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ABSTRACT

Introduction Young children and children living with HIV
are at high risk of progressing to tuberculosis (TB) disease
following Mycobacterium tuberculosis (Mtb) exposure and
infection, and also of developing severe forms of disease
and TB-related mortality. Identifying children who have
very early (sub-clinical) TB disease, prior to progression

to clinically apparent TB, would mean that TB preventive
treatment (TPT) could be more efficiently targeted to this
group. Identifying biomarker changes on drug therapy in
children with Mtb infection or very early disease could
pave the way for the development of tests that can identify
which children have viable bacilli and are therefore at
increased risk of disease progression.

Methods and analysis The INTREPID study will use
already collected samples taken from well-phenotyped
paediatric cohorts in three clinical studies conducted

in South Africa in children <5 years, including a drug-
resistant TPT trial (TB-CHAMP), an observational household
contact study (interferon-gamma release assay studies)
and a prospective diagnostic study (Umoya), all conducted
in a setting with a high burden of TB and HIV. We will
employ transcriptomic, proteomic, metabolomic and
serology approaches to analyse changes in host blood
profiles at every stage along the TB continuum, from Mtb
exposure to disease and from children treated for Mtb
infection and early TB disease, as well as targeted Mtb
antibody analysis. Data on viral co-infections and relevant
clinical and epidemiological parameters will be integrated
and evaluated to identify the optimal biosignatures that
can predict future progression to clinically overt disease in
children below 5 years of age, including those living with
HIV.

Ethics and dissemination The study protocol received
ethical approval from the Stellenbosch University

Health Research Ethics Committee (N23/03/025). The
study findings will be disseminated through peer-
reviewed publications, scientific conferences and formal
presentations to healthcare professionals and to local
communities, in collaboration with the Desmond Tutu TB
Centre Community Advisory Board.
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STRENGTHS AND LIMITATIONS TO THE STUDY

= Akey strength of this study is the use of well-curated
samples from rigorously conducted studies in chil-
dren <5 years of age, including a drug-resistant
tuberculosis (TB) preventive treatment trial (TB-
CHAMP), an observational household contact
study (interferon-gamma release assay studies)
and a prospective hospital-based diagnostic study
(Umoya), all conducted in a setting with high burden
of TB and HIV.

We are uniquely placed to investigate children sam-
pled at every stage along the TB continuum and
have longitudinal samples from children who have
progressed from Mycobacterium tuberculosis (Mtb)
exposure to disease and from children treated for
Mtb infection and early TB disease.

Complementary biomarker signatures that pre-
dict transitions between relevant clinical TB states
will be identified using transcriptomic (RNA-
sequencing), proteomic (SomaScan), metabolomic
(targeted and untargeted) and antibody approaches
(Systems Serology).

Data from multi-omic approaches will be integrated
and evaluated in the context of clinical and epide-
miological co-variates, including co-infection with
other pathogens (PepSeq).

Children were enrolled using both community-
based and hospital-based recruitment strategies,
and recruitment was limited to one country, which
are limitations of this study.

INTRODUCTION

Globally, 70 million children are estimated
to have immunological sensitisation to Myco-
bacterium tuberculosis (Mitb), classified as Mib
infection.! Of these, 1.25million children
are estimated to progress to tuberculosis
(TB) disease each year, with nearly a quarter
of a million dying, almost all <5 years of age
and undiagnosed.” Young children are at
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the highest risk of progression from Mtb infection to TB
disease and of developing severe forms of TB, including
TB meningitis.” They therefore represent a priority group
for TB preventive treatment (TPT).

Although TPT is effective in preventing TB disease in
children,” many healthy children need TPT to prevent
one TB case.* Providing TPT to all children <5 years
following Mth exposure is globally recommended,’ yet
this is a blunt and inefficient approach, as most TB-ex-
posed children do not progress to TB disease, leading to
substantial overtreatment with associated costs and risks.
Risks include both those to the individual (toxicity, pill
burden), as well as to society (antimicrobial resistance).’
A more targeted approach, where TPT is provided to
children at the highest risk of disease progression, would
reduce unnecessary TPT courses and decrease the burden
on health services and families.

