAS
Adodsouoiw Jesws ‘(YN) 4n3nd poojq [eiaydiiag 8M 0 uemie] @my) 1 YS[13 aupjauenp 9-7| [43 (0z07) Buad
(YN) Adodsoudiw tesws (240d1)11\)) sAesse xa|d (6002)
‘(L09% D31DV4d) 21n3nd pinbr (udzoyy) ewiseld  9ZM ‘ELM ‘SM ‘LM ‘0 LYY YINOS -6 dUPj0IAD uewny xa|dodury 9-7| 6C efemels eqol@
Keu-x 159> ‘(NZ) Adodsoudiw sesws (4N) winias 9N ‘YN ‘TN 0 elpuj (yoa30194eY) 31 VST 9-1I ST (¥L07) Aanypmoyd 91|
Kea-x 1sayd epuebn ‘eduyy
> (096 LIDW) Yinos ‘ureds (sonsoubelq ajeds osa) ¢ |aued
a1nnd pinbi| () 24Ny nd pi1jos (uz04)) WNISS ZLM'8M 0 ‘edusWy YHOoN Ainfur JejnoseA uewny x3|d-A d4d 08 (£102) |ebis
(NZ) Adodsoudiw Jeaws (buuyag
‘awodINo |ediulfd ‘() 34Ny nd pijos (Ysa4y) wniss 09d’0ea’o |izeig apeQ) 4919woaydau [INg ddD 99 (107) seelopy
(1) 4n3ynd pijos (uszouy) winiss 09d°‘0€a’o |izelg (93U81250193) 13 VSIT13 dYD €9 (£107) epuediy
Kei-x 315342 ‘(YN) 24n3ynD (uazouy) winidS 0940 lizeig (@>uams01q3) 3 VSIT3 dYd 29 (9107) eunbsapy
Keu-x 1s9yd ‘(NZ) Adodsoidiw (A103RI0QET SIURYNSUOD)
leaws ‘(LID) 24n3ynd pinbi (uazouy) ewse|d 9N ‘TN 0 elquien ABojounwiwi) 1 VS|13 d¥D L9 (9102) Apusiy
(419/91W) Hadxauan (4N) winiss
‘(NZ) Adodsoudiw sesws ‘(YN) ewseld
‘awod1No0 [esiul> ‘() 34n3yNd pijos ‘(4N) pooiq sjoym EN TW LN 1dAb3 (1oqqy) |1 1opeas dyd piedodAN 6% (0207) 1'eyy
(096 LIDW) (2u] P Y231 1pog)
24N} N> pinbi| ‘(YN) 24n3Nd p1jos (uazouy) wnIas 0ZM ‘8M 0 epuebn 1apeal aied-jo-1uiod dgyd ewo.ydi S (5107) JewnyeAer
(VSN ‘NI ‘sijodeauuliy
SW0dINO [ed1Ul|D (¥N) poojq sjoym LN 9N ‘PN 0 euly)  “du| swaisAS @rgY) YSIT3 dunjuend 13 (£107) 02spuely
(peyolg
(uren) Aesse 00T X3|d4-01g) J919wouiwn| e
9qoud aul| (096 LIDW) 1N} Nd Uo peal (9dUISoIGD ‘S uewny
pinbi| ‘(YN) Adodsoidiw Jesws (uszouy) ewse|d 9N ‘YW ‘TN ‘O ed1y Yyinos X3|deHed0.d) xa|diynw e uo dyd €€ (£107) uewuay
(8007)
(D31Dv4) 21y nd pinbi| ‘Aes-x 1s9YD (UszoJj) WNISS  9ZM ‘ELM 'SM ‘LM ‘0 LYY YINOS  (swidlsASpaly Japuag) 1y YSIT3 dUd 8L eAemers eqofq (dyD)
(YN) Adodsoudiw Jeaws (9yo0Y) 49zA|eue Je|npow uie104d
‘3W021N0 [ed1ul]d ‘(YN) 34n3nd pljos (uszoyy) ewse|d 8M 'SM 'EM LM 0 lizeig 920y 943 U0 3 X1ddD 94>0Yy Gl (6007) eplaw|y SAlde3I-D
pasn (s)aduaJajey (91@35) (S)9|dwes sawn dn-mojjo4 fAyuno> (494n3oejnUERW) Sweu Aessy ‘ou (1K) Joyany 19iewolg
ERIVEIETEN|

»159191U1 JO SIDyJewolq HuLio}UOW JusWieal) 104 SO1IsLSIdRIRYD APN)s pue sAessy Z 319V L

jcmasm.org 7

Issue2 e01859-21

February 2022 Volume 60


https://jcm.asm.org

Journal of Clinical Microbiology

Zimmer et al.

