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Abstract

Infectious diseases have caused billions of deaths in the last 200 years. Significant gaps
persist in diagnosis, treatment, and eradication of nearly all infectious diseases. Identification of
novel biomarkers addresses this gap by providing targets for diagnostics, treatments, disease
monitoring, vaccines, and prognoses. Proteomics and metabolomics are two broad analytical
approaches for biomarker discovery methodologies. In the following studies, varying methods
are applied to two unique infectious diseases, tuberculosis and Chagas disease, for identification
of novel biomarkers.

Chagas disease (CD), caused by Trypanosoma cruzi (T. cruzi) protozoa, is a complicated
parasitic illness with inadequate medical measures for diagnosing infection and monitoring
treatment success. To address this gap, we analyzed changes in the metabolome of 7. cruzi-
infected mice via liquid chromatography tandem mass spectrometry of two clinically accessible
biofluids: urine and plasma. Metabolites perturbed by infection in urine include kynurenate,
acylcarnitines, and threonylcarbamoyladenosine. Based on these results, we sought to implement
urine as a tool for the assessment of CD treatment success. Strikingly, it was found that mice
with parasite clearance following benznidazole (Bz) antiparasitic treatment had an overall
urinary metabolome comparable to that of mice that failed to clear parasites. These results
provide a complementary hypothesis to explain clinical trial data in which Bz treatment did not
improve patient outcomes in late-stage disease, even in patients with successful parasite
clearance. Overall, this study provides insights into new small-molecule-based CD diagnostic
methods and a new approach to assess functional responses to treatment.

Tuberculosis (TB), caused by the bacillus Mycobacterium tuberculosis (Mtb), is a serious
airborne disease that has claimed more than one billion lives. Serious gaps persist worldwide in
rapid diagnosis and completion of treatment, despite treatments with high cure rates being
available. Communities lacking appropriate economical and health resources often suffer the
most, and rapid, point-of-care diagnostics are the first step in relieving the global TB disease
burden. We utilized a novel rabbit model to analyze circulating antigens in serum and urine to
identify six potential protein biomarker candidates. IgG antibody-producing hybridomas were
developed to one of the identified targets for potential use in a point-of-care diagnostic assay
format. Taken together, these studies support the utilization of multiple methodologies, such as
proteomics and metabolomics, to gain valuable insights for development of point-of-care
diagnostics for infectious diseases.
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1 Introduction

1.1 Background and Significance

Despite many advancements in the understanding, detection, and treatment of infectious
diseases, they remain a major cause of death today.! Over 1 billion lost lives from tuberculosis
have been recorded since its scientific discovery in 1882, more than any other infectious disease
in history.? Other leading causes of infectious disease deaths include smallpox, plague, malaria,
HIV/AIDS, cholera, and influenza. Very few infectious diseases, like smallpox, have managed to
be eradicated through vaccines and/or cures; most have persisted for hundreds and sometimes

thousands of years.?

Severity and distribution of disease outbreaks varies significantly, so there is a critical
need for global health interventions, cooperations, and strategies.* Global health programs are
facing unprecedented threats to funding in such a fragmented world.? Just this year, the United
States pulled out of the World Health Organization (WHO), the United Nations agency
responsible for connecting nations to promote health and serve the vulnerable.’ And it is the most
vulnerable and disenfranchised communities often bearing the brunt of infectious disease
outbreaks.® Early diagnosis is a key factor in limiting outbreaks and preventing their spread.’
Point-of-care diagnostics, which offer rapid results near the site of patient care, offer the most

robust opportunities for global interventions.®

1.2 Biomarker Definitions, Classifications, and Current Setbacks

Accurate, predictive biomarkers are of utmost importance for effective decision-making

in all diagnostics.’A biomarker is defined as a measurable, known characteristic of normal



biological processes, pathogenic processes, or responses to exposure or intervention. '
Classification of biomarkers can become complicated, as many candidates fall into multiple,
overlapping categories based on attributes such as biological origin and scale, physical structure,
modality, evaluative characteristics, and clinical application. Regardless of its nature and
intended use, an effective biomarker must be sensitive, specific, safe, reliable, reproducible,

measurable, applicable, and modifiable with treatment.!!

The first disease biomarker of record was discovered in 1847'2, and biomarker research in
the decades that followed typically adopted targeted approaches driven by biological process
hypotheses that resulted in single-analyte biomarker discoveries. Over the next 150 years, use of
disease biomarkers in laboratories and clinics gradually became more objective and quantitative,
while clinical studies and trials continued relying on clinical endpoint variables designed to

capture how a patient feels, functions, or survives.!?

Biomarker data does not always correlate with clinical state, and prioritizing the wrong
data can lead to medical failures. An example of this is the Cardiac Arrhythmia Suppression Trial
(CAST).'"* Arrhythmia was identified as a biomarker for patients suffering from heart attacks.
Because heart attacks are strongly correlated to sudden cardiac death, it was hypothesized that
drugs developed to normalize heart rhythms would prevent sudden cardiac deaths. The Federal
Drug Administration (FDA) approved several of these drugs, but the CAST findings demonstrate
the drugs significantly increase sudden death by triggering different, unseen, lethal cardiac

malfunctions.

Concerns and discussions over what data are most useful in both clinical and biomedical
research continued to escalate until a National Institutes of Health Biomarkers Definitions

Working Group was formed in 1998 to resolve confusion, standardize definitions, and align



expectations.!® This ultimately led to the development of a periodically-updated ‘living’
document known as the Biomarkers, EndpointS, and other Tools (BEST) Resource that continues

to influence biomarker research agendas at all levels.!'%!¢

Today, high translational failure rate, whereby the most promising discovery-phase
biomarkers often fail late-stage clinical validation, persists as one of the biggest issues in all of
biomarker research.!” A recent review of the European Medicines Agency’s biomarker
qualification procedures and outcomes cited an 85% failure rate, with the most common issues of
biomarker properties and assay validation indicating key gaps at early stage development. '8
Other identified key causes of failure include pre-analytical variability, replication failure, and

lack of validation rigor at all stages.'®

1.3 Biomarker Workflows and Experimental Approaches

At a glance, typical biomarker discovery workflows include sample collection, high-
throughput screening, and targeted validation. Proteomics, metabolomics, genomics, and
transcriptomics are biological modalities that define the scope of a biomarker workflow through
use of specialized platforms like mass spectrometry, next-generation sequencing, and single-cell

assays.

Biomarker study design can be divided into two major categories: targeted and untargeted.
Targeted approaches are hypothesis-driven and require prerequisite knowledge and
understanding of the disease of interest. The goal is typically to quantify known targets with low
data coverage and high sensitivity. Conversely, the goal of untargeted approaches is to discover

novel biomarkers. Untargeted experiments carry reduced bias, are hypothesis-generating, involve



high data coverage, but usually have lower sensitivity. Targeted approaches are often used to

validate discoveries made during untargeted approaches.

After a list of biomarker candidates is identified through initial discovery, next steps in
the development pipeline include qualification, verification, candidate prioritization, and
validation. High sensitivity is the top priority during discovery and qualification, while focus
begins to shift to specificity assessment during verification. Existing knowledge in disease
pathophysiology and functional biology of candidate molecules drives effective candidate

prioritization.

Proteomics in biomarker discovery is considered a reasonably established field within the
core -omics technologies. The biggest plaguing issues current processes have yet to overcome
are sample complexity, patient-to-patient variability, disease marker promiscuity, data analysis
inefficiency, stability of analytical platforms, high cost, and the time it takes to bring a test to

market.2°

Metabolomics is still considered an immature field, and a number of notable gaps are
currently stalling methodologies from producing meaningful disease knowledge and translational
opportunities. MS/MS data interpretation, database content, isomer resolution, identification
confidence, and False Discovery Rate (FDR) assessment metrics all require further development

to allow for the successful biological analysis of metabolites.?!

The following chapters follow several untargeted biomarker discovery projects in the
context of two different diseases: tuberculosis and Chagas disease. The tuberculosis project
centers around proteomics approaches, while the Chagas disease project focuses on small-

molecule, metabolomics approaches. Both aim to discover novel biomarkers for diagnostic



purposes, but the end-use goals are different. While the tuberculosis project seeks antigenic
biomarkers for initial disease diagnosis, the Chagas disease project hopes to yield novel

biomarkers-of-cure to assess efficacy of drug treatment.

2 Discovery of Small Molecule Metabolite Biomarkers-of-Cure for
Chagas Disease

2.1 Publication Contribution Statement

Some content from Chapter 2 stems from published manuscripts. To highlight the specific
contributions of individual authors in Dean, et al., names have been added immediately below

the captions for affiliated figures and at the top of methods subsections.

(1) Dean, D. A.; Roach, J.; Ulrich vonBargen, R.; Xiong, Y.; Kane, S. S.; Klechka, L.;
Wheeler, K.; Jimenez Sandoval, M.; Lesani, M.; Hossain, E.; Katemauswa, M.; Schaefer,
M.; Harris, M.; Barron, S.; Liu, Z.; Pan, C.; McCall, L.-I. Persistent Biofluid Small-
Molecule Alterations Induced by Trypanosoma Cruzi Infection Are Not Restored by
Parasite Elimination. ACS Infect. Dis. 2023, 9 (11), 2173-2189.
https://doi.org/10.1021/acsinfecdis.3c00261.

Subsection 2.5.1, Metabolic Adaptations to Infections, contains key summarized content

and direct excerpts from:

(2) Liu, Z.; vonBargen, R. U.; McCall, L.-I. Central Role of Metabolism in Trypanosoma
Cruzi Tropism and Chagas Disease Pathogenesis. Curr Opin Microbiol 2021, 63, 204-209.
https://doi.org/10.1016/].mib.2021.07.015.
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2.2 Disease Overview and Pathology

Chagas Disease (CD), caused by Trypanosoma cruzi (T. cruzi) protozoa, is a complicated
parasitic illness with inadequate medical measures for diagnosing infection or monitoring
treatment success. Globally, there are approximately 6-7 million CD cases with around 300,000
infections within the United States.?? Transmission occurs through fecal matter from infected
triatomine insects, congenital transmission, blood transfusion, organ transplantation,

contaminated food, and laboratory exposure.??

The disease presents in three stages: acute, indeterminate, and chronic. The acute stage is
initiated when metacyclic trypomastigotes penetrate a new host and differentiate into
proliferative amastigotes. Intracellular replication is followed by differentiation back to the
trypomastigote stage and trypomastigote release. Additional infection sites are then established.?*
Infected individuals experience non-specific symptoms such as nausea and fever but become
asymptomatic within a few weeks. Left untreated, acute infection usually transitions into a long-

term asymptomatic indeterminate stage.

Over decades of infection, approximately one-third of these indeterminate chronic T
cruzi infections progress to symptomatic chronic CD with life-threatening cardiovascular
manifestations (cardiomegaly, apical aneurysms, arrhythmias, heart failure) and/or megacolon
and megaoesophagus.?* Up to two-thirds of patients exhibiting the symptomatic chronic form of
the disease die due to cardiac arrest, one-quarter due to heart failure, and approximately 10%

from a thromboembolic event.?’



2.3 Treatment Options

Current treatments for CD include the antiparasitic drugs benznidazole (BZ) and
nifurtimox (NFX). Unfortunately, these drugs have severe adverse effects, sometimes leading to
treatment interruption. In addition, up to 20% of patients do not achieve full parasite clearance
by these standard treatments.?%3% Addressing treatment success is essential to prioritize follow-

up treatment in these patient cohorts and to guide drug development.
2.4 Chagas Disease Diagnostic Landscape

Two important classes of CD diagnostics exist: diagnostics-of-infection (DOI) and
diagnostics-of-cure (DOC). It is important to note that the DOI class refers to the patient’s
experience of initial diagnosis and is independent of the stage of the disease; most initial
diagnoses occur during the final, chronic phase of CD. Because the disease is so complex,
suitable methodologies and biomarkers for the multiple diagnostic classes of CD can be

conflicting and strikingly different.
2.4.1 Diagnostics of Infection

Because symptoms are mild during the acute stage, infected individuals rarely seek
medical treatment. For those who do, symptoms are often dismissed or incorrectly assessed as
being affiliated with a common rotavirus. Correct diagnosis during the acute stage can occur via

microscopy, but microscopy is only useful during the acute phase.

Most diagnostic focus is centered around the chronic disease form. Current chronic CD
diagnostic methods include several serological tests: enzyme-linked immunosorbent assays,

indirect hemagglutination, and indirect immunofluorescence assays.>!* These tests rely on the



presence of anti-7. cruzi antibodies for diagnosis and suffer from low reliability due to the rate of
false positives (0.3 — 3.2%) and false negatives (0.7 — 3.7%). Clinical standards dictate there

must be a minimum of two positive test results to conclusively diagnose CD.

