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Abstract

Metabolomics is unique among omics technologies in being applicable to metabolism and
toxicity studies broadly across organisms (e.g., humans, other mammals, model organisms

and even bacteria) and across biological materials (e.g., blood, urine, saliva, biopsy, stool),
including cultured cells and subcellular fractions. Metabolomics can be used to characterize
biologic response patterns in humans as well as to support mechanistic studies in model systems
and ex vivo studies. A broad range of resources are available, including publicly accessible

data repositories (e.g., Metabolomics Workbench), tools for biostatistics and bioinformatics
(e.g., MetaboAnalyst), metabolite identification (e.g., Metlin) and pathway analysis (e.g., Kyoto
Encyclopedia of Genes and Genomes). Thus, metabolomics is more than a promise of the future,
metabolomics is already available as a translational approach to facilitate precision medicine.
This ACT Symposium review will contain an introduction to metabolomics in toxicity studies
followed by sections on translational metabolic networks, translational metabolite biomarkers

of acetaminophen-induced acute liver injury, translational framework using high-resolution
metabolomics for integrated pharmacokinetics and pharmacodynamics, and precision medicine
applications: extracting actionable targets from untargeted metabolomics data following one year
in space.

Introduction

The typical metabolomics workflow includes sample collection, sample analysis,
bioinformatic data analysis and application.1-2 Study designs can vary; in some cases,
for instance, there may be interest in surveillance of use of a specific drug and potential
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toxic metabolite in a population. Alternatively, sample collection may consist of a baseline
pre-treatment sample, followed by samples collected during and possibly after dosing. The
samples collected and analyzed in toxicity studies are usually blood or urine, but can also
include feces, salvia, breath and tissue. Samples should be collected, stored, and prepared
according to standard operating procedures (SOPs) to minimize sample (and analyte)
degradation that can lead to experimental variance and false discovery, the latter of which
may obscure true biological variance. This preanalytical precision can begin by taking a
structured approach to addressing the three major domains where experimental variance is
typically introduced: (a) patient/participant, (b) physician/clinician, and (c) laboratory. Each
domain has multiple potential contributors to preanalytical variance for which methodical
controls must be established. Those elements that cannot be controlled should be annotated,
so that they can be modeled if necessary. The next step in the workflow is data acquisition,
and many laboratories use non-targeted (global profiling) methods of nuclear magnetic
resonance (NMR) spectroscopy or mass spectrometry (MS) to collect the data. Alternatively,
targeted metabolic profiling is used when pre-selected chemical classes (e.g., amino acids,
bile acids, steroids, or lipids) are evaluated. In either case, standards and quality control
measures are required during NMR, LC/MS, or GC/MS data acquisition. The third step is
bioinformatic data analyses of NMR or MS data that are used to build models of patient
response to a drug or toxicant. Biostatistical methods are used when there is a need to test
specific hypotheses. After processing and normalizing the metabolomics data, unsupervised
methods such as Principal Component Analysis (PCA) can be used to look for general
patterns and outliers in the data. Supervised methods like partial least squares-discriminate
analysis (PLS-DA) and artificial neural networks (ANN) can be employed for further data
mining. These may be used to formulate a relationship between metabolomic data and
other data types including clinical chemistry, histopathology, imaging results and other
omics analyses. The application step generally involves some sort of pathway analysis for
biological interpretation and discovery of potential absorption, distribution, metabolism and
excretion (ADME), predictive or biomarkers of drug or toxicity response. In the use of
metabolomics for biomarker discovery, a subsequent study is needed to validate pathways or
biomarkers and test hypotheses. Once validated, these pathways or biomarkers can be used
in precision medicine.

Response to toxicants

Toxicity is a temporal process that follows the toxicokinetics. In most toxicity studies, the
subject is initially in homeostasis before being exposed to the toxicant. Once the toxicant
has been added to a system, it enters ADME (absorption, metabolism, distribution and
excretion) and the toxin or its reactive metabolites can cause cellular and organ damage via
interactions with biomolecules (i.e. proteins, DNA. RNA, lipids, and/or metabolites where
it causes a toxicological impact).3 We call this phase 1 of the response to the toxicant. In
phase 2, the toxicant initiates a cellular injury, where the cell can try to recover from the
injury before overt injury signals occur. If that happens there is adaptation and recovery
towards homeostasis. When this happens perturbations in biochemical pathways that are
altered without observable injury could be associated mechanisms associated with protection
such as glutathione depletion for toxicants that cause production of reactive oxygen species
(ROS). If recovery does not occur, phase 3 is organ injury where clinical chemistry
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biomarkers such as alanine aminotransferase (ALT) for liver toxicity and histopathology are
observed. If the organ can repair and protect itself from dysfunction, recovery and adaptation
towards healthy homeostatic status can occur. Phase 4 is organ failure for which biomarkers
of organ failure and organ recovery from organ injury are needed.

Metabolomics Sample Collection and at Different Phases of Toxicity

Blood or urine samples can be collected from all four phases of the toxicity response of a
subject.? The predose sample can be used to discover biomarkers of susceptibility/risk and
prediction of pharmacokinetics. Predose samples can act as personalized control samples.