The traditional binary conceptualisation of TB clinical
states as Mtb infection or TB disease is increasingly chal-
lenged with wide recognition of a continuum including
Mtb exposure, infection, asymptomatic disease and clini-
cally apparent or overt disease.®” Most research in adults
identifying biomarkers predicting future disease progres-
sion has identified metabolic and immunological activity
of early TB disease.® ? There are no data identifying
these subtle signatures in young children or in children
living with HIV, who are at different stages of immuno-
logical development and are thus likely to have different
signatures.lo

Viral co-infections are likely to have a profound influ-
ence on the interaction between the host immune system
and M. "! Therefore, the identification of Mtbbiomarkers
in children should also consider the relevant clinical and
epidemiological context, including age and exposure to
other pathogens. Viral infections are common in young
children and several viruses, including CMV and HIV,
influence the risk of progression to TB, and likely the
performance of TB biomarkers, many of which reflect
the activity of type I IFNs which are also produced in the
context of viral infection.”” In addition to impacting
the risk of progression, co-infections may also change the
clinical presentation of TB disease, including symptoms
and disease severity, and biomarker performance. In the
Correlate of Risk Targeted Intervention Study (CORTIS)
trial, the RISKI11 transcriptomic signature score, a TB
blood biomarker, was significantly altered by the presence
of viruses in the upper respiratory tract in South African
adults.'® !

Currently, it is not possible to determine which child
contacts have viable mycobacteria in their body, a neces-
sary pre-condition for developing incident or future TB
disease.’ It is increasingly suggested that many individuals
with immunological evidence of Mib sensitisation have
eradicated all organisms and have no viable bacilli.'® If it
were possible to identify the subset of children with viable
bacilli, then an alternative approach for targeted TPT
would be to provide therapy only to these children. As
the death of Mtb can be detected through immunological

assays,'” it may be possible to identify signatures indi-
cating Mitb death that would allow for more targeted
TPT approaches. This might include baseline and early
sampling on treatment to allow a stop/go decision-
making process for continuation of TPT dependent on
identification of Mtb death.

Study objectives

In this study, we aim to identify biomarkers and combi-
nations of biomarkers that will predict which children
are at high risk of progressing to future TB disease. We
will leverage samples from children <5 years of age in
three clinical studies conducted in South Africa. We will
carefully select samples from our extensive repository to
enable (1) cross-sectional comparison of different well-
defined clinical states, (2) nested case-control analysis
of children followed over time who transition from one
clinical state to the next and (3) analysis of children
treated for Mtb infection and early TB disease. We will
use transcriptomic, proteomic, metabolomic and anti-
body approaches to fully interrogate these samples in
their clinical and epidemiological context to identify the
best biomarkers that accurately describe these changes
(figure 1). Finally, we will undertake an integrated anal-
ysis of these approaches, together with analysis of concur-
rent viral exposure/infection and important clinical
co-variates to arrive at the most complete and accurate
signatures to fully understand the biology of Mtb, partic-
ularly as it relates to future disease progression in young
children including those living with and those exposed
to HIV.

METHODS AND ANALYSIS

Description of cohorts and setting

We will use samples from three complementary studies led
and overseen by the Desmond Tutu TB Centre (DTTC),
Stellenbosch University, and conducted in epidemiolog-
ically diverse settings across South Africa: TB-CHAMP,
interferon-gamma release assay (IGRA) studies and
Umoya (table 1).

TB-CHAMP

TB-CHAMP (Tuberculosis Child Multidrug-Resistant
Preventative Therapy) was a randomised, placebo-
controlled community-based trial of TPT for children <5
years old exposed to multidrug-resistant (MDR)-TB in
their household. MDR-TB is defined as TB disease caused
by Mib resistant to at least rifampicin and isoniazid. The
trial was implemented at five sites in South Africa in five
different provinces, with recruitment ending on 31 July
2022 and follow-up completing by 31 January 2023. Mtb
exposure was quantified using a standard measure.?’
Children were randomised to 6months of either daily
levofloxacin or matched placebo. By trial closure, 922
children (839 under 5 years) had been enrolled (2.1%
HIV-positive and 35.8% HIV-exposed) and 21 TB
endpoints had been reached. At trial entry, prevalent TB
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Figure 1

disease was excluded through comprehensive history,
examination, chest X-ray (CXR) and microbiology. IGRA
testing (QFI-GIT) was conducted at baseline, but chil-
dren were randomised regardless of IGRA status. The
primary outcome was incident TB disease (confirmed or
unconfirmed, as defined by the 2015 National Institutes
of Health (NIH) consensus definitions)?' and TB death,
by 48 weeks post-randomisation. For the end point review,
all CXRs were dual read by experts blinded to clinical
details and trial arm. All end points were reviewed by a
blinded independent end-point review committee. Blood
samples (PAXgene and serum) were collected at baseline,
8, 16, 24 and 48 weeks, and at the time of incident TB
disease and stored at -80°C to preserve RNA and protein
integrity for long-term storage and downstream applica-
tions.” %