In one study, approximately 50% of T. cruzi-positive blood was misdiagnosed in
Venezuelan blood banks due to the low specificity and sensitivity of current diagnostic
methods.?*3* This is concerning not only due to the impact of lost treatment opportunities but
also because misdiagnosed blood samples can be used for blood transfusions — ultimately leading

to more T, cruzi infections.
2.4.2 Diagnostics of Cure

The traditional serological tests described above can take decades to become negative
after parasite clearance, yielding false positive results even after parasite clearance. Instead,
clinical trials exploring potential CD treatments often turn to PCR techniques as diagnostics-of-
cure — techniques now being used to supplement initial diagnoses in suspected chronic cases as
well 263536 PCR detection is unfortunately only 60-70% sensitive, as it is not consistently
positive in infected individuals. PCR cannot indicate treatment success but only confirm

parasitological treatment failure.?’-3°

2.4.3 Treatments & Diagnostics in the Context of Disease Progression

Importantly, all these diagnostic methods also lack the ability to monitor disease
progression. In the BENEFIT clinical trial, while successful parasitological cure was achieved
with benznidazole treatment, benznidazole-treated patients nevertheless went into cardiac failure
or died at comparable rates to placebo controls, indicating that parasite burden alone cannot

predict clinical outcomes.>> While electrocardiograms may be useful for identifying heart



dysfunction, they cannot diagnose chronic stage CD but simply cardiac disease.*’ Furthermore,
most patients in the chronic stage of CD have irreversible cardiac fibrosis, which highlights the
importance of earlier diagnosis. Brain Natriuretic Peptide (BNP), a known biomarker of heart
failure, is increased in patients with CD. It identifies cardiac disease but does not necessarily
diagnose parasitic infection or predict progression to severe CD from the indeterminate stage. !4

Researchers have also tested magnetic resonance imaging (MRI) on CD patients to assess

disease severity, but this was mainly effective in already-symptomatic patients.*?

Every stage of CD maintains a strong need for novel diagnostic methods. In a survey of
155 CD experts around the world, 62 acknowledged early assessment of treatment response as a

high need in research priorities in the CD community.>’

2.5 Opportunities using Metabolomics

Metabolomics can help bridge this gap. Metabolomics is the integration of analytical and
biochemical methods to study small molecules, broadly defined here as any molecule with a size
of 1500 Da or less. These molecules are the products of metabolic pathways, critical signaling
molecules, and the building blocks of biology, including amino acids, nucleotides and lipids. As

such, they are direct markers of changes in biochemical processes.**#¢

2.5.1 Metabolic adaptations to infection
Zongyuan Liu, Rebecca Ulrich vonBargen

T. cruzi undergoes significant metabolic adaptations during its shift from the extracellular
insect-stage to a predominantly intracellular lifestyle within its mammalian host.*”*® Many of the
insect stage (epimastigote)-elevated transcripts are associated with metabolism or nutrient

uptake.*® T! cruzi is able to sense nutrient availability and adapt its proliferation accordingly.*’ In

9



vitro, at the mRNA level, amastigotes upregulate amino acid catabolism, fatty acid oxidation,
oxidative phosphorylation, lipid and sterol biosynthesis, pyrimidine biosynthetic pathways,
guanine salvage enzymes, and trypanothione antioxidant production compared to

trypomastigotes or to timepoints early after host cell invasion, 48551

Amastigotes supplement their intrinsic metabolic activities by scavenging host
metabolites. A prominent example is parasite reliance on host purines,*® but amastigotes also
scavenge host long chain fatty acids>? and glucose.’® However, these studies were performed

48,50,51

during in vitro infection, with no data on how T cruzi adapts on a metabolic level to infect

different organs in vivo.

Host metabolic adaptations may represent health-promoting or pathological
compensation for parasite nutrient usage, immune response metabolic control, or adaptations to
tissue damage. Via metabolic control of immune pathways, glucose and the pentose phosphate
pathway support antiparasitic reactive oxygen and nitrogen species production by infected
macrophages stimulated with IFNy.>* Genes related to mitochondria function were
downregulated in in vitro-infected cardiomyocytes,>® and electron transport chain function was
impaired.>® Decreases in oxidative phosphorylation gene expression and electron transport chain

function were also observed in mouse hearts>’-%°

and in one human patient study,®® though this
contrasts with reports of increased mitochondrial respiration in vitro in fibroblasts®* and
macrophages,®! and in other CD patient-derived samples.®? These conflicting observations may
reflect differences between in vitro and in vivo settings, between mRNA-based vs functional
studies, and between timepoints and parasite strains. The increased oxidative metabolism in

infected macrophages may help promote the production of antiparasitic nitric oxide.®! Fatty acid

synthesis was also decreased in acutely-infected mouse hearts.®-** Eliminating adipocytes
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worsens acute and chronic experimental CD, supporting a causative role of fatty acid storage in
CD progression.®® In addition, these metabolic changes may be impacting antiparasitic immune
responses: fatty acid synthesis is required for Th17 differentiation,®® so that reduced fatty acid

synthesis may impair parasite clearance and promote disease progression. %7:68

In contrast, 7. cruzi benefits from host fatty acid beta-oxidation and amino acid
catabolism,®® so that the observed reduction of fatty acid and amino acid catabolism at the
mRNA level in acutely-infected®® and chronically-infected>® mouse hearts may slow parasite
growth, though an increase in fatty acid catabolism gene expression was observed in one analysis
of patient-derived samples.®? On the other hand, 7. cruzi-infected fibroblasts and myoblasts
upregulate glucose uptake, but this favors 7. cruzi proliferation.>® Likewise, infected human
foreskin fibroblasts upregulate tetrahydrobiopterin synthesis, lipid biosynthesis and mevalonate
pathway gene expression. The latter has been postulated to be an adaptation to parasite sterol
needs, or to mitigate reactive oxygen species produced in response to infection, while the former
may help the parasite meet pterin needs.*® Parasite reliance on host biopterin biosynthesis was
confirmed via an RNAIi screen, which also demonstrated reliance on host pyrimidine

biosynthesis.®’

In vivo studies further revealed complex interactions between organs during infection,
with variable metabolic adaptations depending on the organ system. For example, glucose
uptake, sorbitol pathway and phospholipid synthesis were increased in heart tissue but decreased
in plasma during acute 7. cruzi Y strain infection.®* Likewise, PC(20:4) was increased by acute
infection with 7. cruzi strain CL Brener (luciferase-expressing) in the oesophagus and large
intestine, but decreased in the small intestine.’® Acute infection was also associated with

increased acylcarnitines in the oesophagus and small intestine, which persisted in the oesophagus
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during chronic infection, and elevated kynurenine in the large intestine at both disease stages.”
Kynurenine is produced from tryptophan during inflammation and has immune-modulating
properties. Kynurenine metabolites also directly inhibit 7. cruzi growth and promote host
survival in vivo during acute infection.”! Cardiac glycerophosphocholines increased during
mouse chronic infection with 7. cruzi strains CL Brener and Sylvio X10/4, while infection
depleted cardiac acylcarnitines.”? This decrease in cardiac acylcarnitines may be an indicator of
increased fatty acid beta oxidation flux, which may benefit 7. cruzi.%® The magnitude of cardiac
phosphocholine perturbation was proportional to the levels of indicators of pro-fibrotic cytokines
and to the magnitude of cardiac fibrosis and inflammation, in an independent chronic mouse
infection model.”® The representation of higher- vs lower-molecular-weight acylcarnitine and
phosphatidylcholine family members also differed based on acute mouse 7. cruzi infection
severity.”* Lastly, though 7. cruzi is distal from sites of microbiota colonization,’” altered
microbiota composition and metabolism has been observed during acute and chronic

experimental infection.”6””

2.6 Experimental Design

The development of an early test for CD treatment success is considered the top need in
the field by a panel of sixty-two CD experts.”® We hypothesized that liquid chromatography
tandem mass spectrometry (LC-MS/MS)-based untargeted metabolomics could be used to
discover novel small-molecule biomarkers of Chagas Disease treatment success versus failure in
serum and/or urine. More specifically, we expected infection-induced circulating metabolic
changes to be quickly reverted by Bz treatment in cured patients, while these metabolites will

remain disturbed in patients that fail to respond to treatment.
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We designed a mouse model that uses mice infected with luciferase-expressing strain CL
Brener and treated with an intermediate benznidazole treatment dose in which some mice are
expected to fully clear parasites and some mice are expected to remain infected (parasitological
treatment failure)”®~®! to test our hypothesis. Serum and urine samples collected at timepoints
before, during, and after CD treatment will be assessed for differentiated metabolites significant

to treatment failure or treatment success groups.

2.7 Methods

2.7.1 Ethics Statement

All vertebrate animal studies were performed under protocol number R17-035 and R20-

027, approved by the University of Oklahoma Institutional Animal Care and Use Committee.
2.7.2 Invitro Parasite Cell Culture
Shelley Kane

T’ cruzi strain Sylvio X10/4 was obtained from ATCC (catalog number 50800) and placed
in co-culture with C2C12 mouse myoblasts (ATCC catalog number CRL-1772). T. cruzi
luciferase-expressing strain CL Brener was a kind gift of Dr. John Kelly, London School of
Hygiene and Tropical Medicine,”® and was likewise co-cultured with C2C12 cells. C2C12 cells
were maintained in Dulbecco's Modified Eagle Medium (DMEM) supplemented with 5% iron-
supplemented calf serum (Fisher catalog number SH3007203), 100 U/mL penicillin and 100
ug/mL streptomycin at 37°C with 5% CO,. Media was changed twice a week. Freshly-egresssed
trypomastigotes were harvested from the culture media and added to fresh C2C12 culture flasks
(for expansion) or counted using a hemacytometer, centrifuged at 2800 rpm for 5 min,

resuspended in DMEM without serum, penicillin and streptomycin (for infections). All in vitro
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culture time was kept to the minimum necessary to obtain sufficient parasite numbers for mouse

infection cohorts.
2.7.3 Invivo Experimentation
Laura-Isobel McCall, Rebecca Ulrich vonBargen, Shelley Kane, Danya Dean

8-week-old male and female BALB/c mice (Jackson) were infected, uninfected, or
injected with isoproterenol. Infected mice (n=90 [45f, 45m]) were injected intraperitoneally with
1,000 luciferase-expressing 7. cruzi trypomastigotes of strain CL Brener parasites (TcVI
DTU*?)”. Uninfected control mice (n=26 [13f, 13m]) were mock-infected using intraperitoneal
injection of DMEM only. Isoproteronol mice (n=24 [12f, 12m]) were injected with a single dose
(100mg/kg). 116-125 days post-infection (DPI), surviving infected mice were treated with 30
mg/kg benznidazole in solutol once daily via oral gavage. To assess antiparasitic treatment
success vs failure, infected mice were then immunosuppressed beginning at 228 DPI (102 days
post-treatment) with three rounds of cyclophosphamide, 200 mg/kg by intraperitoneal injection,
every 4 days®'83. 4 days after the final immunosuppression, tail vein blood was collected for
blood smear analysis and mice were euthanized and hearts collected to differentiate between

successful vs failed parasite clearance by qPCR.

Serum samples were collected from the saphenous vein for metabolomics at four
timepoints: pre-treatment, at treatment end, 4 weeks post-treatment, and immediately prior to the
first cyclophosphamide dose. These timepoints correspond to 120 days-post-treatment (DPI), 130
DPI, 160 DPI, and 200 DPI. 161 DPI (35 days post-treatment), urine was collected from each

surviving mouse by placing mice in a single cage until urination. The urine was pipetted into an
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eppendorf. Prior to urine collection, cages were disinfected by spraying and wiping down with

70% ethanol to prevent cross-contamination. All samples were stored at -80°C until extraction.
2.7.4 Parasite Burden and Cardiac Fibrosis Quantification
Laura-Isobel McCall, Shelley Kaine, Rebecca Ulrich vonBargen

DNA and RNA extraction of heart tissue from the heart base was performed using ZYMO
research Quick-DNA/RNA Miniprep Plus Kit (ZD7003), per manufacturer’s protocol. mRNA
was reverse transcribed into cDNA using Invitrogen High-Capacity cDNA Reverse Transcription

Kit with RNase Inhibitor. cDNA, DNA, and RNA were stored at -20°C until analysis.
275 qPCR
Rebecca Ulrich vonBargen, Kate Wheeler

After extraction, DNA was quantified using nanodrop and 180 ng was used for qPCR
analysis on a Roche Lightcycler 96 as in McCall ef al 2017 7* , using the conditions in Table 2-1
and PowerUp SYBR Green master Mix (Fisher). 2x107 T. cruzi trypomastigotes spiked into a
known weight of uninfected tissue were used to extract DNA using the same procedure, and the
resulting DNA used to generate standard curves. Primers used for analysis were
ASTCGGCTGATCGTTTTCGA and AATTCCTCCAAGCAGCGGATA for parasite
amplification®* and TCCCTCTCATCAGTTCTATGGCCCA and

CAGCAAGCATCTATGCACTTAGACCCC for normalization to mouse DNA..%?
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2.7.6 qRT-PCR

Rebecca Ulrich vonBargen

gRT-PCR analysis was conducted on a Roche Lightcycler 96. cDNA samples were

diluted 1:100 in water and were mixed with PowerUp SYBR Green master Mix (Fisher). Brain

natriuretic peptide (Forward: AAGTCCTAGCCAGTCTCCAGA, Reverse:

GAGCTGTCTCTGGGCCATTTC) and Gapdh primers (Forward:

GACTTCAACAGCAACTCCCAC, Reverse: TCCACCACCCTGTTGCTGTA were used for

analysis and were added in 0.25 uM concentration®®37. qRT-PCR parameters are as in Table 2-1.