(9hed 13U UO paNuIUOD)

Aydeibowoy
paindwod 359y ‘(YN)
Adodsouniw teaws ‘(YN) 21n3nD (uazoyy) winias 9N ‘T-LN ‘0 eulyd (puabaolg) 1y ¥SIT3 0-4NL /9 (0z02) @IN
WIdISAS 00T Xaulwn
9Y1 Uo (WHVYSX] "ou bojeied
sNid p1oD g1-410 1) 1A jeuennw paxiwaid
awodIno [ediul)  Buisn (uszoly) ewse|d N0 ejuezue] uewnH) Aesse xa[di3jnw v-4N 1L 99 (6102) 1BUNA
(sonsoubelq asedyyjesy
(W4) Adodsouiw Jesws (ysa4y) wnies N0 eulyd SUSWIAIS) I VYSIT3 ©-4NL LS (8L07) on
(YN) Adodsoudiw Jeaws (10d11A) sAesse xa|d-62 (6002)
‘(1L09% D31DVv4) 1nynd pinbr (uszoyj) ewseld  9ZM ‘ELM ‘SM LM ‘0 B3y yinos aupj01A> uewny xa|dodur] v-4NL 6C efemels eqolq
(sj00] oUNWIWI) 135
Kei-x 1532 ‘(NZ) Adodso.diw Jesws (4N) winuss O ‘P TN ‘0 eIpu|  YS[13 uewny AnAnisuas-ybiy v-4NL ST (¥107) Aanypmoy>d V-4NL
(4N) Adodsoudiw tedws (uazouy) ewse|d 8-TM 0 eulyo (9>uB13s01g9) 1Y YS[13 OL-dI 06 (§107) nyz
(XaulwinT) J919Woulwn|
(W4) Adodsoudiw teaws ‘(LIDN) 8LM "TSM ‘9TM B U0 (pey-olg ‘506171001 "ou
21nyn> pinbi| ‘(1) N3N p1joS (uszoyj) ewseld  ‘TLM ‘8M M TM ‘0 eOUJY YINOS  undjng) Aeste peaq xajdininwi gL-d| [44 (z107) noiy
(Pey
-01g) WalsAs Aelse uoisuadsns
Kel-x 1s9yd ‘(YN) Adodsoudiw Jeaws (uazouy) ewseld /WCZIN 0 weuldlp,  xd|d-olg ay3 uo Aesse xa|d-£zZ 0L-d| 6S (S107) euysnsiey
(4N) (VSN ‘NI ‘stjodeauuiiy
Aer-x 15342 ‘(4N) 24n3nD winIas “(YN) auun ZLWN O 0 €310} yinos ‘swaisAS @rgY) I YSIT3 0L-dl LS (8L07) wiy
(Loeg) LQy pue 1|-140 03 dsuodsau
21n3ynd pinbi| ‘() 21n3|nd p1jos (ysa4y) ewsseld 9N 0 elpu| ul (swa1sAs @rY) 14 YSIN3 OL-dl LY (L10T) 193qe)Y
(096 LIDN)
21n3ynd pinbi| ‘(YN) 84n3Nd pijos (uszody) wnuas 0ZM ‘8M ‘0 epuebn (swiarsAs @'94) 1 VSIT3 OL-dl St (S107) rewnyeder
6W-9N
ueds |3 ‘Aet-x 153y ‘(YN) 4n3nd (4N) winiss 19)je ‘ZM uIyum/o €310} yinos (swa1sAs @78Y) 1 VS OL-dl 5474 (10T) BuoH
(096
LID) 34n3ynd pinbi| “(414/4.LIN) (Auedwo) pue (£107)
uadyauan ‘(NZ) Adodsoudiw Jeaws (uazouy) WNIdS 09a‘2a‘o anbiquezo|y uosupIg uo1dag) 1Y YSI13 0L-dl 9€ oJlaiseg-eien
2W02INO0 [e31ul) (4N) pooiq ajoym LN O ‘P ‘0 eulyd (ou] ‘yoar01ghey) 1 ¥SI13 13 (£107) 03spuely
(peyolg
00T X3|d-01g) Ja1awoulwn| e
(096 LIDN) @43 nd Uo peal (dUIIDSOIga ‘S uewny
pinbi| ‘(YN) Adodsoudiw tesws (uazouy) ewseld O ‘Y ‘TN 0 eJLJy Yyinos X3|demed0.d) xa|dijnw e uo gL-d| €€ (£107) uenus4
(4N) Adodsoudiw Jeaws (210d1A1) sAesse xajd (6002)
‘(L09% D31DV4g) 21n3nd pinbry (uszoyj) ewiseld  9ZM ‘ELM ‘SM LM ‘0 eIV YINOS -6 dU01Ad uewny xa|dodur] 0L-d| 6C efemels eqolq
Kel-x
153YD ‘@Ww0231Nn0 [ed1uld ‘(YN) (NW ‘stjodeauuny
Kdodsouoiw Jeaws “(YN) 4nynd (uazouy) wnias N0 ©3.10)] Yy1nos ‘swia1sAs a9Y) VSIT3 0L-dI /T (9102) bunyd
Kel-x 1s9yd
‘(NZ) Adodsouiw jeaws ‘(1 IDIN)
21ny|nd pinbi| ‘(1) 13N> p1|os
pasn (s)9ouaiaey (°1€15) (S)9dwes sawn dn-mojjo4 fiuno> (431n1>ejNURW) Sweu Aessy ‘ou (1K) Joyany Iy ewolg
ERVEYETEN