Table 1 Overview of TB-CHAMP, IGRA studies and Umoya

cohorts
IGRA

TB-CHAMP studies Umoya
Number of 839 534 475
children <5 years
Number HIV- 12 (1.4%) 108 36 (7.6%)
positive (20.2%)
PAXgene Baseline, 8, 16, None Baseline
available 24 and 48 weeks
Serum available Baseline, 8, 16, None Baseline, 2,

24 and 48 weeks 8, 16 and

24 weeks

Plasma available None Baseline, None
12, 24
and 60

weeks

TB-CHAMP, Tuberculosis Child Multidrug-Resistant Preventative
Therapy trial
IGRA, interferon-gamma release assay; TB, tuberculosis.

X

Clinical

covariates

Overview of the INTREPID study. Mtb, Mycobacterium tuberculosis; RNA-Seq, RNA-sequencing; TB, tuberculosis.

The IGRA studies

The IGRA studies recruited children between December
2007 and June 2012 into a prospective, community-based
household contact diagnostic study evaluating the diag-
nostic utility of IGRAs in three communities with a high
burden of TB in Cape Town.” The cohort included chil-
dren <15 years with known exposure to an adult with
pulmonary drug-susceptible TB, together with matched
children from control households with no known TB
exposure and enriched for HIV through recruitment
from HIV clinics. Mtb exposure was quantified using a
standard measure.”* Children were evaluated for TB
disease at baseline using history, examination, CXR and
microbiology, and TB disease was classified based on
a standard protocol case definition.”” Prevalent TB was
defined as disease diagnosed within 30 days of enrol-
ment. Of 1088 children enrolled, 534 were <5 years. Of
those <5 years, 20.2% were HIV-positive and 30% were
HIV-exposed. For end point review, all CXRs were dual
read by experts blinded to clinical details and all end
points were reviewed by a blinded independent end-point
review committee. As all relevant clinical, radiological
and microbiological data were collected, reclassification
of TB endpoints is feasible using the 2015 NIH case defi-
nition.*" All children <5 years and all those living with
HIV were referred for TPT as per local standard of care.
Many did not attend local clinics and poor adherence was
common. 34 children <5 years developed incident TB,
mostly children who did not receive TPT. Longitudinal
data collection included serial measures of Mib infection
(IGRA and tuberculin skin test (TST)). IGRA superna-
tant and plasma were collected and stored at -80°C.

Umoya

Umoya is an ongoing prospective cohort study that
recruits children presenting with presumptive pulmonary
TB to two hospitals (one secondary and another tertiary
level) in Cape Town. Standard TB investigations are
completed at enrolment, including clinical examination,
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respiratory sampling for TB microbiology, CXR, TST and
TB exposure status. TB status is defined as confirmed,
unconfirmed and unlikely TB, using the 2015 NIH case
definition.”! For the end point review, all CXRs are dual
read by experts blinded to clinical details. To measure
immune responses in children with very early, limited
disease, we have identified children in this cohort who
have TB exposure, have acute symptoms (<2 weeks, to
include cough, fever, respiratory distress, wheeze) and
have either a normal CXR or a CXR with only hilar lymph
nodes (early radiological disease), regardless of microbi-
ological confirmation. We have also identified children
with no symptoms and normal radiology but with respi-
ratory samples positive for M. Serum and PAXgene
samples are collected at enrolment and stored at -80°C,
with serum also collected at 2, 8, 16 and 24 weeks, and
at unscheduled visits. By the end of December 2024,
610 children had been enrolled, with 475 <5 years.
Recruitment and follow-up will continue through 2025,
including long-term assessment of lung health; however,
we included samples from patients enrolled before 2025
for this study. To date, +40% of children have confirmed
or unconfirmed TB,”' 50% are symptomatic controls
(initially presenting with presumptive TB but not started
on TB treatment) and 10% are healthy sibling controls.
Of those under 5 years, 7.6% are HIV-positive and 20%
are HIV-exposed uninfected.