Table 2-1. PCR and qRT-PCR parameters.

Program Description Acquisition mode
Preincubation 1 cycle

95°C for 600s | none
3 Step Amplification | 40 cycles

95°C for 30s | none

58°C for 60s | none

72°C for 60s | single
Melting 1 cycle

95°C for 60s | none

55°C for 30s | none

95°C for 1s continuous
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2.7.7 Determination of Persistent vs Cleared Parasites
Rebecca Ulrich vonBargen, Laura-Isobel McCall

At the end of the study, hearts were collected to differentiate between successful vs failed
parasite clearance. Extracted DNA was analyzed using qPCR, as described in Section 2.7.5, with
care being taken to normalize to mouse DNA. For comparison of parasite clearance vs parasite
persistence, a parasite burden cut off post-immunosuppression of uninfected group value + 3
standard deviations was used (20 parasite equivalents). By this definition, in the female cohort,
17 mice were deemed to have successfully cleared parasites, and 25 were deemed parasitological

treatment failures.

2.7.8 Metabolite Extraction and LC-MS/MS Data Collection (Untargeted

Analysis)
Rebecca Ulrich vonBargen, Jarrod Roach, Sayre Barro, Zongyuan Liu (LC-MS/MS only)

Samples were extracted according to Dunn et al., 2011.%8 Briefly, all samples were
extracted with 100% HPLC-grade methanol with internal control (0.5 uM sulfachloropyridazine)
to a final concentration of 74% methanol. Samples were then vortexed and centrifuged at
16,000xg for 15 min. The supernatant was then dried overnight in a Speedvac and stored at -80
°C until LC-MS/MS analysis. For LC-MS/MS analysis, samples were resuspended in 150 pL
HPLC-grade water + 0.5 uM sulfadimethoxine, sonicated for 5 min and centrifuged at 16,000xg
for 15 min. The supernatant was then transferred to a run plate. Pooled quality controls (QC)
were made using 1 pL per well per sample type, and blanks made of resuspension solvent.
Samples were analyzed in randomized order per sample type and 25 pL. was injected for analysis,

with the injection volume determined empirically based on peak shape, magnitude of the overall
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signal intensity, and proportional increase of the overall signal intensity, peak height of internal
standards and peak height for molecules of known interest, compared to the increase in injection
volumes. LC analysis was performed using a Thermo Scientific Vanquish UHPLC. A
Phenomenex 1.6 pum 100 A Luna Omega Polar C18 column (50 x 2.1 mm) was used for
separation. The LC column temperature was set to 40 °C and analysis was done using mobile
phase A (water + 0.1% formic acid) and mobile phase B (acetonitrile + 0.1% formic acid) with a
0.5 mL/min flow rate (12.5 min gradient, details shown below in Table 2-2). Instrumental drift
was monitored using a solution of 6 known molecules at the beginning of analysis, between each
sample type, and at the end of analysis. Instrument calibration was done using Pierce LTQ Velos
ESI positive ion calibration solution immediately prior to analysis. A Q Exactive Plus (Thermo
Scientific) high resolution mass spectrometer was used for MS/MS detection (Appendix A) and

ions were generated for MS/MS analysis in positive mode.

Table 2-2. LC gradient.

Time(min) Flow (ml/min) %B Curve
0.000 Run

0.000 0.500 5.0 5
1.000 0.500 5.0 5
9.000 0.500 100.0 5
11.000 0.500 100.0 5
11.500 0.500 2.0 5
12.500 0.500 2.0 5
12.500 Stop Run
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2.7.9 LC-MS/MS Data Processing in MZMine and Feature Table Generation

Rebecca Ulrich vonBargen (serum, urine), Monica Ness (serum), Jarrod Roach (urine), Sayre

Barron (urine)

Data was obtained from LC-MS/MS analysis and converted to mzXML files using
MSConvert.?° A feature table containing all metabolites for further analysis was developed using
MZmine version 2.53 °, with data processing parameters optimized for each dataset
individually, by manually inspecting built chromatograms in MZmine and based on detection of
internal standards in all samples. See Appendix B for parameter details. Three-fold blank
removal was performed and total ion current (TIC) normalization performed in Jupyter
notebooks in R. We elected not to normalize to creatinine because of evidence that it can be

affected by infection status in multiple infection systems (e.g.”!).
2.7.10 Data Analysis

Rebecca Ulrich vonBargen, Jarrod Roach, Sayre Barron

TIC normalization

Because minor differences exist in sample volume, detector sensitivity, matrix effects, column
retention, and more, technical variations exist that complicate feature comparison between
sample points. The TIC normalization we employed divides an individual feature peak (intensity)
by the total sum of all ion intensities within that sample run to resize the relative range, which

ultimately standardizes the range across all samples.
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Principal Coordinate Analysis (PCoA)

Principal coordinate analysis (PCoA) was performed on Bray-Curtis dissimilarity
matrices calculated from TIC-normalized feature intensities using a classical multidimensional
scaling approach (double-centering of the squared distance matrix followed by
eigendecomposition). Analyses were implemented in Python (version 3.10.12) using SciPy
(v1.15.3) for distance calculations and NumPy (v2.2.6) for eigendecomposition. Figures were
generated using Matplotlib (v3.10.9). Group separation between treatment outcomes was
assessed at each timepoint using permutational multivariate analysis of variance
(PERMANOVA; 999 permutations) with pseudo-F statistics calculated following Anderson

(2001).2
Hartigan’s Dip Test

The dip statistic was calculated on PCol coordinate values using the diptest Python
package (v0.1.4), which implements Hartigan and Hartigan's 1985 algorithm. The p-value was

estimated by comparison to a simulated null distribution.
Bimodality Coefficient (BC)

Skewness and excess kurtosis of PCol coordinates were computed using scipy.stats
(SciPy v1.15.3). The bimodality coefficient was calculated with the finite-sample correction. A
threshold of 0.555 was applied as the criterion for bimodality.’* More details provided in cited

reference.
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Gaussian Mixture Model (GMM) with BIC Comparison

Gaussian mixture models with 1 and 2 components were fit to PCol coordinate values
using sklearn.mixture.GaussianMixture (scikit-learn v1.7.2) with full covariance and random
state set to 42 for reproducibility. Model fit was compared using the Bayesian Information

Criterion (BIC); a positive ABIC (BIC: — BIC:) indicates the 2-component model fits better.*

Feature-By-Feature Logistic Regression

To identify individual serum metabolite features associated with benznidazole (BZ)
treatment outcome, a feature-by-feature univariate logistic regression approach was applied.
Analysis was restricted to the BZ treatment group (n = 74 animals per timepoint). Treatment
outcome was defined as a binary variable: success (<20 parasite equivalents; < mean + 3 SD of
the DMEM vehicle control group) versus failure (>20 parasite equivalents). Features were
analyzed separately at each of the four collection timepoints (TP1-TP4). At each timepoint, a
separate logistic regression model was fit for each metabolite feature independently using scikit-
learn (v1.x, LogisticRegression, 1bfgs solver, max_iter=1000). Prior to model fitting, each feature
was standardized to zero mean and unit variance (z-score normalization) using StandardScaler to
place coefficients on a comparable scale across features. Statistical significance was evaluated
using a likelihood ratio test: the log-likelihood of the fitted model was compared to that of a null
(intercept-only) model, and the resulting test statistic was evaluated against a chi-squared
distribution with one degree of freedom. Within each timepoint, p-values were corrected for
multiple comparisons across all features using the Benjamini-Hochberg (BH) false discovery rate
procedure (adjusted p < 0.05 threshold). The sign of the standardized regression coefficient was
used to assign direction of association: a positive coefficient indicates higher feature abundance

associated with treatment success; a negative coefficient indicates higher abundance in treatment
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failure. To identify features with reproducible signal across the treatment time course, two
convergent-evidence metrics were computed for each feature: (1) the number of timepoints at
which the feature reached nominal significance (raw p < 0.05), and (2) the number of timepoints
at which it was BH-significant (adjusted p < 0.05). A direction-consistency score was defined as
the number of timepoints at which the coefficient sign agreed with the majority direction across
all four timepoints. Features were considered high-priority candidates if they were BH-
significant at one or more timepoints and maintained direction consistency across at least two
timepoints.

2.7.11 Feature-Based Molecular Networking (FBMN) Using Global Natural

Products Social Molecular Networking (GNPS)
Rebecca Ulrich vonBargen (serum, urine), Monica Ness (serum), Jarrod Roach (urine)

Feature-based molecular networking (FBMN) was performed using global natural
products social molecular networking (GNPS)®>%¢ based on the parameters in Appendix C.
Annotations were generated from the GNPS data using an in-house script

(https://github.com/camilgosmanov/GNPS®7). This provides level 2/3 metabolite annotations

based on the Metabolomics Standards Initiative rankings.® All resulting annotations were
manually inspected for good mirror plot matching and biological plausibility, as recommended

by Theodoridis et al.”

2.8 Results

2.8.1 Serum Samples

A comprehensive serum metabolite feature table was constructed from the LC-MS/MS

data, as described in 2.7.9, containing 2,594 total features. Principal coordinate analysis (PCoA),
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described in Data Analysis, was used to transform the data variables into a table of pair-by-pair
differences called a distance matrix. Bray-Curtis method was then used to measure
dissimilarities, reported between 0 (minimum dissimilarity) and 1(maximum dissimilarity),
shown as a percentage, and visualized by plotting the largest source of variation along the x-axis
and second-largest variation source along the y-axis. PERMANOVA (permutational multivariate
analysis of variance) tested whether the centroids of groups varied in multivariate space. For
example, did a cluster of treatment success samples occupy a different metabolome space than a
cluster of treatment failure samples? A pseudo-F statistic calculated actual difference between
group centroids, then randomly shuffled and recalculated 999 times before reporting a final p-
value showing what proportion of the shuffled pseudo-F values was equal to or greater than the
observed one. It’s important to note that PERMANOVA considers dispersion in addition to

location, so significance can persist in certain cases of similar centroids.

Looking below at Figure 2-1, differences in treatment outcome groups across all four
timepoints in serum samples are visualized. A pattern consistent to all four panels can be noticed.
At each timepoint, there appears to be two groups of samples in parallel distribution with a
central gap. To investigate what might be causing this gap, we began assessing different metadata
categories. One thought was gender. We quickly noticed that in the timepoint 1 (TP1) panel of
Figure 2-1, the females (circles) trend toward the bottom right while the males (triangles) trend
toward the upper left. There is even a clear visual midpoint separating the gender groups, and
these trends are consistent on both sides of the central gap. This means the central gap is likely
caused by something else, but gender is creating a secondary gradient in TP1. Looking further
into gender, we calculated that 67% of the success group across all four timepoints is female,

while the failure group is 41% female. Looking closely at other timepoints, this is visually
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apparent, and gender should be acknowledged as a covariate. Biological sex differences in CD
expression and immune control are well-documented in human patients, but drug treatment

outcome is typically not strongly correlated to gender. !

Next, we hypothesized plate batch effects might be causing the central gap in the data
distribution. While not the root cause, we did uncover something notable between plates and
genders. The lab workflow we designed to process samples efficiently and reduce batch effects
during metabolite extractions resulted in processing all the female samples first, followed by all
the male samples. Though we did randomize sample order within each gendered set of
extractions, out of the six total sample plates for the run, three contained exclusively female
samples and three were exclusively male. As a downstream consequence, gender effects and

plate batch effects cannot be separated in the data analysis stage.

To test whether the gap is real or an artifact of the distance calculation, we decided to look
at the raw data from TP1 in a scatter plot (not shown). There was a small valley on the Pcol
histogram, so we chose three different statistical tests (additional details in methods) to run on

the raw data to assess significance:

1. Hartigan’s dip test was used to check for bimodality, essentially determining how much
the data departs from unimodal distribution.!®! A p-value < 0.05 indicates data is
significantly non-unimodal. Pcol results gave D = 0.041 (p = 0.316, not significant).

2. Bimodality Coefficient (BC) was used to assess whether the Pcol data distribution
departed from unimodality by skewness (asymmetry) and excess kurtosis (flat-top).
Bimodal distributions typically exhibit high skewness or low kurtosis. BC of 0.555
shows perfectly unimodal normal distribution, and values above 0.555 suggest

bimodality. Pcol results calculated BC = 0.44 (below threshold).
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3. A Gaussian mixture model (GMM) assumes the observed data were generated by a
mixture of k Gaussian (normal) distributions. We performed a GMM mixture model
comparison (1 vs 2components). Fitting the 1-component tests normal distribution while
fitting a 2-component tests whether two overlapping normal distributions fit better. The
Bayesian Information Criterion (BIC) penalizes model complexity. More complex model
(k=2) is only preferred if it fits substantially better than the simpler one (k=1). Change in
BIC is calculated by subtracting BIC-2 from BIC-1, so a positive value for BIC indicates
the 2-component model is a better fit. A BIC change > 10 is conventionally considered
strong evidence in favor of the more complex model. Change in BIC < 6 is considered
weak evidence. TP1 results = 3.87 mean 2-component is slightly better but not

meaningful.