In a longitudinal study, one can collect and analyze samples from all 4 phases of toxicity
depending on toxicokinetics and when samples are collected. Longitudinal samples offer the
opportunity for personalized medicine by being able to track patient response to therapies in
real time. Analysis of phase | samples provide information and biomarkers associated with
ADME processes. Analysis of phase 2 samples provide information before organ injury,
protection processes and early predictive biomarkers of toxicity. Samples from phase 3

are related to organ Injury and can be compared to clinical chemistry and histopathology
biomarkers. Analysis of phase 4 samples provide biomarkers associated with organ failure
and recovery from organ failure.

Translational Metabolic Networks

Mechanistic models can help to translate experimental findings between species.® Large
amounts of data are routinely collected during the experimental process of multi-scale
omics studies (metabolomics, transcriptomics, proteomics, fluxomics, etc.). In the context
of toxicology, experimental data can be combined with mechanistic models to better
understand both the response to a compound and the potential species-specific responses.
Because mechanistic models serve as a collection of what we know about the underlying
biology for species, these models can help interpret the complex changes and provide
mechanistic hypotheses for observed changes in diverse data types. For example, a recently
published review highlights the utility of large data sets, such as transcriptomics, coupled
with mechanistic models to yield unique insights into species-specific differences.® This
coupling aids in the formation of hypotheses that can begin to illuminate the differences seen
between rat and human responses to various compounds.

One type of mechanistic model that can be used to yield insight into mechanistic differences
between species are genome-scale metabolic network reconstructions (GENRES), which are
mathematical representations of a species’ metabolic reactions.® These models provide a
mechanistic representation of metabolism through stoichiometrically balanced reactions and
gene-protein-reaction rules governing each metabolic reaction, allowing for the integration
of different types of data. For example, transcriptomics and metabolomics data can be
integrated with GENRES to generate mechanistic predictions for experimentally observed
differences between species.
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GENREs Connect Genotype to Phenotype through Metabolic Reactions and Gene Protein
Reaction Rules

Genome-scale metabolic network reconstruction (GENRE) connects the genotype to the
phenotype through metabolic reactions and gene protein reaction rules.5” These models
represent the known metabolic reactions of an organism, the metabolites that are converted
in those reactions, and the enzymes that catalyze each of these reactions into a mathematical
matrix. For example, central carbon metabolism can be used to build a simplified GENRE
by representing ATP and glycolysis as shown in Figure 2. The upper middle panel shows

a simplified schematic breakdown of glucose to ATP, including glycolysis, the tricarboxylic
acid cycle, and the electron transport chain. The resulting mathematical matrix is shown at
the bottom of the figure, where each column represents a reaction and each row represents
a metabolite in the network. Models capture metabolic reactions in cellular compartments
such as in the cytosol ‘[c]” or the within the mitochondria ‘[m].” The values within the
matrix are indicative of whether the metabolite is being consumed (negative, blue) or
produced (positive, red). Overall, constraints can be applied to specific genes, proteins,
metabolic reactions, and metabolites of glycolysis, such as ATP production, or protein
synthesis, to generate context-specific predictions (lower middle panel).6

Paired Models of Human and Rat Metabolism

Given that rats are commonly used as a surrogate for humans in toxicity studies, we have
previously published paired GENREs of human and rat metabolism to allow for species-
specific comparisons. To our knowledge, these models represent the first attempt to allow
for systems-level metabolic comparisons between rats and humans. As discussed above,
GENREs allow for comparisons to be made by integrating context-specific data, such as
cells exposed to a variety of compounds /n vitro. Using these models, the context-specific
data can be integrated and generate context specific predictions for how different species
respond.’

The Models Capture Known Functional Differences between rats and Humans

In the process of building these models, it was necessary to incorporate species-specific
metabolism, which allowed these models to capture known functional differences between
rats and humans, such as differences in vitamin C metabolism, purine metabolism, and sialic
acid metabolism. Some metabolic reactions occur only in humans while others occur only in
rats. For example, humans do not have the Gu/o gene, a gene that is necessary to catalyze
the last step of vitamin C synthesis, making vitamin C an essential nutrient for humans.
Rats, on the other hand, do have this gene and are able to synthesize vitamin C. This makes
rats immune to developing scurvy, while humans can develop scurvy within insufficient
dietary vitamin C.

Another example of species-specific metabolism is in the purine degradation pathway,

in which inosine and urate are broken down into allantoin. Rats can degrade urate into
allantoin which makes rats resistant to the development of Gout. Humans, on the other
hand, are unable to metabolize urate, leading to the accumulation of urate and an increased
susceptibility to Gout.
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Similarly, the model captures species-specific differences in the synthesis of sialic acid. Both
rats and humans are able to produce Neu5Ac, but humans cannot synthesize Neu5Gc due to
the lack of Crmah gene.’