Laboratory analysis and data generation

Transcriptomics

From stored PAXgene tubes, total RNA will be extracted
using PAXgene Blood RNA kits and RNA quantity
and quality measured. Following library preparation,
including globin and ribosomal RNA depletion, RNA-Seq
will be done using an Illumina HiSeq-2500 platform at
100bp paired-end configurations at the South African
Medical Research Council Genomics Centre, gener-
ating a raw read count of 40million reads per sample.
After quality control, sequence reads will be mapped
and quantified, including the identification of transcript
isoforms. We will perform differential expression analysis
using linear models to compare features between clinical
groups in a pairwise manner, accounting for confounding
factors using DeSeq2 in R.** We will also perform time-
course and predictive analysis for outcomes of Mtb infec-
tion or TB disease,” as well as cell type adjustments using
cell type deconvolution (DeconRNAseq).”™

Proteomics

Serum and plasma proteomic profiles will be measured
on the SomaScan platform, which uses the Slow Off-rate
Modified Aptamer reagents consisting of short single-
stranded DNA sequences that allow tight and specific
binding of proteins to their target. This specificity has
enabled the current SomaScan platform (V.4.1) to accu-
rately resolve over 7000 proteins in complex clinical
samples such as plasma and serum. We will send samples
of serum and plasma (75 pL) to SomaLogic, Inc (Boulder,

Colorado, USA). Samples will be analysed in a single run at
three serum/plasma concentrations (2%, 0.2%, 0.005%)
to ensure the precise measurement of low, medium and
highly abundant proteins and the raw fluorescence data
returned for analysis. Data validation and quality control
steps will be performed using internal assay controls to
correct for variations in aptamer hybridisation efficiency
and inter- and intra-assay variability.

Systems Serology

We will use the Systems Serology platform to characterise
biophysical and functional properties of antigen-specific
serum/plasma antibodies at the Systems Serology Lab
(Harvard School of Public Health, Boston, USA). For
biophysical profiling, we will use multiplexed Luminex
technology to interrogate serum/plasma responses to
a panel of established Mib antigens, including purified
protein derivative, antigen 85, early secretory antigen
target 6, culture filtrate protein 10, heat shock protein
X, GroES and lipoarabinomannan. Influenza haemag-
glutinin and Ebola glycoprotein will be included as posi-
tive and negative reactogenicity controls, respectively.
Fluorescently barcoded microspheres will be incubated
with diluted serum/plasma, and fluorescent reagents
will be used to detect (1) antigen-specific antibody
isotype and subclass, using commercially available fluo-
rescent secondary antibodies against human IgGl-IgG4,
IgAl, IgA2 and IgM; (2) binding of Fc receptors, using
Fc gamma receptor binding antibodies (FcyR): FcyR2A,
FcyR2B, FcyR3A and FcyR3B; Fc alpha receptor I; and Fc
mu receptor available through Duke Protein Production
Facility and covalently coupled to phycoerythrin; and
(3) Fc glycosylation, using commercially available fluo-
rescently coupled Sambucus nigra agglutinin (recognises
sialic acid) and Ricinus communis agglutinin I (recog-
nises galactose). Median fluorescence intensity will be
measured for all features of interest, and further protocol
information can be found elsewhere.* All assays will be
performed in duplicate. For functional profiling, we will
evaluate antibody-mediated restriction of Mtb using sera/
plasma from children who progressed to TB versus non-
progressors. A luciferase reporter strain of H37Rv will
be opsonised with diluted sera/plasma and incubated
in donor blood for 5days, a duration empirically deter-
mined to maximise detection of killing. Restriction will
be measured by luminescence.

Metabolomics

We will use a combination of metabolomic technologies
including liquid chromatography mass spectrometry
and 'H-nuclear mass resonance methods™ to globally
profile the metabolome with broad coverage.”' This will
enable the detection of small molecule metabolites and
lipids and the opportunity for novel discovery in parallel
to targeted data extraction of pre-defined metabolite
panels. Hydrophilic interaction chromatography and two
reversed-phase chromatography separations will enable
detection of very polar and ionic metabolites, as well as
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small hydrophilic and moderately hydrophobic species
and neutral and complex lipids with both positive and
negative mode ion detection. The National Phenome
Centre (NPC), at Imperial College, London, UK, will
analyse aliquots of serum and plasma with a prioritisation
algorithm based on available samples volume and assay
volume requirements. Where specific metabolic path-
ways or compound classes are implicated in differences
between clinical states, between progressors or non-
progressors or between children treated or untreated for
Mtb infection or disease from broad untargeted analysis,
targeted quantitative assays from the BioExact Assay Suite
(https://phenomecentre.org/platform/) will be incor-
porated into the algorithm. Sample preparation, running
the assays, quality control and assurance of the data
and data pre-processing will be performed by the NPC
using established standardised operating procedures
(SOPs)* and an open-source pipeline.” The NPC will
provide raw and pre-processed data along with a quality
report. Metabolite identification of unknown chemicals
and putative biomarkers identified during the discovery
profiling phase will be applied to establish de novo struc-
ture elucidation of analytes of interest where not previ-
ously annotated.”