Since all three statistical tests were in agreement, the valley is not statistically significant, and
we hypothesized the central gap is an artifact. When PCoAs were re-run with Aitchison distance,
the artifact disappears (Appendix D), and samples are mostly distributed in a cloud across all
timepoints. This supports the central gap and parallel distribution being a geometric artifact of

Bray-Curtis in PCoA space, not a real biological dichotomy in the data.

However, Aitchison finds only TP3 significant (F=1.86, p=0.037), and the effect sizes (F-
statistics around 1.2) are weak across all timepoints. By comparison, TP1, TP2, and TP3 were
significant in the Bray-Curtis method. The Bray-Curtis method is sensitive to the dominant
features, or high-abundance metabolites. CLR/Aitchison log-transforms relative to the geometric
mean to treat features more equally, but it also dilutes signal from the metabolites that are the

most different.

25



PCoA — Bray-Curtis dissimilarity | Outcome: parasite equivalents =20 = success, >20 = failure
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Figure 2-1. Serum metabolomic profiles differ between treatment outcome groups
throughout drug treatment. Principal coordinate analysis (PCoA) of Bray—Curtis dissimilarity
calculated for Bz treatment group only. Each point represents one mouse serum sample, colored
by treatment outcome, shaped by sex (circle = female, triangle = male). Outcome defined as
failure at or above 20 parasite equivalents threshold (mean+3SD of DMEM control group).
Panels show four collection timepoints: pre-treatment (120 dpi), immediate post-treatment (130
dpi), 4 weeks post-treatment (160 dpi), and 9 weeks post-treatment (200 dpi). Group separation
was assessed by permutational multivariate analysis of variance (PERMANOVA; 999
permutations). Metabolomic profiles were significantly separated between outcome groups at
TP1 (p=0.014), TP2 (p =0.010), and TP3 (p = 0.023), indicating presence of metabolic
differences between eventual successes and failures before, during, and 4 weeks after treatment.
Separation was not significant at 9 weeks post-treatment (TP4, p = 0.131), suggesting metabolic
convergence between groups at the study endpoint. Axes represent the first and second principal
coordinates, capturing the largest and second largest sources of variation in pairwise
metabolomic dissimilarity, labeled by percentage of total variance. Dpi = days post infection.
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Feature-By-Feature Logistic Regression Analysis

A feature-by-feature logistic regression (LR) was prepared to examine the biomarkers
present at each timepoint and their ability to predict treatment outcome. Samples with outcome
of treatment success and treatment failure were filtered out from the full dataset, separate
regressions to compare treatment success vs failure were run for each timepoint, and a
Benjamini-Hochberg FDR correction (BH) was applied to each run. We also factored in the
positive or negative value of the coefficient at each timepoint because a positive coefficient
represents higher probability of success while a negative coefficient represents higher probability
of failure. We are looking for features where the relationship to outcome is stable in direction
across timepoints. A direction consistency score was calculated by summing the absolute value

of the sign of each coefficient (4 = all timepoints agree in direction).

Table 2-1 shows the five features that reached Benjamini-Hochberg FDR-corrected
significance (BH-significance) and were confirmed by GNPS Feature-Based Molecular Network
spectral library match. 30 additional features were BH-significant but could not be confirmed.
These unannotated features are listed in Appendix E. N-Acetyl tryptophan was discussed earlier
in this chapter for its connection to the kynurenine pathway. Interestingly, inosine is a critical life
support molecule for 7. cruzi, so its metabolic pathway is actually a major target for drug
discovery.!?? the strongest directionally consistent downregulated candidate — consistently goes
down in failures relative to controls/successes. Both parasite and host use these pathways in

regulation and progression to chronic infection.
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Table 2-3. Serum Metabolite Features with BH-Significant Association with BZ Treatment
Outcome and Confirmed Spectral Library Identity. Five serum metabolite features identified
by feature-by-feature logistic regression as BH-significant (adjusted q <0.05) at one or more
timepoints in the BZ treatment group, with confirmed spectral library identity via GNPS FBMN
(MQ Score > 0.7). All four directionally consistent features were elevated in mice achieving
treatment success (<20 parasite equivalents), consistent with metabolic recovery following
effective BZ treatment. sn-Glycero-3-phosphocholine showed mixed directionality across
timepoints and is included for completeness. RT, retention time (min); MQ Score, mirror quality
score reflecting spectral match fidelity to the GNPS library (range 0—1); BH-sig TPs, number of
timepoints reaching Benjamini—Hochberg-corrected q < 0.05; Raw-sig TPs, number of
timepoints with nominal p < 0.05

Precursor RT BH -sig

269.0878 0.55 Inosine 0.987 Higher in success
247.1076 3.53 N-Acetyl-tryptophan 0.982 M+H 1 3 Higher in success
182.0813 0.51 Tyrosine 0.980 M+H 1 2 Higher in success
136.0758 0.52 Octopamine 0.863 M+H—-H20 1 2 Higher in success
258.1098 0.54 sn-Glycero-3-phosphocholine 0.780 M+H 1 1 Mixed

MQ Score: mirror quality score from GNPS spectral library match (range 0-1).
BH-sig TPs: number of timepoints reaching Benjamini-Hochberg-corrected q < 0.05.
Raw-sig TPs: number of timepoints with nominal p < 0.05.

2.8.2 Urine Samples

Female mice with parasite clearance following benznidazole antiparasitic treatment had

comparable overall urine metabolome to mice that failed to clear parasites.

There was a clear and significant difference in the overall urine metabolome between the
uninfected controls and the infected mice by principal coordinate analysis (whether treatment
cleared parasites or not, PERMANOVA p<0.05, R?>=0.08, Figure 2-2B). Note that these
samples were collected prior to immunosuppression, to avoid confounding effects from the
cyclophosphamide treatment. In contrast, there was no significant difference between the mice

that successfully cleared parasites and mice that failed to do so, at 35 days post-treatment
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(PERMANOVA p>0.05, Figure 2-2C). Likewise, no proportional correlation to post-

immunosuppression parasite burden was observed (Figure 2-2D).
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Figure 2-2. Urine metabolome in mice that successfully cleared T. cruzi shows no
significant difference from mice in which parasites failed to be cleared. (A) Cardiac parasite
burden post-infection, treatment and immunosuppression in mice in which parasites persisted
(parasitological treatment failures) versus those where parasites were successfully cleared
(success), as defined by our cutoff compared to qPCR background in uninfected samples (cutoff
= 20 parasite equivalents). (B) Urine sample principal coordinate analysis for mice that were
infected and then treated (irrespective of successful or failed parasite clearance) versus
uninfected control mice. Samples collected prior to immunosuppression. PERMANOVA p < 0.05
for treated mice versus uninfected mice, R? = 0.08. (C) Same PCoA analysis as in (B), re-colored
to compare successfully-treated mice, mice where treatment failed to clear parasites, and
uninfected control mice. PERMANOVA p > 0.05 for successful parasite clearance versus failed
parasite clearance, R? = 0.03. (D) Same PCoA analysis as in (B), re-colored to display
normalized cardiac parasite burden post-immunosuppression, R? = 0.02. No segregation by
parasite burden was observed. Uninfected controls enlarged for contrast.

Rebecca Ulrich vonBargen, Jarrod Roach
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More specifically, four features significantly differed between infected and uninfected
female samples but did not show any restoration even following sterile cure by benznidazole,

shown in Figure 2-3.
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Figure 2-3. Metabolite features identified as differing between infected and uninfected
samples remain significantly perturned even after successful parasite clearance.
Significance was established using p-values determined by a Kruskal-Wallis test. P-values were
corrected using a Dunn Test with Benjamini-Hochberg adjustment to control the false discovery
rate; FDR-corrected p < 0.05 = *, FDR-corrected p < 0.01 = **  FDR-corrected p < 0.001 = ***,

Rebecca Ulrich vonBargen, Jarrod Roach

30



A. XIC (base peak), m/z: 285.0100-285.0300 B- XIC (base peak), m/z: 311.0700-311.0900

€&——/2285.0209RT 3.46 i | €——2311.0809RT424

Base Peak Intensity
Base Peak Intensity

| . |
L b Al \k : i O SRR o | =

" Retention Time ‘ " Retention Time

C. XIC (base peak), m/z: 307.2000-307.2200 D. XIC (base peak), m/z: 343.2100-343.2300

e-m/z 307.2014 RT 4.64 : &Wz 343.2229 RT 3.77

Base Peak Intensity
'Base Peak Intensity

s LN R _;..,...JQL_M__AW

Retention Time ‘ Retention Time

E. XIC (base peak), m/z: 413.1300-413.1500 F. XIC (base peak), m/z: 497.1200-497.1400

%m/z 413.1413 RT 2.49 ‘ &m/z 497.1344 RT 3.14

Base Peak Intensity
__ Base Peak Intensity

" Retention Time ‘ Retention Time

Figure 2-4. Extracted ion chromatograms (XICs) of internal standards and biomarkers.
Chromatograms correspond to metabolite features from Figure 2-2 and two internal standards.
Each color is a representative mouse (n = 9); differential peak areas and peak heights are to be
expected due to animal-to-animal and group-to-group variability, but retention time alignment is
good. (A) XIC for m/z range covering internal standard 1, sulfachloropyridazine (m/z 285.0209,
RT 3.46 min). (B) XIC for m/z range covering internal standard 2, sulfadimethoxine (m/z
311.0809, RT 4.24 min). (C) XIC for range covering m/z 307.20, RT 4.65 min. (D) XIC for range
covering m/z 343.22, RT 3.78 min (E) XIC for range covering m/z 413.14, RT 2.51 min. (F) XIC
for range covering m/z 497.13, RT 3.15 min.

Jarrod Roach, Danya Dean, Rebecca Ulrich vonBargen
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2.9 Discussion and Conclusion

We sought to use both the urine and serum metabolomes to assess treatment success vs
failure, using a mouse model with post-treatment immunosuppression as the gold standard of
antiparasitic treatmentassessment. Urinary sample set allowed only for assessment of females at
a single timepoint (35 days post-treatment) for discovering differentiated metabolites between
and among treatment successes, treatment failures, and uninfected controls. Serum samples were
collected at four timepoints corresponding to pre-treatment (120 days post-infection, DPI),
immediately post-treatment (130 DPI), ~4 weeks post-treatment (160 DPI), and ~9 weeks post-

treatment (200 DPI).

Interestingly, during chronic CD, while benznidazole treatment did indeed clear parasites
in a subset of mice, as expected (Figure 2-2A), there was no difference in the overall urine
metabolome between mice that achieved parasitological cure and those that did not, so that the
metabolome of successfully treated infected mice was not reset by antiparasitic treatment
(Figure 2-2C). This contrasts with acute-stage benznidazole treatment, which restored the
plasma and heart metabolome.”” This could be due to the use of different mouse and parasite
strains,'% but may also reflect the lack of improvements of functional and survival outcomes in
late-stage patient treatment,?® even in cases of parasitological cure, and the disconnect between
parasite burden and symptomatic vs asymptomatic chronic infection.'%* Importantly, our urine
results concur with analysis of cardiac tissue in an independent infection model, which likewise
showed only minor and incomplete metabolic restoration and functional restoration 56 days post-

benznidazole treatment, even with successful parasite elimination. '3
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Only one of the four identified differentiated female urine metabolite features was
successfully annotated, and 25% falls well within the expected range of untargeted metabolomics
experiments.!'%%-1% While an annotation can provide insight into the biological processes
occurring within a disease condition, it is not required to be useful for developing detection

models. 09110

Acylcarnitine metabolism has been causally linked to cardiac metabolism and disease
severity in acute 7. cruzi infection in mouse models.”” Interestingly, acylcarnitines were
decreased by chronic CD in heart tissue in C3H/HeJ mice but increased in acute stage infection
in the gastrointestinal tract’>’” and in chronic stage in the heart of BALB/c mice.!?® Lizardo et al
also identified these classes of molecules as perturbed in the serum by chronic 7. cruzi infection
in mouse models.!?* Other molecules identified by Lizardo et al as potential biomarkers were

103 These metabolites were not

citrulline, glutamine, spermidine and several sphingolipids.
identified in our urine study and may be due to differences in sample type, sample preparation

and data acquisition methods, and limits of detection, or had no statistical difference based on the

selected analysis.

Interestingly, a proof of concept diagnostic test using urine called the Chunap test has been
used to determine parasite presence in congenital CD and in 7. cruzi/HIV co-infected
patients.!!!"''2 Both of these studies showed increased specificity and sensitivity when compared
to current blood-based PCR, microscopy and ELISA methods. 7. cruzi parasite antigens and
DNA have been previously detected in the urine of patients with acute, chronic, and congenital
CD.!3-115 In guinea pigs, parasite antigens and DNA in urine were not associated with kidney
injury or parasites in kidney but were rather an effect of heart and cardiovascular system

damage.!'® Lemos et al. identified changes in the kidney in mice infected with high dose
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(30,000) T. cruzi trypomastigotes during the acute stage of the disease.!!” However, alterations
in kidney function were due to cardiac alterations of CD, and the kidneys remained functional.!!”
While kidney damage is seen in CD patients, there is little research assessing how this damage
occurs. Heart failure could be contributing to kidney damage in CD, as is known in other

cardiovascular diseases.!''® These studies signify that our results are not just an artifact of the

mouse model, and that the role of the kidney in CD pathogenesis warrants further investigation.