(PenuRuUOd) Z 319VL

jcmasm.org 8

Issue2 e01859-21

February 2022 Volume 60


https://jcm.asm.org

Journal of Clinical Microbiology

Biomarkers for Active TB Treatment Response

‘uonenyljdwe aqoid Juspuadsp-uonebi| xajdiNw uondLISURII-DSIDARL J0[0d-|ENP ‘Y TIN-1YHP 1591 9N |-u| P|oD g1-NOYI4nuend ‘1-140
‘Aydeibowoy paindwod-Aydesbowo uoissiwa uoayisod ‘| -1 3d ‘AdodsodIW JuadsaIoN] ‘|4 {USS|RIN-|YDIZ ‘NZ ‘USSUS[-UIRISUIMOT ‘(] ‘2qn] Joiedipul Yyimouh euaideqodAuw ‘| DA (pa1iodal 10U ‘YN ‘Yiuow ‘W Haam ‘M ‘Aep ‘dn

(c411
12-13d ‘(LIDW) d1n3ynd pinbry (¥N) poojq ajoym YZM YM LM ‘0 BOLYY YINOS  PUB ‘£4SNQ ‘5dgD) injeubis susb-¢ S8 (8107) djsuisiep
9WO0dIN0
jes1uld “(W4) Adodsoudiw wuopeld vd1n
Jeaws ‘(1|D) a4n3nd pinbr]  (Uszoly) poojq 3oy 9N ‘TN ‘LN 0 elpu| 14-2p Buisn pajyoud 13s suab-g6 | 78 (0Z07) uelewnyeAls
juswieasnsod
owg
(419/91W) H2dXaU3D ‘(YN) 0319 ‘uond|dwod (0z02)
Ad0odsoudiw Jeaws “(YN) 24n3n)  (Udzol)) poojq oYM 1UsWIRAIY ‘TN ‘0 ed1y Yinos ainjeubis oys|y 69 UOS|OYDIN-UUdY
wuoje|d
(VdTW-142p) uonesyijdwe aqoid
juspuadap-uonebi| xajdinw
uondidsueI}-3SI9A34 JOjOd-|enp
(NZ) Adodsoudiw Jeaws (YN) poojq o]oym SLIA O 0 eidoiyyg Aq Buijyoid uoissaidxa sauab 5oL 8¢  (6107) |921WRIgaD
(4™
SWOdINO0 [eS1UlD (¥N) poojq ajoym LW 9N ‘YN ‘0 BUIYD  PUB‘E4SNA ‘5dgD) inieubis susb-¢ SE (£107) o2spuely
(4N) @4 n> (4N) pooiq sjoym LN ‘8W ‘OW T ‘0 BSLJV Yinos aunjeubis | 0S1Y 8¢ (6107) @0q4eQg sainjeubis
2injeubis ydudsueny-oze auab
Aeu-X 153D 'SWIODINO [EDIUID  (USZOLJ) POO|] SOYM LN OW ‘TN ‘TM ‘0 B34y yinos ‘ainjeubis 1dudsuel]-99 Lc (2107) woog  /o1woidudsuel|
(4N) Adodsouiw tedws (uszouy) ewse|d 8-TM 0 eulyo (92ua13501g9) 13 YS|13 ©-ANL 06 (9107) nyz
(Xxaulwn1) Ja1swoulwn| e uo
(W4) Adodsoudiw teaws ‘(LIDIN) 8LM ‘TSM ‘9TM (pey-olg ‘'S06¥1L00L "Ou un3|INq)