Viral Approaches

We will infer historical and contemporary exposures
across the human virome using highly-multiplexed
peptide-based serology on the PepSeq platform.* To that
end, we will assay plasma IgG reactivity using the previ-
ously described ‘HV2’ library that consists of 15000 DNA-
barcoded 30mer peptides representing 80 commonly
infecting virus species (empirically selected based on
reactivity observed in a previously conducted virome-wide
screen of 244000 peptides, representing >200 species).”
For longitudinal analyses, we will apply the previously
described Peptide Set Enrichment Analysis method™
to integrate high-dimensional peptide-level reactivity
changes between consecutive timepoints into species-
specific infection calls. We will also evaluate evidence
of viral genomic material in the RNA-Seq data using
MetaMix.”’ Using our pilot whole blood RNA-Seq data
(40 million reads per sample), we have previously iden-
tified reads mapping to lytic viral genes (ie, EBV). Addi-
tionally, we will mine the data for host transcriptomic
residual profiles that will indicate co-infections of interest
(eg, CMV, SARS-CoV-2 and influenza). These will be
identified by comparing the whole blood transcriptomic
profiles generated in this study to those generated from
children in previous studies with confirmed viral infec-
tions using multi-class, multi-label classification methods.
We have shown that individual transcriptomic profiles
can be assigned to specific causative pathogens, by inter-
rogating a database of blood transcriptional profiles for
multiple infectious diseases.™

Statistical analysis

The data generated from these approaches will undergo
modality-specific pre-processing as outlined above. Once
a feature abundance matrix is generated, abundance
levels between different clinical groups of interest will
be compared while accounting for covariates of interest
(ie, age, sex, BCG vaccination status, TPT provision, site
of recruitment). P values will be corrected for multiple
testing via false discovery rate estimation. To investi-
gate the underlying biology of disease, systems biology
approaches including Ingenuity Pathway Analysis for the
transcriptomic, proteomic and metabolomic data will be
used to map the differentially expressed entities to path-
ways. Further analyses will be undertaken to determine
important network characteristics, including hub mole-
cules and molecular interactions. For biomarker identi-
fication, least absolute shrinkage and selection operator
(LASSO) will be used to select features that best differen-
tiate progressor and non-progressor groups.”’ To select
the minimal list (signature) of discriminatory biomarkers
with potential for translation for clinical use, we will
employ our in-house variable selection (forward selection
partial least squares), that results in minimal models—
smaller compared with LASSO—while retaining the
predictive accuracy.*’ *! Finally, we will assess the perfor-
mance of the defined signatures by calculating the ROC
AUC (Receiver Operating Characteristic- Area Under
the Curve) based on the defined signatures, in each case
using 80% of each cohort as a training set to develop the
RO(E curves, and the remaining 20% reserved as a test
set.”

Specific aim 1: To identify biomarkers that predict progression
to Mth infection and/or TB disease in children in the context
of relevant clinical and biological covariates

Cross-sectional analysis

We will carefully select children from each of five clinical
categories (figure 2), matched for age and sex. Each group
of 35 children will have 15 boys and 15 girls and there
will be six children in each I-year age band, matched for
HIV exposure/infection status. Children will be selected
from all three cohorts to populate each category, which
assumes similar immune responses to drug-susceptible
and drug-resistant Mth. We will use the definition for
limited, early pulmonary disease as outlined above, and

® ] 1}
. Limited, carfy
Th discase

®
Vmee agporsed Exposed Exposed
wainlvgtod Uninfected Infosted

]
=+ Severc TH disease

Figure 2 Cross-sectional analysis of children in different
clinical states. Blue indicates no bacilli transitioning into
large numbers of bacilli as indicated by the red colour. TB,
tuberculosis.
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severe/extensive pulmonary disease will include extensive
parenchymal involvement or other features as described
by Wiseman.* Any children with asymptomatic disease
(no symptoms but an abnormal CXR or who are microbi-
ologically positive) will also be included as an additional
comparator group (although the numbers will be rela-
tively small). A PAXgene tube from each child at baseline
will undergo RNA-Seq and serum or plasma from each
child taken at baseline will be sent for SomaScan, Systems
Serology, metabolomic analysis and PepSeq. The aim of
this analysis will be to identify differences in multi-omics
data between the five clinical categories.