Given the relationship between immunity and metabolism (e.g.!'”), and prior work
demonstrating persistent immunological dysfunction after benznidazole treatment, in association
with perturbed cardiac metabolism that is improved by an immunomodulating therapeutic, '
some of these biomarkers may be a reflection of immune signaling. It will be important to assess
their specificity to CD as part of their continued development. Biomarkers that are not unique to
T. cruzi could still be useful to predict progression of CD, in the context of an infection

diagnosed by existing methods such as PCR or serology.

One limitation is that we only assessed urinary metabolic restoration at 35 days post-
treatment. It is possible that metabolism gradually improves over time, though incomplete
metabolic restoration was also observed in heart tissue 56 days post-treatment.!?® A study of CD
patients treated with the other antiparasitic nifurtimox showed restoration of many but not all
metabolic perturbations up to three years after treatment.'?? In contrast, the BENEFIT trial that
followed patients 7 years post-treatment did not observe improved clinical outcomes in
benznidazole-treated patients,?® indicating that longer follow up may not show improvements
and that our urine metabolome analysis could be well reflective of clinical outcomes. Further
testing in clinical human populations will be necessary to determine whether the biomarkers

identified in this study reliably reproduce in human CD patients.
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2.10 Present Day Analysis and Future Opportunities

2.10.1 Chagas Disease Biomarkers

A 2024 cross-sectional study analyzed human sera from 120 patients, grouped by healthy
volunteers, those with indeterminate CD (ICD), those with chronic chagasic cardiomyopathy
(CCC), and those with other cardiomyopathies, using untargeted metabolomics for biomarker
identification.'?! Phenylacetylglutamine and fibrinopeptide B (1-13) were identified as potential
biomarkers with an increasing trend from health to ICD to CCC. Reduced levels of bilirubin and
biliverdin alongside elevated urobilin correlated with disease progression. And, cystathionine,
phenol glucuronide, and vanillactate were increased in CCC compared to ICD and controls.
Perhaps the most important finding of the study is that CD patients exhibit CD stage-dependent
distinct metabolic profiling. The most significantly altered metabolites in the study were
dipeptides, which decreased during ICD, increased in CCC, and eventually returned to control
levels. Our study assumed, but did not verify, established chronic disease stage in our model or
subsequent analyses. Furthermore, we selected for consistent directionality during post-treatment
bleed analysis without considering other directionality signatures. It would likely be worth (1)
retesting our model with disease-stage validation and/or expanded timecourse considerations and
(2) reassessing our acquired data with available insights on both disease stage-specific metabolic

profiles and different direction-over-time signatures.
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2.10.2 Low Metabolite Coverage

No single, analytical method currently exists to cover the entire metabolome.'?? Because
metabolites are found in extensive ranges of concentration, polarity, stability, and more, any
given method can only detect and analyze a small subset of metabolites at a time. Reverse-phase
LC-MS/MS can detect non-polar features while Hydrophilic Liquid Interaction Chromatography
MS/MS can detect polar features. Positive and negative ion modes can or must be combined for
adequate coverage of metabolites in certain use-cases. Integrating these datasets introduces
inherent risk in analysis, so creative development of more seamless and comprehensive methods

could improve data acquisition efforts.

Unsurprisingly, analytical methods of choice can significantly bias metabolite detection
and subsequent pathway analysis. One study simulated metabolite misidentification and found
that rates as low as 4% resulted in loss of truly significant pathways as well as gain of false-
positive pathways across all datasets.!?? These issues persist despite existence of a widely
adopted over-representation analysis (ORA) approach to pathway analysis, indicating the need

for stricter reporting guidelines and improved standardization.

Even within the studies described in this text, hundreds of in-the-moment decisions had
to be made during data processing and analysis, including disease and spectral cutoff values,
feature filtering thresholds, peak-picking tolerances, retention time alignment, signal-to-noise
thresholds, relative standard deviation-based feature removal, reference library selection, mass
error tolerance, and more.!?*!26 Every one of these decisions impacted the resulting biomarker
candidate lists. Accounting for all of them is unreasonable, but identifying and ranking the
pipeline choices most significantly impacting results variation would indicate where

standardization efforts would have the biggest impact.
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2.10.3 Molecular Networking in Infectious Diseases Metabolomics

Infectious disease pathogens are under-studied in the field of metabolomics, especially
parasitic infections, so reference metabolites are often missing from existing databases. '’ When
they are present, comparative analysis remains difficult because the same metabolite species may
be reported under many different names across databases.!?813° This makes pathogen-derived

metabolite discovery projects particularly difficult at the analysis stage.

A National Metabolomics Data Repository (NMDR) was built and subsequently leveraged
to curate an analytical-chemistry-centric database in 2020 for metabolite structures and isobaric
species known as the Reference Set of Metabolite Names, or RefNet.!?® Backed by the NIH, the
hope is improved capacity for analysis, annotations, molecular network connections, and the

generation of new knowledge and disease understanding.

Unlike most of the other omics, metabolomics lacks sequences that can be matched against
each other or any other comparable characteristic to be used in similar fashion. This is part of
what makes the bioinformatics of metabolomics so difficult and likely is a big factor impeding
better pathway analysis scaffolding. Given the current state the field of metabolomics seems to
be in, perhaps focusing efforts on the organization, standardization, interconnectedness, and
confidence of preexisting untargeted datasets would provide better gains than continuously

adding to the massive piles of uncharacterized, dark matter.

3 Discovery of Novel Protein Biomarkers for Tuberculosis Point-
of-Care Diagnostic Assay
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3.1 Contributions Statement

In this chapter, the rabbit model, production of infected urine and serum samples, and
production of INMAD immune serum were all contributions by co-investigators from Colorado
State University. MALDI-TOF was performed through the Mass Spectrometry Core Lab of the

University of Texas Medical Branch in Galveston, Texas.

3.2 Disease Overview and Pathology

Tuberculosis (TB), caused by the bacillus Mycobacterium tuberculosis (Mtb), is a serious

airborne disease that claims the lives of more than 1 million people every year. 3!

Despite being
preventable and typically curable, TB remains the world’s leading cause of death from a single
infectious agent. Transmission occurs when aerosolized droplets from an actively infected
individual are inhaled through the large and/or small airways.!*? Exposure yields a 10-50%
infection rate that is largely dependent on closeness and duration of contact as well as

infectiousness of the source patient. 33134

Approximately one quarter of the world’s population is latently infected with TB, but
only 10% of those infections develop into active disease.!*> Of the 10% progressing to active
disease, half will do so within the first 2 years post-infection, and the remaining half will develop
an active infection later.!*¢ Major risk factors contributing to the development of active disease
include human immunodeficiency virus (HIV), malnutrition, and young age.'*” Indoor pollution,
alcohol consumption, diabetes, use of immunosuppressive drugs, and tobacco smoke are also

significant contributing factors.!37:138
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3.2.1 Disease Pathology

Mtb are slow-growing, nonmotile, non-spore-forming, aerobic bacilli. Generation time is
roughly 20 hours, and growth on solid media does not become visible for up to eight weeks.
Mtb’s slow, linear growth profile provides a critical evolutionary advantage because the gradual,

subtle infection evades triggering an acute immune response in the infected host. !3%13°

Infection primarily begins in alveolar macrophages, where detection of the bacilli triggers
phagocytosis. After a macrophage engulfs the pathogen within a phagosome, Mtb counters by
inhibiting both phagolysosome fusion and phagosome acidification, thereby preventing its own
degradation.'#%"1%2 Latent infection (LTBI) is successfully established as pathogen replication
proceeds from within the host macrophage, followed by a metabolic transition into dormancy. '
Host-pathogen interactions actively continue during LTBI, as organized clusters of immune cells

form localized granulomas in the connective tissue surrounding infection site(s).

Active TB is established when the center of a granuloma liquefies into a nutrient-dense
growth medium, and previously arrested Mtb begin to rapidly multiply. Bacilli disseminate
extracellularly throughout the lungs in pulmonary TB and can also travel through the lymphatic
system or blood to other tissues in extrapulmonary TB.!'*!:!4> Common extrapulmonary
manifestations include TB lymphadenitis, TB meningitis, skeletal TB (Pott’s Disease), and

Miliary TB.!#

3.3 Treatment Options at Time of Study (2014-2016)

NOTE: The series of experiments discussed in this chapter were conducted from 2014 to 2016.

The upcoming sections provide a point-of-view consistent with the experimental timeline. At the
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close of this chapter, an updated analysis section ties the results obtained into the present-day TB

landscape.

Without treatment, the death rate of TB is close to 50%.!4° The global treatment success
rate is 88% for drug-susceptible TB (DS-TB), 71% for drug-resistant TB (DR-TB), and only
44% for extensively drug-resistant TB (XDR-TB).!46-148 Standard treatment recommendation in
cases of DS-TB is a 4- to 6-month injection therapy regimen involving the administration of four
drugs: isoniazid, rifampin, pyrazinamide, and ethambutol.'*° This course of treatment boasts high
efficacy in yielding cure rates of up to 95%.'3° DR-TB cases require personalized treatment plans
that must factor in comorbidities, current medications, and drug-susceptibility test results to be

effective.!®!

A major factor contributing to the discrepancies between the higher treatment-specific
cure rates and the overall lower global treatment success rates is the duration of standard
treatment regimens.'>?> Amultitude of health and socioeconomic factors often prevent TB patients

from completing treatment regimens.'>?

In the last several decades, despite having special regulatory pathways in place to
expedite approvals for therapies of life-threatening infections that disproportionately impact
marginalized populations, far fewer drugs have been successfully brought to market for TB
compared to drugs for human immunodeficiency virus (HIV), and hepatitis C virus (HCV).!'%*
Bedaquiline (2012), delamanid (2014), and pretomanid (2019) are the only three novel, first-in-
class anti-TB drugs to gain approval in recent years.'>> Importantly, nearly 20 years passed from
the time pretomanid was first documented as having strong antitubercular activity to its FDA

approval. Though the FDA required only eight months to review the new drug application,

pretomanid spent six years in the discovery and pre-clinical phase followed by 13 years in the

40



clinical testing phase.!>*

Bedaquiline required eight total years for FDA approval. As points of
comparison, two recently approved new human immunodeficiency virus (HIV) drugs required

2.6 and 4.7 total years for approval, and two new hepatitis C virus drugs required 3.2 and 1.6

years.'

Regardless of root cause, in order to meet the WHO’s call to action to reduce TB
incidence by 80% and TB deaths by 90% by 2030, impediments to TB treatment advancements
must be resolved.'*® The most significant opportunities for swiftly improving TB treatment
outcomes are (1) shorter drug regimens, (2) safer drug regimens, (3) digital health integrations,

(4) community support, and (5) addressing social determinants.'37-1

3.4 Active Tuberculosis Diagnostic Landscape at Time of Study (2014-2016)

After advising against mass TB screening programs for nearly 40 years, the WHO
reversed course by developing and publishing guidelines on screening for active TB in 2013.'6!
The WHO’s first set of formal TB diagnostic guidelines, released in 2015, recommended
microscopy, culture, drug-susceptibility testing (DST), molecular testing (line-probe assays and

Xpert MTB/RIF assay), and LTBI testing.!> The Xpert MTB/RIF assay was in the process of

being approved for use and rolled out in countries around the world.

At the same time, an unprecedented warning was published by the WHO to strongly
discourage the use of commercial serodiagnostic tests, both antibody- and antigen-detecting, for
diagnosis of TB disease.'® The warning was based largely on a 2011 meta-analysis evaluation of
19 commercially available antibody-detection rapid diagnostic tests showing high variability in
both sensitivity and specificity, high rates of false-positives, high rates of false-negatives, no

evidence supporting improved patient outcomes, and overall adverse impacts on patient

41



safety.!64165 A number of other studies at the time, however, report significant benefits to

incorporating serodiagnostic strategies in TB diagnostics. 6168

Though research in protein biomarkers for TB seemed uncertain, TB proteomics research
was advancing in other ways. A reference map and resource of assays to the complete proteome
of Mtb (H37Rv) had recently been published.!¢® ‘The Mtb Proteome Library’ was shifting
scientific interest toward functional proteomics research in targeted drug discovery, vaccine
development, host-pathogen interaction mapping, biomarker identification, and understanding
the mechanisms of dormancy.!”%~!'7” Building on proteomics techniques and methods for
biomarker discovery, a novel target identification strategy for determination of immunogenic

bacterial antigens was built.!”®

3.5 Opportunities Using Proteomics

3.6 Experimental Design

3.6.1 InMAD Method

The in vivo Microbial Antigen Discovery (InMAD) method is an unbiased technique
used to identify circulating microbial antigens shed within a host’s biofluids during
infection.!”®!7 Using the INMAD method, a host animal is infected with the pathogen of interest.
Serum and/or urine is collected from the infected animal and filtered to yield only soluble,
circulating antigens. The filtered product is subsequently injected into a second group of
genetically identical (naive) animals, and this triggers an immune response specific to the
injected antigens. Serum samples harvested from the second animal group contain antibodies
highly specific to the antigens that were shed during initial infection. This InMAD immune
serum is used to probe blots of Mtb lysates, culture filtrate proteins, or proteome microarrays.
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Antigens that are reactive with the InMAD immune serum are identified as the target antigens,

suitable for development into a diagnostic immunoassay.