213> pinbi| ‘((7) 21n3ynd pijos (uszoyj) ewseld  ‘TLM ‘8M ‘YM TM ‘0 €314V Yinos Aeuse peaq xajdnnw ©-4N L [44 (z107) nory
pasn (s)aduaia)ey (21e138) (s)a|dwes saw dn-mojjo4 funo>H (42an3dejnURW) dweu Kessy ‘ou (1K) 1oyany 19yiewolg
ERTEYEIEN]

(P3nunuod) z 3719VL

jcmasm.org 9

Issue2 e01859-21

February 2022 Volume 60


https://jcm.asm.org

Zimmer et al.

Journal of Clinical Microbiology

TABLE 3 Pooled week 8 fold change and fold change since previously recorded time point of CRP, IL-6, IP-10, and TNF-a among people with

TB on therapy?

Data for baseline to week 8 Data since previously recorded time point

No. of No. of Avg fold change No. of No. of Avg fold change
Biomarker studies? participants (% [95% Cl]) Studies participants® (% [95% Cl])
CRP 5 275 —76.1 (—89.4t0 —62.9) 7 447¢ —53.9(—70.2to —37.5)
IL-6 4 522 —24.7 (—50.7 to 1.3) 5 558 —31.0(—59.5to0 —2.5)
IP-10 4 154 —38.2(—61.3to —15.0) 9 430 —36.2(—49.0to —23.4)
TNF-« 4 497 —10.3(—24.7t0 —4.2) 6 517¢ —17.7 (—31.3to —4.0)

a0nly includes studies that collected data at week 8 (Table S6 in the supplemental material).
bAt enrollment.
Number of participants in Zhu et al. (90) was not specified.

dCRP, C-reactive protein; IL-6, interleukin-6; IP-10, interferon gamma-induced protein 10; TNF-a, tumor necrosis factor alpha; Cl, confidence interval.

and/or plasma samples, they provide an advantage over traditional sputum-based
methods such as microscopy and culture. However, as the detected changes were
small, obtaining accurate readings in a timely, near-patient manner will be difficult.
Nevertheless, the changes were statistically significant, which may suggest they may
have potential to support clinical decision-making for TB treatment monitoring.