Risk of progression to Mtb infection indicated by IGRA
conversion

167 children<5 years old from the IGRA studies were
exposed in their household to an infectious TB case but
were IGRA negative at baseline. Of these, 35 converted
to IGRA-positive status. We will identify all samples from
these 35 children (baseline and all follow-up samples
until the timepoint when their IGRA test converted—
at least three samples per child) and will match (on
age, sex, exposure score, HIV status and weight-for-age
z-score) these children (1:2) to 70 children who were
IGRA-negative at baseline and remained IGRA-negative
throughout the study (controls).

Samples from children progressing to Mib infection
and controls will undergo SomaScan, Systems Serology,
metabolomic analysis and PepSeq (PAXgene tubes not
available for the IGRA studies). We will realign timepoints
for the cases, so that the time of IGRA positivity is time 0
and all samples taken prior are 0 minus x, y or z weeks.
We will divide children randomly into a training and test
group. In the training set, we will first perform differential
abundance analysis between controls and cases at time 0
and we will then compare the controls to samples taken
from the cases at several time-points: 0 minus x weeks, 0
minus y weeks, etc (figure 3). Once we have identified
signatures in the training set (80%), we will evaluate them
independently in the test set (20%). While we recognise
that IGRA testing is an imperfect way of characterising
Mib infection, performance of IGRAs against a reference

IGRA neg at baseline

i
Cases [become IGRA pos) |

| Randam assignment to training (90%]) and test [209%) scts |

[ T | [ Tew

2
Cantrols |

Cases | Cases [ comrals |

| Mentification of signatures |

_{Bl.lduﬂuﬂ;ndw|

Figure 3 Nested case-control study to evaluate risk of
progression to TB infection with training/test design. IGRA,
interferon-gamma release assay; TB, tuberculosis.

standard of confirmed TB is good in children <5 years,
with a sensitivity of 0.85 (95% CI 0.79 to 0.89) and a spec-
ificity of 0.94 (95% CI 0.88 to 0.97),* suggesting that
biomarkers that are associated with development of a
positive IGRA will be associated with the development of
Mtb infection.

Risk of progression to TB disease

For the gene expression analysis, we will use samples
from TB-CHAMP: 21 children who were well at baseline
that subsequently developed incident TB disease. We will
compare the 21 children who progressed to disease with
(1:2) 42 children, matched on age, sex, study site and trial
arm, who remained disease free. We will evaluate base-
line samples from those who remained well and samples
from all time points in those who progressed to disease,
including baseline and at the time of incident TB. We
anticipate a median of 4 time points per child with inci-
dent TB; therefore, we will undertake RNA sequencing
on 84 samples from children with incident TB and on 42
samples from controls. The nested case-control analysis
uses a time course analysis to compare gene expression
changes across time points (diagnosis vs 8 weeks prior)
where the statistical poweris derived from the totalnumber
of longitudinal samples allowing the use of 84 samples to
power the analysis. As above, we will realign time points
for the cases, so that the time of diagnosis is time 0 and
compare gene expression between controls and cases at
all time points. We will again divide children randomly
into a training and test group (figure 4). For SomaScan,
metabolomic analyses and Systems Serology, we will have
an abundance of samples from the TB-CHAMP and
IGRA studies. We will use a similar methodology to that
described above. However, for these approaches, we will
use the 21 incident TB cases from TB-CHAMP and the
34 incident TB disease cases from the IGRA studies, so
we will compare 55 cases to 110 controls (using the same
controls for TB-CHAMP as for the RNA-Seq experiment).
We will evaluate samples taken from all time points for
incident TB cases and compare them to controls at base-
line. We estimate that there are at least three samples per
incident TB case, so we will analyse 165 samples from chil-
dren with incident TB. For each of these samples, analysis
by PepSeq will also be completed.

Sample size and power calculation

Power calculation is provided here for the RNA-Seq
modality, as it quantifies the largest number of features
in comparison to the other modalities. We therefore
performed a sample size calculation in R for the RNA-Seq
experiment using RNASeqPower (V.1.12.0). Cross-sectional
analysis:

To compare between each two of the five clinical
stages (figure 2), based on the following assumptions: (i)
RNA-sequencing depth of at least 30 million reads, (ii)
a coefficient of variation of 0.3 within the group, (iii) a
probability of 0.05 for a type I error, (iv) a probability of
0.1 for a type II error (ie, a power of 90%) and (v) an
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Figure 4 Nested case-control study to evaluate risk of
progression to TB disease with training/test design. TB,
tuberculosis.

effect size of 1.5, we would need to include at least 25
individuals in each group to demonstrate difference in
RNA expression. Nested case-control analysis: To compare
between cases (exposed uninfected vs exposed infected,
and progressors vs non-progressors; figures 3,4) based on
the previous assumptions, we need to include at least 25
cases and 25 controls.