Collect INMAD Serum and Urine

L B L B
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Control New Zealand White Infect New Zealand White

Immunize Naive New Zealand White
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Serum Control Urine Control Infected Serum Infected Urine
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Biomarkers Biomarkers

Figure 3-1. INMAD strategy for identifying Mtb antigens secreted/shed in urine and/or
blood during TB infection. NZW rabbits were infected with Mtb, and InNMAD serum and urine
samples were collected. INMAD samples were combined with adjuvant and used to immunize
syngeneic rabbits. INMAD immune sera was collected from immunized animals and used to
probe whole cell lysates and culture filtrates by Western Blot.

While the InNMAD strategy was originally developed using mice, we sought to utilize it
with a rabbit model and highly virulent strain of TB. Various animal models are available to
study Mtb infections, including the mouse, guinea pig, rabbit, and non-human primate, and each

model has its own advantages and disadvantages.'®° Like humans, rabbits are innately resistant to
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TB. However, when an infection does occur, the disease bears close resemblance to human TB
with analogous lung pathologies and the ability to develop caseation and lung cavities. 817183 We
hypothesized that utilization of the InMAD technique using a rabbit model, depicted in Figure
3-1, will enable the discovery of TB biomarkers well-suited for use within a lateral flow assay

format.

Based on clinical evidence of it being a high-transmission strain and its successful
integration into animal models, we hypothesized the W-Beijing strain 14149 from the RD207
sublineage will be well-suited for biomarker validation.!84185 This strain represents a typical
outbreak strain that can transmit and infect large proportions of the population and should be

ideal for identifying appropriate biomarkers.

Our initial strategy yields six potential protein biomarker targets validated against culture
filtrate proteins of Mtb. Attempts to further validate these biomarkers against InMAD-immune
serums were inconclusive. However, one biomarker target, Ag85, was chosen for continued
development of hybridoma antibodies against the chosen antigen. The monoclonal antibodies
generated were then used to validate reactivity against infected serum and infected urine in

ELISA format.

3.7 Methods

3.7.1 Rabbit Model of Tuberculosis
Performed by co-investigators at Colorado State University

Fifteen New Zealand white (NZW) rabbits were divided into 3 categories: non-infected,
30-day infection (acute), and 60-day infection (chronic). Infected animals received a dose of 3.2

log 10 of clinical W-Beijing strain TN14149 [(HN878) Lot 9/22/2006 Box 131] bacilli using a
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nose-only aerosol exposure system (CH technologies Inc, West-wood, NJ). We determined the
bacterial load versus time in the lung and spleen in rabbits euthanized on days 30 and 60. For
CFU’s, 1 lung lobe, % spleen, ¥4 liver in 9.0 ml sterile saline; Plated 1:10 dilution, 0-7 on 7H11
agar. 2 lung lobes, Y4 spleen, 1 liver lobe were added to 5 mLs RNA later, stored at 4 degrees C
for 24 hours, then ground into 5 mLs Trizol for qRT-PCR analysis and stored at -80 degrees C. 1
lung lobe, Y4 spleen, 1 liver lobe were added to 4% paraformaldehyde for histology. All

homogenate was stored in cold room at 4°C.
3.7.2 Production of Urine and Serum from Infected Rabbits
Performed by co-investigators at Colorado State University

Urine was obtained by bladder massage method and serum from blood by cardiac
puncture. After collection, the urine samples were flash frozen and serum samples frozen and
disinfected by gamma irradiation (6000 Ci '3’Cs for 1200 mins) over a frozen ice pack. An
aliquot was pre-screened with all the available CSU antibodies to examine the integrity of
dominant, secreted antigens. Although, this method of disinfection is not optimal (causes
warming up of the samples), other alternatives such as filtration through 0.2 micron membranes

and heating is known to cause significant loss in immunopotency.
3.7.3 Production of InNMAD Immune Serum
Performed by co-investigators at Colorado State University

InMAD serum and urine from non-infected and infected rabbits was used to immunize
naive NZW rabbits. Prior to immunization, serum was processed using a commercially available
serum depletion kit to remove abundant proteins unrelated to Mtb. Urine was concentrated to

increase the antigen levels present. Rabbits were immunized subcutaneously (SC) with Day 60
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InMAD serum or INMAD urine (two animals per sample) using TiterMax® adjuvant. According
to the manufacturer, one injection using TiterMax® is largely superior to Freund’s adjuvant and
boosts. However, to ensure acceptable immune response, a typical immunization schedule was
followed: the rabbits were boosted SC with adjuvant on Day 14 and Day 35 followed by IV
injections on Day 56. After 30, 45, and 60 days, serum (“InMAD immune serum’) was collected
from all rabbits and screened for reactivity to WCL and/or CFP via EIA. Once acceptable
reactivity, as measured by titers to Mtb WCL and/or CFP, is observed, we proceeded to
identification of biomarkers using the InMAD immune serum collected for screening that
showed greatest reactivity in the EIA. Serum from 60 days post-immunization was more

immunogenic than that collected at 30 and 45 days.

3.7.4 Identification of Mrb Biomarkers

Rebecca Ulrich vonBargen

InMAD immune sera from animals, containing antibodies to antigens shed in serum and
urine during a Mtb infection, as well as control sera, was used to probe two-dimensional
immunoblots of Mtb whole cell lysates and culture filtrates. Spots present in blots were probed
with the test sera and urine, but not with the control sera and urine, and were analyzed using
Matrix-Assisted Laser Desorption/Ionization Time-of-Flight (MALDI-TOF) mass spectrometry

for protein identification.

3.7.5 2-Dimensional Gel Electrophoresis

Rebecca Ulrich vonBargen

200 pl of sample (CFP or WCL) was loaded onto a pH 3-10 11 cm IPG strip by overnight
passive rehydration. Isoelectric focusing was performed on a Bio-Rad Protean IEF cell as
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follows: 250V, linear ramp for 20 min; 8000 V, linear ramp for 2.5 h; and 8000 V for a total of
20,000 Vhr (all steps with a maximum current of 50 pA per gel). The strips were stored at —
80°C, then thawed and incubated twice for 10 min each in 8 M urea, 2% SDS, 0.05 M TrisHCI,
pH 8.8, 20% glycerol. The first incubation contained 2% DTT, and the second contained 2.5%
iodoacetamide. The strips were then layered on 8-16% Criterion Tris HCI gradient gels, and
protein ladder MW markers were loaded. Electrophoresis was done at a constant voltage of 200
V until the dye front ran to the bottom of the gel. Gels were stained overnight with Bio-Safe
Coomassie Blue then rinsed thoroughly three times with water (soaking 5 minutes each on

orbital-shaker).

3.7.6 2-Dimensional Western Blot

Rebecca Ulrich vonBargen

Gels were transferred onto PVDF membranes (membrane briefly soaked in pure
methanol for ~3 minutes prior to transfer) using BioRad Trans-Blot Turbo System and affiliated
protocols. Membranes were blocked for 1 hour by soaking in blocking buffer (fish gelatinin PBS
+ 0.1% Tween; 0.45um filtered) followed by washing 3x in PBST. Membranes probed with
~1:30 dilution of pooled INMAD immune serum (diluted in blocking buffer, soak for 1 hour,
wash x3). Mouse anti-rabbit-HRP antibody used as secondary detect antibody (diluted in
blocking buffer, soak for 1 hour, wash x3), followed by development with BioRad Clarity
Western ECL Substrate used according to protocol. Imaged using Bio-Rad Chemidoc XRS+

System and Bio-Rad Image Lab Software. Exposure = 3.4s unless otherwise stated.
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3.7.7 MALDI-TOF

Protein digestion and mass spectrometry were performed by the Mass Spectrometry Core
Lab of the University of Texas Medical Branch in Galveston, Texas. MALDI TOF/TOF 5800
(AB Sciex) was used with protocols comparable to those described by Nuti et al., in 2011.!8¢

Resulting files were searched by Mascot on NCBI and/or UniProt databases.

3.7.8 Immunization of Mice and Hybridoma Establishment

Rebecca Ulrich vonBargen

Native purified Ag85 complex was acquired from BEI Resources and used for
immunizations. Five balb/C mice (female, 6-weeks) were acquired from Jackson Laboratories.
Initial immunogen was prepared by emulsifying equal volumetric parts purified Ag85 and
Freund’s Complete Adjuvant. Total injection volumes containing 50-100ug of purified Ag85
were administered intraperitoneally. Booster immunogens, using Freund’s Incomplete Adjuvant,
were prepared and injected in the same manner every two weeks following initial injection for a
10-week period. Indirect ELISA method was used to screen serum for reactivity to Ag85
beginning on Day 16 after initial injection and repeated every 2 weeks until the titer goal,
described in the Indirect Elisa section, was reached. Tail bleeds were used for blood collection,
followed by centrifugation for serum separation. On Day 63, all five mice surpassed titer goal. A
final booster injection of Ag85 in PBS was administered intraperitoneally three days prior to
fusion. Mouse Splenocytes were harvested and fused with X63-Ag8.653 mouse myeloma cell
line using polyethylene glycol classic hybridoma generation methods. Resulting clones were

cultured in HAT-medium, and cell lines were separated using a minimum of two rounds of
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cloning by limiting dilution. Isotyping performed using Pierce Rapid Antibody Isotyping Kit -

Mouse.

3.7.9 Indirect ELISA

Rebecca Ulrich vonBargen

Serum and hybridoma samples were screened for antibody reactivity against Ag85 (or
other sample of interest) using indirect ELISA method. Costar EIA strip 96-well flat-bottom
plates were coated with 2ug/mL purified Ag85 at 100uL/well and left to incubate for 2 hours at
37 degrees C -OR- overnight at 4 degrees C. Plates were then washed three times with PBS-
Tween 0.02% (PBST) and blocked with either casein blocking buffer or blocking buffer
containing 2% bovine serum albumin in PBS at 37 degrees C for 2 hours before being washed
three times with PBST. Primary antibody (mouse serum or hybridoma culture supernatant)
dilutions were prepared in PBS and added to wells at 50uL/well. Covered plates were incubated
for 1 hour at 37 degrees C before being washed with PBST. Goat anti-mouse IgG1-HRP antibody
(Santa Cruz Biotechnology) was used as the secondary detect antibody by diluting 1:10,000 in
PBS, adding to wells, and incubating for 1 hour at 37 degrees C. Wells were then washed three
times with PBST. TMB substrate was added, and wells were left undisturbed at room
temperature for 10 minutes. Stop solution was added, and all plates were assessed at A4so/630

within 10 minutes of adding stop solution using Agilent Biotek microplate readers.

Rabbit serum and urine samples coated onto ELISA plates at 1:10 dilution.
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3.8 Results

3.8.1 Identification of M. tuberculosis Antigens Secreted During Infection

Many potential targets were identified by probing both the urine-immunized serum and
serum-immunized serum against culture filtrate proteins (CFPs) and comparing the results to
probes from naive rabbit samples. Eight potential spots, demonstrating reactivity in both urine
and serum, were excised for additional proteomic analysis, shown in Figure 3-2. This resulted in
the identification of six targets, shown in Table 3-1. Protein Biomarker Targets Identified., as
two of the original eight submissions gave redundant results. Three of the targets are considered
novel and unnamed, and three are previously identified but not thoroughly studied for use in TB
diagnostics. The six targets mapped back to the urine-immunized serum blot and the serum-
immunized serum blot are shown in Appendix Fand Appendix G, respectively. Results from
naive serum visualized in Appendix H. Exposure time was set to 3.4 seconds for all western

blots.
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Figure 3-2. 2D-Gel Electrophoresis of Mtbh Culture Filtrate Proteins. Two-dimensional gel
electrophoresis of Mycobacterium tuberculosis culture filtrate proteins, resolved by isoelectric
point (pH 3-10) and molecular weight (10—-100 kDa). Stained with Bio-Safe Coommassie Stain.
Numbered spots (1-8) were excised and submitted for protein identification by MALDI-
TOF/TOF mass spectrometry.

Table 3-1. Protein Biomarker Targets Identified. Successfully identified protein targets from
candidate list in Figure 3-2.