Among the host noninflammatory biomarkers, blood-based transcriptomic and gene
expression signatures have gained significant momentum for TB diagnostics and treat-
ment monitoring. The ability to detect the up- or downregulation of specific genes may
allow for simpler and earlier identification of people who respond both favorably and
unfavorably to treatment. As these signatures become increasingly parsimonious, their
potential for commercialization into assays that run on standard PCR machines increases.
Cepheid (USA) recently developed a prototype cartridge assay that runs on the GeneXpert
platform for the Sweeney3 (3-gene signature) called the Xpert MTB Host Response or
Xpert-MTB-HR-Prototype. A recent study performed a preliminary investigation on the per-
formance of the Xpert-MTB-HR-Prototype as a treatment monitoring tool among 31
patients with pulmonary TB and found that the signature correlated with treatment pro-
gression (97). So far, each of the transcriptomic signatures identified in this review has only
been evaluated in a limited number of cohorts, preventing us from meta-analyzing the
fold change of these markers throughout treatment. Additional well-conducted studies
are needed to quantitatively evaluate the performance of these signatures for treatment
monitoring. Promising gene signatures that should be evaluated further in the context of
TB treatment monitoring include Sweeney3, RISK6, and RISK11 (28, 35, 69, 85).

There are several limitations associated with this study. First, because not all studies
reported the exact biomarker levels for CRP, IP-10, IL-6, and TNF-«, some of the data had to
be extracted from figures, which may have introduced measurement error in the quantita-
tive analyses. We attempted to mitigate this bias by extracting the estimates in duplicate.
Further, a recent study by Mierden et al. found that the error from empirical evaluation of
data from figures is often inconsequential and that “data extraction from graphs is a good
method to harvest data if it is not provided in the text or tables” (10). Second, most, if not
all, biomarkers were evaluated using different assays in each study. For example, across the
10 studies that evaluated CRP, 9 different assays were used, including 3 different ELISA kits
(61-63, 78), 2 multiplex kits (33, 80), 1 nephelometer (65), 2 assays on point-of-care modules
(one by Abbott, the other by BodiTech Med) (45, 49), and 1 assay on the Roche modular an-
alyzer (15). This heterogeneity and consequent variability in assay performances could not
be accounted for in the analyses. Third, we compared studies with different patient charac-
teristics (e.g., different HIV status levels, fast versus slow responders, different proportion of
drug-resistant or multidrug-resistant TB, etc.). Because the majority of studies did not disag-
gregate biomarker-level data by patient characteristic or treatment regimen, we were
unable to perform subgroup analyses comparing how the fold change in biomarkers dif-
fered across populations. Fourth, the results of the meta-analysis for the fold change relative
to previously recorded time points is entirely dependent on the data collected in the
included studies. Given the high risk of bias and extensive heterogeneity across the studies,
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the quantitative fold change results are exploratory and limited in interpretation outside
the context of our systematic review. Nevertheless, these preliminary data may help inform
future studies to investigate these biomarkers in a more rigorous and standardized manner
for TB treatment monitoring. Finally, this study does not explain the biological reason for
the change in marker levels over time, which is essential for understanding the treatment
monitoring potential of the biomarker. Further evaluations are needed to understand
whether such changes in biomarker levels directly inform us that the treatment is effective.
Additionally, studies are needed to characterize how biomarkers would respond to partially
effective and ineffective regimens.

It is important to highlight that the overall quality of studies evaluated was poor,
suggesting an overall high risk of bias with respect to the reference standard, index
test, and patient selection of QUADAS-2 domains. What is most concerning, however,
is the extensive heterogeneity in the study design and data reporting strategies across
TB treatment monitoring studies. This heterogeneity limited our ability to properly
evaluate the performance of the biomarkers and assays. Lack of uniform follow-up
time points and reporting strategies, inconsistent definitions of treatment success ver-
sus treatment failure, and variability in the type and timing of reference standards
were some of the key issues that complicated the evaluation of biomarkers and assays.
Treatment monitoring of active pulmonary TB is an essential part of TB care, and yet,
there is very little guidance on best practices for researchers on how to design studies
and evaluate the accuracy and characteristics of treatment monitoring biomarkers and
assays, and even less guidance for clinicians to use these different biomarkers to
inform TB treatment progression among patients. Our systematic review and meta-
analysis highlights that while TB treatment monitoring is an active area of research,
additional work is needed to formulate appropriate study guidelines, gain clear con-
sensus regarding stakeholder needs through WHO-endorsed TB target product profiles
(TPPs), and inform clinical decision-making (98).

SUPPLEMENTAL MATERIAL

Supplemental material is available online only.
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