Specific aim 2: To determine biomarkers of Mth treatment

in children with Mtb infection and early TB disease, in the
context of co-infections and other relevant co-variates
Changes in host-omics profiles during treatment of Mtb infection
Levofloxacin is an antituberculosis drug and a broad-
spectrum antibiotic expected to cause substantial and
varied disruption in the host immune system of children
enrolled in the TB-CHAMP trial, who were all exposed
to MDR-TB in the household. At baseline, there are
four groups of children, namely those on levofloxacin
and those on placebo, and within these groups some
with positive and some with negative IGRA tests. With
the assumption that more children with a positive IGRA
have viable Mtb, TB-CHAMP provides a unique opportu-
nity to untangle the non-specific effects of chemotherapy
from the specific effects on M) and study the change in
biomarker signatures caused by mycobacterial death. We
will identify 30 age- and sex-matched children in each of
these four groups and undertake RNA-Seq, SomaScan,

Systems Serology, metabolomics and PepSeq at baseline
and 2 months (figure 5). We will carry out differential
expression or abundance analysis to identify differences
in genes, proteins, antibodies and metabolites between
2 months and baseline in each group. By accounting for
the changes in immune profiles of IGRA-negative chil-
dren given placebo from IGRA-negative children given
levofloxacin, we will be able to define the non-specific
effects of levofloxacin on immune responses in chil-
dren without TB. By subtracting the change in immune
profile of IGRA-positive children given placebo from
IGRA-positive children treated with levofloxacin, we will
be able to define the overall impact of levofloxacin on
immune responses in children (including impact on Mtb
and other effects). By subtracting the first difference
from the second, it will be possible to define the specific
effect of levofloxacin on Mtb death, potentially leading to
a signature that can inform the use and duration of TPT.
Understanding the impact of age, sex, HIV exposure and
infection status, and other viral co-infections on these
signatures will also inform how TPT regimens should be
designed and implemented in the future.

Change in host-omics profiles when treating (early) TB disease

We will select 30 children from the Umoya cohort who
have well-characterised early and limited TB disease (as
previously defined) and carry out SomaScan, Systems
Serology, metabolomics and PepSeq on samples at base-
line and at 8 weeks (PAXgene not collected at 8 weeks).
By defining the immunological change in treatment of
children with early disease, we will be able to identify
patterns of change during the treatment of early disease
(asymptomatic microbiologically confirmed and asymp-
tomatic clinically diagnosed), potentially leading to the
development of a molecular biomarker that can identify
sub-clinical TB and therefore children at high risk of
progression to clinical disease. These analyses will also
generate a better understanding of the biology of sub-
clinical TB.

| Children recruited to TB-CHAMP (n=839) |

' v
| Levofloxacin (n=450) | [ Placebo (n=434) |
| |
' v ' )
IGRA + (n=89) | | IGRA- (n=293) | [ 1GRA+ (n-72) | | IGRA- (n=332) |
¥ * + !
Samples analysed at Samples analysed at Samples analysed at Samples analysed at
baseline and 2 months baseline and 2 months baseline and 2 months baseline and 2 months
(n=30) (n=30) (n=30) (n=30)

Figure 5 Evaluation of immunological response to treatment of individuals with Mtb infection, treated with TB preventive

therapy. IGRA, interferon-gamma release assay; Mtb, Mycobacterium tuberculosis; TB, tuberculosis.

Hamilton MS, et al. BMJ Open 2026;16:6099348. doi:10.1136/bmjopen-2025-099348

© Areiqi
uopuo 868|100 [eladwi 1e 920z ‘8T Areniged uo jwod fwg uadolwa//:dny woly papeojumoq "9z0z Arenigad QT UO 87£660-G20Z-uadolwag/9eTT 0T Sse paysiignd 1s.yy :usadO CING

'salfojouyoal Jejiwis pue ‘Buiurel) |y ‘Buluiw erep pue 1xa1 01 palelal sasn Joj Buipnjoul ‘1ybluAdoos Aq paloslold


http://bmjopen.bmj.com/

Specific aim 3: To integrate all biomarkers of disease
progression and Mtb treatment to identify optimal
biosignatures and to define the biological pathways
implicated in these processes