Biomarker ID Protein Molecular Novel and MALDI E-score
Accession Weight (kD) Unnamed
PT-1 gi[15610982 23 No 3.97164E-15
PT-2 211490005446 27.1 Yes 7.92447E-33
PT-3 2i/490004226 27 Yes 2.50594E-07
PT-4 21|157874756 30.7 No 2.50594E-48
PT-5 21/392387600 28.3 Yes 3.97164E-61
PT-6 2115839702 32.1 No 5E-31
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Urine and serum specimens from infected rabbits were pre-treated and analyzed on a 2-
dimensional protein gel. pH 4-7 range was used instead of ph 3-10, as all proteins of interest are
found within the narrower range. Western blots were then prepared by transferring these gels
and using the same urine-immunized serum and serum-immunized serum, shown in used in the

previous Western blot series.

Over 40 proteins of interest were identified; none of these spots were confirmed by way
of MALDI or LC/MS-MS, as none of the expectation scores were of acceptable value. It is
possible the pre-treatments of the specimens prior to use in the 2-dimensional gel format
depleted the biomarkers from the samples. It is also possible that native rabbit proteins and
molecules were simply too abundant and consequently masked detectable reactivity to the
biomarkers of interest. These concerns do not discredit the results obtained using the CFPs
though. Therefore, the decision was made to move forward with developing monoclonal

antibodies.

PT-4, selected for its ease of acquisition and purification, was selected for monoclonal
IgG antibody development. Following a strong serum reactivity response to Ag85 at day 63 of
the immunization schedule, shown below in Figure 3-3A, hybridoma cell lines were produced,
and 24 resultant clones showed adequate production of IgG antibody against PT-4 (data not
shown). Supernatant from the top five producing subclones containing IgG antibody was tested
across six sample types: lipoarabinomannan (LAM), naive rabbit urine, infected rabbit urine,
naive rabbit serum, infected rabbit serum, and PBS using indirect ELISA method, described in
methods. Results from this test, shown below in Figure 3-3B, show clone 5D5 produces a signal
above the positivity threshold for both infected urine and infected serum, but not in naive urine

and serum, LAM, or PBS. Clone 4D5 shows the highest clearance of the positive threshold
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against infected urine. These results help support validation of both the antigen and the clones,
though it’s important to note that extreme volume limitations during early-stage hybridoma
screening allow only for single-replicate testing. Follow-up runs will need to confirm and expand

on the results shown.

A B
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| MENaive Urine
0.5 Infected Urine
Naive Serum
M Infected Serum
0.4 1
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2 S 0.3
< a
2
< cutoff (0.238)
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0 T T T T
Neat 1/10 1/100 1/1000

Serum dilution

Clone Clone Clone Clone Clone
=@~ Day 16 of immunization schedule 1D5 2D5 3D5 4D5 5D5
=il Day 63 of immunization schedule Hybridoma clone

A~ Unimmunized control

Figure 3-3. Anti-Ag85 IgG-Producing Hybridoma Development Screening. ELISA values
are background-corrected absorbance at 450/630nm (A450/630). (A) Serum titration of
immunized vs. control mouse. Serial dilution screening of mouse serum at Day 16 and Day 63
of immunization schedule compared to non-immunized control serum. Wells contain
immobilized, purified Ag85 protein. Day 63 response saturates plate reader at all dilutions tested,
indicating immune schedule and subsequent hybridoma generation were well-timed. Of note,
control serum at neat demonstrates unexpectedly elevated relative value compared to 1:10,
perhaps due to viscosity of serum. (B) Hybridoma Clone Screening. Post-fusion screen of five
IgG-producing hybridoma subclones generated against Ag85. Supernatant tested at neat across
six sample conditions. Dashed line indicates positivity cutoff (mean + 3 SD of negative controls).
Data shown is single replicate because insufficient volume during early stages of hybridoma
growth precludes replicate runs. A450/630 is net absorbance where A450 = signal wavelength
and A630 = reference wavelength. Calculation is A450 — A630.
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3.9 Discussion and Conclusion

3.9.1 Identified Biomarker Targets

Although original results indicated 3 novel and unnamed proteins, updated analysis
reveals the identity of all six target proteins and provides insight into each target’s potential use

as a diagnostic biomarker for active TB disease.

PT-1/Superoxide dismutase [FE] SodA: Superoxide dismutase A is an iron-cofactored enzyme

and key virulence factor that neutralizes oxidative bursts and allows bacteria to evade host
immune defenses.!'®” It has been identified in other independent studies as a potential biomarker
present in both serum and granulomas, though using it poses concerns of cross-reactivity with

other diseases.'88:189

PT-2 & PT-3/Hypothetical Proteins = MPT51: Results from 2016 labeled the 27kD protein,

located on the 2DE map near the Ag85 antigen family protein spots, as a hypothetical protein. An
updated inquiry matches this spot to MPT51/FbpC1, a well-characterized T-cell antigen.!?%-193
MPTS51 exhibits strong cross-reactivity with all three components of the Ag85 complex and
exhibits >60% sequence homology to them in its N-terminal region. MPTS51 has been explored
extensively as a potential TB biomarker in an MPT51-detection (antigen) ELISA for diagnosis of
extrapulmonary TB from urine samples'®4, in an anti-MPT51 (antibody) ELISA for latent TB

195

infection in asymptomatic HIV-positive individuals'”>, and most recently in a novel magnetic

nanoparticle antibody-conjugate and aptamer-based assay for diagnosing pleural TB.!%¢

PT-4/Ag85b, Chain A: The Antigen 85 complex, containing protein components A, B, and C, is

a major, well-characterized antigenic component known to be found on the Mtb cell wall and to

circulate in the blood of patients with active TB disease. Detection has been documented in
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blood, urine, sputum, and cerebrospinal fluid of TB patients, making it one of the most popular
antigenic targets to date for both diagnostics and vaccines. Different iterations of its use in

diagnostics regularly report sensitivities >90% and specificities >85%.'9%1°7

PT-5/Unnamed Protein Product > Aldo/keto reductase: The 28.3kD oxidoreductase helps

shield the bacteria from oxidative stress. It is an intracellular and membrane-associated protein
and was considered at one time for potential vaccines.!*®!°° Because it is normally located in the
cytosolic fractions, rather than extracellular culture filtrate, it would not be considered a classic

target for diagnostics. Its identification in this study may be worth exploring further.

PT-6/Beta-Glucanase: This is shown to be a pseudo-enzyme, as changes to its active site render

it incapable of binding beta-glucans.? It is likely not a good candidate for a diagnostic

biomarker, but there is some potential for its involvement in improved efficacy of vaccines.
3.9.2 Testing and Validation in Human Samples

One study combined 16 human serum samples from patients with confirmed active TB
and screened the pool against 2D-GE-separated CFPs. Reactive spots were processed, identified,
and compared for relative quantitation. Based on relative antibody quantities, antibodies against
all three homologous components of the Ag85 complex were the most abundant in the pool.

MPTS51was also identified in the study?°"!
3.9.3 Composition of M. tuberculosis Culture Filtrate

The composition of proteins released by bacilli into culture supernatant is significantly
impacted by culture incubation time. Previous studies have shown that CFPs can be divided into
three main groups based on early, gradual, or late release into filtrate, and these groups
correspond to protein function.???> Additionally, proteomic variation exists among different Mtb
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203,204

strains. These factors need to be taken into account when using culture filtrate maps to

identify potential antigen targets.

This study provides multiple antigen biomarker candidates suitable for expanded
validation studies. for potential development of a rapid, POC TB diagnostic suitable for use in
both urine and serum samples. Follow-up studies will need to corroborate or expand on the

preliminary results obtained in this project.

While there is still some potential for singular protein biomarkers used in a TB
diagnostic, TB diagnostic needs have grown beyond mere initial confirmation of active TB
disease. Risk of disease development, monitoring treatment response, and diagnosing TB cure
are all identified as areas of greatest opportunity for reducing the burden of TB disease.??® Future
outlooks indicate tests involving biomarker panels, combined biomarker stratification across
multiple biological layers of data, or new technologies may be better suited for the reliability

requirements of TB diagnostics.
3.10 Present-Day Analysis & Future Opportunities

The experiments in this chapter were conducted just over a decade ago, from 2014-6, and
quite a bit has changed in the infectious diseases landscape since that time. The final section of
this chapter provides an updated perspective on TB diagnostics and integrates the results

obtained in these studies with present-day opportunities.
3.10.1 Present-Day State of Global TB Burden

In 2024, over half (55%) of the global total of new TB cases occurred in five countries:
India (25%), Indonesia (10%), the Philippines (6.8%), China (6.8%), and Pakistan (6.3%).

However, the highest incidence rates tended to be in the WHO Africa region.!*! Over 80% of
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global cases remain concentrated in low-income and lower-middle-income communities, as
economic disadvantages like crowded living conditions, malnutrition, and limited access to

adequate healthcare increase TB risk factors 206207

According to the WHO’s 2035 plan for the effective elimination of TB, updated
milestone targets include (1) improved coverage of TB diagnostic, treatment, and preventative
interventions, (2) increased understanding on new infection determinants or risk of developing

the disease once infected, and (3) technological breakthroughs such as a new TB vaccine. !3!

The FDA fully approved a new drug called pretomanid in 2019 for the treatment of multi-
drug-resistant TB. Pretomanid is most often used in a combination therapy known as BPaLM
with three other drugs (bedaquiline, linezolid, and moxifloxacin) to provide a 6-month, all-oral
therapy option for DR-TB and XDR-TB with demonstrated treatment success rates of 90% or

208-211

higher.

BPalLM halved what used to be a much longer and highly variable expected treatment
timeline for DR-TB, but there is still significant room for improvement. Major obstacles in the
development of new or improved TB drugs include lack of biomarkers and surrogate endpoints,
complexities of combination therapies, slow growth and dormancy of the bacteria impacting
duration of clinical trials, lack of validated biomarkers-of-cure, and weaker commercial

incentives of treating primarily resource-limited populations.!5#212-214

3.10.2 TB Diagnostic Landscape in 2026

No single TB test satisfies all these criteria for all patient populations, so multi-test or

parallel testing strategy is often utilized or recommended.?!3-1¢
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Even pared down to its simplest form, the WHO’s 2025 guidance for diagnosing TB
provides a set of 21 different circumstance-dependentrecommendations. TB infection versus TB
disease, drug resistance, age of patient, and comorbidities of patients are all complicating factors

requiring differentiated testing combinations to achieve an effective TB diagnosis.?!”

Confirmed diagnosis of TB disease requires microbiological detection through one of
four WHO-approved testing options: sputum smear microscopy, culture, WHO-recommended
molecular tests, and lateral flow urine lipoarabinomannan (LF-LAM) assays.!'*! Approximately
63% of new cases of pulmonary TB are diagnosed through bacteriological confirmation each
year, and that percentage has remained largely consistent for the last 15 years.?!'® The remaining

cases receive diagnoses through clinical (empirical) evaluations.

Historically, microscopy and culture methods were predominantly used for diagnosing
TB disease, especially in resource-limited settings. For the past 15 years though, rapid molecular
assays have been steadily transforming the diagnostic landscape. In 2023, the United Nations
high-level meeting on TB called for 100% use of WHO-recommended rapid diagnostic tests
(WRDs) during initial TB diagnosis by the year 2027. In short, this initiative formally
recommended use of molecular and/or biomarker rapid diagnostics over microscopy and culture-
based methods. By 2024, a WRD was used for 54% of the 8.3 million people newly diagnosed

with TB — up from 38% in 2021 and 48% in 2022.!3!

Two main classes of diagnostics are represented in the WHO’s recommendations for
testing guidelines: nucleic acid amplification tests (NAATSs) and biomarker-based detection tests.
NAATs are further classified based on their level of complexity. Most NAATs offer the
significant advantage of providing drug-resistance detection alongside disease diagnosis. The

current list of recommended NAATs also boast significantly higher sensitivity and specificity
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scores compared to the biomarker-based testing option, though that is not an inherent limitation
of lateral flow assays. Lateral flow assays, on the other hand, offer the significant advantage of

being truly point-of-care. They require no equipment, no trained expertise, and no electricity to
run or interpret. Some of the low-complexity NAAT options offer manual processing using only

basic lab equipment, but these simplified options do not offer drug-resistance detection.

While the low-complexity NAATs for TB are praised as being “near-POC,” studies on
Xpert MTB/RIF roll-outs in multiple countries cite concerns in affordability, user-friendliness,
equipment failures, and deliverability.?!*?2° Xpert MTB/RIF was predicted to reduce TB
mortality up to 20%-35% by facilitating earlier treatment initiation. However, multiple studies

show no mortality benefit.?21-224

Alere/Abbott’s Determine™ TB LAM Ag product, available for antigen detection of
lipoarabinomannan in urine samples, has suboptimal sensitivity and specificity, so it is not
recommended for all populations. It does possess improved sensitivity among individuals
coinfected with HIV, so it is recommended for use in tandem with a low -complexity nucleic acid

test (LC-NAAT) 2”7

Sensitivity and specificity in LFAs are significantly impacted by choice of target antigen.
Lipoarabinomannan (LAM) is one option for a highly immunogenic antigen used as a target
antigen in TB diagnostics. However, the only LAM-based diagnostic test is recommended only
for use in a subset of potential cases in tandem with a molecular test.?!” Consequently, it is
necessary to continue efforts to identify alternative TB biomarkers that can be used to develop

more sensitive diagnostic assays.
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3.10.3 Opportunities for Improved Experimental Design

Monoclonal Antibody Development: The classic hybridoma approach to antibody discovery
remains respected and relevant to this day, as it is cited as being the most successful and efficient
method for isolation, generation, and production of monoclonal antibodies.??> As used and
described in this chapter, the original methods do inherently possess several inefficiencies that
have greatly benefited from recent advancements. Most notably, the B cell fusion efficiency of
the PEG-mediated cell fusion method is 1 in 100,000.22° Of the 0.001% because the hybridomas
providing the highest yield of Mabs tend to be the slowest-growing cells, the best candidates
within the initial post-fusion colony are easily overtaken by low-yielding but fast-multiplying
competitor cells. Next, it is difficult for a slow-growing cell line to survive multiple rounds of
cloning by limiting dilution, whereby a single cell must overcome apoptosis-inducing damage
and stress signals in an environment that is inherently high-risk for contamination. Many
advancements in the field, such as electrofusion of antibody-secreting cells (ASCs) and
fluorescence-activated cell sorting (FACS), serve as supporting technologies to improve fusion

efficiency and functional yield.

4 Conclusions and Recommendations

4.1 Key Scientific and Engineering Contributions

One of the key contributions in this thesis is validation of the INMAD model in rabbits.
Another contribution is the demonstration in a rabbit model that TB-specific antigens are
abundant enough in both urine and serum of infected individuals to be diagnostically relevant, as
was demonstrated by utilizing infected samples as effective immunogens. A key Chagas Disease

finding is the insight that successful clearance of parasite burden through Bz treatment does not
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restore the metabolome. I think this is a key insight for infectious disease research and in the
clinic, and I hope it inspires other to rethink their understanding of infections. In both project
sets, returning to the results and data five and ten years later, provided identification of
previously unnamed or missed biomarker candidates, and I hope it inspires others to reengage

with their older research.
4.2 Future Recommendations for Point-of-Care Diagnostics Research

4.2.1 Biological Layers and Integrative Biomarkers

As many single-omics approaches stall out in biomarker discovery research, popularity is
growing around the apparent need for improved resolution of interconnected biological and
disease layers through multi-omics integration. Mass spectrometry (MS) is cited as a central
analytical strategy incorporating assessment of proteins, metabolites, lipids, and spatial omics. 2%’
Most attempts to connect data from different layers rely on computational integration. While this
is certainly a good start, retrofitting independently-processed data sets can be challenging and
leave gaps in understanding. True breakthrough will likely be achieved with advancements in
MS instrumentation, spatial multi-omics, creative experimental design, and improved

interdisciplinary efforts between life scientists and bioinformatitions.??®
4.2.2 Clever Point-of-Care Engineering Hacks

Chip electrophoresis titration biosensors, suitable for both proteins and metabolites, combine
chemical reactions with moving reaction boundary distance-based measurements for quantitative
detection.??’ A group researching electrochemical labels for bioassays recently discovered that

changing the shape of silver nanoparticles from a sphere to a cube significantly lowered the limit

61



of detection and may allow for a lower limit of 0.1 pM, an order of magnitude lower than the

spherical labels.?3°

4.2.3 Ghosts and Dark Matters

The dark metabolome and dark proteome represent the unmatched spectra from shotgun
proteomics and untargeted metabolomics studies, much like the ones discussed in this
dissertation. Some estimates predict up to 98% of the metabolome and 50% of the proteome
remain in the dark, though expanded discussions insist much of the data is fragment ions and not
real molecules.?3!723% A few years ago, a research team developed a freely available software
package called BioTransformer to reveal the dark metabolome and improve understanding.?** A
reasoning engine has been incorporated for reaction site and chemical product prediction, which

could be leveraged for biomarker discovery.

For decades, scientists ignored the non-coding portion of the genome as junk, but the last 15
years have unearthed countless biochemical functions from the ‘dark matter.” In the last five
years, literature has formally recognized the ghost proteome (GP), which umbrellas noncanonical
translational products like 5'/3" UTRs, alternative reading frames of mRNAs, pseudogenes, or
long noncoding RNAs.?* There is great potential for infectious disease biomarker discovery
within the GP, as pathogens are known to interface with alternative proteins (AltProts), and off-
the-grid peptides, termed dark antigens, provide new mapping territory that traditional databases

have missed.?3¢

Seeing so few biomarkers make it all the way to clinical use has forced a lot of rethinking of
fundamental approaches to biomarker discovery. It is unlikely the major methods utilized in the

studies of this text will yield improved rates of discovery on their own. Coordinating their
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utilization for integrative biomarker POC technologies would likely be a better investment.
Integrating the physics of multiple biological layers onto a single POC platform is a challenge,
but it can be overcome with better interdisciplinary collaborations on projects that combine the

best of clever engineering and strategic molecular design.
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6 Appendix A

Q Exactive Plus (Thermo Scientific) instrument parameters (untargeted data acquisition).

Run time 0to 12.5 min
Polarity Positive
Default charge state | 1

Full MS

Resolution 70,000

AGC target le6
Maximum IT 246 ms

Scan range 70 to 1050 m/z
dd-MS2

Resolution 17,500

AGC target 2e5

Maximum IT 54 ms

Loop count 5

TopN 5

Isolation window 1.0 m/z
(N)ce/stepped (N)CE | NCE: 20, 40, 60

dd Settings - as in 2*7

Tune Data - as in 237
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7 Appendix B

MZmine (version 2.53) Parameters

Type Parameter Value
Feature detection MS1 Mass Detection Centroid
MSI noise level 4e5
MS2 noise level le3
Chromatogram builder Masses
Time span 0.01 min
Min height 1.2e6
m/z tolerance 10 ppm
Chromatogram Local minimum
deconvolution 2**
Chromatographic Threshold 20%
Search Minimum in Retention Time Range (minutes) | 1
Minimum Relative Height 40%
Minimum Absolute Height 1.0e0
Minimum Ratio of Peak Top/Edge 1.20
Peak Duration Range 0.04 -
5.00
m/z MS2 0.01
RT MS2 (minutes) 0.1
Isotopic peaks grouper m/z tolerance 10 ppm
Retention Time Tolerance (minutes) 0.1
Charge 3
Lowest m/z
Monotonic shape Checked

&5




Alignment Join aligner 10 ppm
Retention Time Tolerance (minutes) 0.1
Weight m/z 1
Weight RT 1
Feature list Keep only with MS2 scan (discovery cohort only)
Cut off first 20s (discovery cohort only)
Cut off last 30s
Minimum peaks in a row (discovery cohort and 10

treatment effect analysis only)

Reset ID
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8 Appendix C

GNPS Parameters.

Feature-Based Molecular Network

Precursor lon Mass Tolerance 0.02 Da
Fragment lon Mass Tolerance 0.02 Da
Minimum Matched Fragment Ions 4
Maximum Connected Component Size (Beta) | 100
Maximum shift between precursors 500

Min Pairs Cosine 0.7
Network TopK 10
Library Search Minimum Matched Peaks 4

Search analogs Do Search
Top results to report per query 1

Score Threshold 0.7
Maximum analog difference 100.0 Da
Minimum Peak Intensity 0.0

Filter Precursor Window Filter
Filter peaks in 50 Da Window Filter
Filter Library Filter Library

Normalization per file

Row Sum Normalization (Per file Sum to
1,000,000)

Aggregation Method for peak abundances per | Mean
group
Run Dereplicator Run
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9 Appendix D

PCoA — Aitchison distance (CLR + Euclidean) | Outcome: parasite equivalents =20 = success, >20 = failure

Timepoint 1 Timepoint 2
(pre-treatment, 120 dpi) (immediate post-treatment)
30  [PERMANOVAF =123 PERMANOVA F = 1.19
p = 0.146 p=0164
20 4
20
10
L
E 104 9
< ~
s S o
o~ ~
§ % g
5 0 A o »
i -10 e
.
~10
_20
—20 4
T T T T T =30 “— T T T T T T
-20 -10 0 10 30 -30 -20 -10 0 10 20 30

PCol (11.2%)

Timepoint 3
(4 weeks post-treatment, 160 dpi)

PCol (14.0%)

Timepoint 4
(2 weeks post-treatment, 200 dpi)

PERMANOVA F = 1.86
50 | [P =007

10

PCo2 (6.1%)

~10 4

-20

e

e

PERMANOVA F = 1.21
2 d [P=0157

30 1

20 A

PCo2 (7.6%)

~10 4 4

—=20

T T T T T
=30 =20 -10 ] 10
PCol (25.2%)

® Success L)

Failure

30

T T T T T
-30 -20 -10 0 10
PCol (13.0%)

Female (circle) A Male (triangle)

PCoA of serum metabolomic profiles using Aitchison distance.

20

Principal coordinate analysis (PCoA) of Aitchison distance (centered log-ratio transformation
followed by Euclidean distance) calculated for the benznidazole treatment group across four
timepoints. Each point represents one mouse serum sample, colored by treatment outcome (blue
= success, <20 parasite equivalents; red = failure,>20 parasite equivalents), shaped by sex (circle
= female, triangle = male). The 20 parasite equivalent cutoff was defined as the mean plus three
standard deviations of DMEM uninfected control values. PERMANOVA results are annotated
per panel (999 permutations). The parallel distribution with central gap observed under Bray—
Curtis dissimilarity (Figure 2-1) does not persist under Aitchison distance, consistent with the
gap being a geometric artifact of the distance metric rather than a true structural feature of the
data. This finding corroborates the statistical tests of bimodality reported in the main text
(Hartigan's dip test p = 0.316; bimodality coefficient = 0.44; ABIC = 3.87).
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10 Appendix E

Features from Bz group demonstrating BH-Significance but unannotated.

RT

(min)

BH-Sig Timepoint(s)

Direction
Consistency

Direction of
Association

357.2400
144.0800
146.0600
118.0700
159.0900
225.1500
200.2000
214.1800
221.0900
242.2100
274.1800
300.2000
664.4200
130.0700
283.2600
297.1600
379.2500
401.2600
423.2700
689.5600
704.4500
324.2900

73.0700
120.0700
149.1200
171.1000
241.1500
291.0700
398.3300
624.3900

3.69
1.39
1.39
1.39
1.39
6.46
6.45
4.89
1.38
5.73
4.86
5.16
7.51
1.38
7.35
3.21
3.75
3.81
3.87
9.23
7.51
7.38
2.44
0.37
2.43
2.43
0.50
0.54
6.26
7.7

TP2, TP3
TP2
TP2
TP2
TP2
TP2
TP3
TP3
TP2
TP3
TP1
TP2
TP2
TP2
TP3
TP3
TP3
TP3
TP3
TP1
TP2
TP1
TP1
TP2
TP1
TP1
TP3
TP1
TP1
TP2

O NN DN DNDNDDNDNDDNDODNDDNDDNDNDNDDNDDNMNMNDMNOWPAEPAAEAAPEEEPAEAEEEAEBEEPEDEBAEDD

Higher in failure
Higher in success
Higher in success
Higher in success
Higher in success
Higher in success
Higher in failure
Higher in failure
Higher in success
Higher in failure
Higher in success
Higher in success
Higher in failure
Higher in success
Higher in success
Higher in failure
Higher in failure
Higher in failure
Higher in failure
Higher in success
Higher in failure
Mixed

Higher in success
Higher in success
Higher in success
Higher in success
Higher in failure
Higher in success
Higher in failure
Mixed
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11 Appendix F

" pH 3 - 10 :
a
100kD =
50kD =
25 kD 28.3kD () 30.7kD

=0
32100V 270 23kD
( .) ( ) (\

“27.1kD

9

10kD

Six Mtb biomarker candidates identified by probing CFPs with urine-immunized InMAD
rabbit serum. M¢b culture filtrate proteins separated by isoelectric point across the x-axis and
molecular mass across the y-axis, transferred to PVDF, and probed with pooled Mtb-infected

urine-immunized rabbit serum (1:30 dilution). 2° = Mouse anti-rabbit-HRP. Identified protein

spots circled in red and labeled by molecular weight corresponding to potential biomarker listed
in Table 3.1.
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12 Appendix G

) pH 3-10 :
100kD =
‘ _
50kD = ”
-~
28.3kD,
O _so.
25kD 22.100 > ng?ko 23K
: OO
' 27.1kD
10 kD

Six Mth biomarker candidates identified by probing CFPs with serum-immunized InMAD
rabbit serum. M¢b culture filtrate proteins separated by isoelectric point across the x-axis and
molecular mass across the y-axis, transferred to PVDF, and probed with pooled Mth-infected
serum-immunized rabbit serum(1:30 dilution). 2° = Mouse anti-rabbit-HRP. Identified protein
spots circled in red and labeled by molecular weight corresponding to potential biomarker listed
in Table 3.1.
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13 Appendix H

pH3-10

100 kD 5
SOD " -

-
25kD

o

-
10kD

A 2-dimensional western blot using naive rabbit serum toprobe Mtb culture filtrate proteins
from protein gel. Pre-immune sera is minimally reactive to Mtb CFPs.