Many methods of multi-omics’ integration have been
developed, including graph-based, clustering-based and
factor analysis-based methods.**™” We will perform super-
vised and unsupervised integration analyses to identify
the biological mechanisms that distinguish children who
progress to Mtb infection from those who remain IGRA-
negative, and critically, on those who progress to disease
from those who remain TB disease-free. We will analyse
each timepoint separately and then integrate all time-
points from the same child to identify biological trajec-
tories that predict progression to Mib infection or TB
disease. First, the acquired RNA, protein, metabolite and
antibody profiling data, along with the clinical and viral
data, will be pre-processed and analysed on a single-omics
level. Count data from the RNA-Seq dataset, abundance
levels from the protein profiling, metabolite and anti-
body datasets, along with clinical and viral data, will be
used as an input for the integration across all patients.
Second, we aim to identify a multi-omics’ set of features
that distinguish progressors from non-progressors using
DIABLO.” In addition, we will perform a data-driven
hypothesis-free analysis to identify clusters of patients
with similar-omics profiles. To this end, we will use
multi-omics factor analysis (MOFA), which is a versatile
generalisation of principle component analysis (PCA) to
multi-omics data® as it infers a low-dimensional represen-
tation of the data. MOFA also allows for missing values to
be imputed, and factors to be annotated through gene set
enrichment analysis. The molecular features identified by
MOFA from the inferred factor loadings will be used to
complement the biomarkers identified by DIABLO. We
will also use similarity network fusion (SNF) for unsuper-
vised analysis and disease subtype identification.* SNF
creates a matrix for each omic type/data modality (RNA,
protein, metabolites, antibodies, viral exposure) to iden-
tify pairwise sample similarities and construct a network
for each data type. The molecular features identified by
MOFA from the inferred factor loadings could be used as
a complement to the biomarkers identified by DIABLO.
Finally, a single consensus network is produced which
contains shared and complementary information from
the data sources.” From this, clusters of patients will be
identified with greater resolution than the single omics
networks allow.

Risks and mitigation

Many reported TB biomarkers fail to replicate in subse-
quent studies. The main factors for such failure are inade-
quate sample size in the discovery process; failure to include
arepresentative spectrum of patients during the biomarker
discovery process and overfitting of data due to failure to
validate the performance of candidate biomarkers in inde-
pendent cohorts. Additional risks for failure of biomarkers
to replicate are variations between target populations in

the frequency of co-factors such as malnutrition, viral or
other co-infections, HIV and socio-economic conditions.
Technical factors are inadequate sample handling and
storage, lack of standardised laboratory procedures, failure
to account for batch effects in processing and potential
risk of bias due to unblinding to relevant clinical data.
We have attempted to mitigate these risks by considering
them in the design of our study and during our proposed
programme of work. All three studies enrolled children in
South Affrica, using the same approaches and protocols,
using standard case definitions for TB, and led by the same
group. We have developed extremely well-characterised
clinical phenotypes of disease based on clinical, radiolog-
ical and microbiological data. We have included partici-
pants drawn from a wide spectrum of ethnic, geographical
and epidemiological settings. TB-CHAMP recruited
children from five geographically and ethnically diverse
settings across five provinces. The other two studies
recruited children from urban Cape Town, with extensive
ethnic and genetic diversity in our study population.” We
have addressed technical errors in biomarker validation,
by ensuring that all steps in the discovery and validation
process follow standardised operating procedures (SOPs).
These include categorisation of patients into diagnostic
groups: collection and recovery of plasma, serum and RNA
and sample aliquoting and storage. Sample volumes are
adequate for all planned analyses and sample integrity has
been maintained. All laboratory analyses will be under-
taken by experienced laboratory personnel and will follow
established SOPs. All laboratory analyses will be blinded to
clinical disease states and all other participant characteris-
tics, reducing the potential for bias. We will consider batch
effects, by randomising samples from different diagnostic
groups and different cohorts between sample runs. Once
biomarkers have been identified, we will carry out external
validation. Discussions have already taken place with the
lead investigators of the PREDICT (R01AI175315) and
PROTECT (RO1AI175312) projects to plan mutual cross-
validation of resulting signatures.

Biomarkers discovered using one technological plat-
form (eg, RNA-Seq) may fail to replicate when an alter-
native technology (eg, point of care chip-based PCR)
is used for detection. To mitigate this risk, our pipeline
ensures validation first by the same technology as used in
the discovery process and then transfer to an alternative
technology for large scale analysis. To mitigate a single-
omic approach not identifying biological markers of TB
progression, we have applied multi-omic approaches and
modalities to address this clinical need.

Participant and public involvement

The DTTC Institutional Community Advisory Board
(CAB) was involved in the development of the proposal
and provided critical input into the study approach and
dissemination plan.

Ethics and dissemination
The three parent studies were all approved by the
Stellenbosch ~ University Health  Research  Ethics
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