Models Allow for Integration of Data to Predict Differences between Species

Although these models were developed in parallel, each model still retains species-specific
metabolism through not only unique metabolic reactions but also unique gene-protein
reactions for each species. The complex relationships between genes and their metabolic
reactions were matched between species by using homologous genes, thus, capturing known
differences in the number and type of enzymes that catalyze each metabolic reaction.

These paired models can then be used to integrate species-specific data for cells exposed

to a variety of compounds /n vitro, capturing both known differences in metabolism and
differences in gene expression Further, the Japanese Toxicogenomic database has species-
specific transcriptomic data for approximately 70 compounds which can be integrated with
each species-specific model to make predictions for metabolites produced each network.”

Model Predictions Can be Validated Using Targeted Metabolomics Data

By using the Transcriptionally Inferred Metabolic Biomarker Response (TIMBR)
algorithm,” species-specific data can be integrated with the GENRESs to make context-
specific predictions. This algorithm integrates transcriptomics data as weights on each
reaction in the network and then solves for the most likely pathway that produces

each metabolite in the network based on the transcriptomics data. These pathways are
summarized into production scores. Based on the scores, comparisons between treated and
control conditions can be used to identify metabolites with either higher or lower scores
when compared to a control model.

For example, TIMBR can be used to integrate human-specific transcriptomics data with
the human metabolic network (7Hsa) to make context specific predictions (Fig. 3). In this
example, metabolite production scores in response to two structurally similar compounds,
theophylline (y-axis) and caffeine (x-axis), are compared. Integration of the species-specific
data with the species-specific model allows for these computational predictions. The

graph shows us that human cells in vitro respond differently to theophylline and caffeine,
despite their structural similarities. In rats, similar responses are seen for both compounds,
which is demonstrated by the high R2 value as shown in Figure 3.7 Finally, specific
metabolites can be selected to experimentally validate the computational predictions using
targeted metabolite assays. The metabolites glucose and urea, which were predicted to be
differentially produced between rats and humans using the presented model and algorithm,
were chosen for validation.

It is important to note the layers of complexity that these models can help interpret.

First, there are differences in the transcriptomic data. It is well known that differentially
expressed genes cannot directly be translated to another species using homologous genes.
Second, the complex relationships between changes in gene expression and metabolic
function can be captured using GENREs and the presented TIMBR algorithm.” These
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approaches were extended to both the liver and kidneys using experimentally collected data
on acetaminophen.6:8

Translational Metabolite Biomarkers of Acetaminophen-induced Acute
Liver Injury

Acetaminophen (N-acetyl-para-aminophenol, paracetamol, APAP) is a non-steroidal anti-
inflammatory drug (NSAID) because it inhibits cyclooxygenase (COX) pathways but it is
mechanistically different from most other NSAIDs in that it does not have anti-inflammatory
properties. At therapeutic levels, the safety profile of acetaminophen is good. However,

if taken in large amounts APAP can cause severe liver toxicity. In the United States,

APAP toxicity is the most common cause of liver transplantation and is the second most
common cause worldwide. Further, in 2004 acetaminophen toxicity was responsible for
56,000 emergency department visits, 2600 hospitalizations, and 500 deaths per year in the
United States.®

Acetaminophen Metabolism

Initially, acetaminophen (APAP) goes through phase 2 conjugations. Sulfation attaches

a sulfate group to the para hydroxyl group, creating APAP-sulfate. The sulfation phase
conjugation occurs at a frequency of approximately 25%. Similarly, APAP can undergo
glucuronidation, which replaces the hydrogen atom of the para-hydroxyl group with a
glucuronide moiety and creates APAP-glucuronide. APAP undergoes glucuronidation with a
frequency of 50-70%. Both, APAP-sulfate and APAP-glucuronide are excreted in the urine.
Alternatively, if these two pathways are saturated, APAP can go through phase 1 metabolism
via the enzymatic action of cytochrome P4502E1. This leads to the formation of the toxic
metabolite NAPQI. If NAPQI is not deactivated it can form covalent linkages with proteins
and other molecules known as APAP-adducts. NAPQI is deactivated through the action of
glutathione (GSH), which covalently bonds to NAPQI at carbon 3 of the benzene ring,
forming APAP-GSH. Further processing leads to the truncation and excretion of APAP-GSH
as APAP-N-Acetylcysteine (NAC).10

Acetaminophen Toxicity

APAP-induced toxicity causes oxidative stress, reactive oxygen species (ROS) production,
glutathione depletion, mitochondrial dysfunction, disruption of energy metabolism, liver
necrosis, and alters immune response. APAP overdose is frequently the cause of acute liver
failure in the U.S. and is associated with hepatic necrosis. Previous nonclinical reports have
illuminated the mechanisms behind acetaminophen toxicity. In 2003, Coen et al. reported
disruption of energy metabolism during APAP toxicity.11 Chen and colleagues utilized
LC/MS-based metabolomics to profile serum samples from control, APAP-treated wild-type
and Cyp2e-1 null mice. They observed the accumulation of long-chain acylcarnitines in the
serum of APAP-treated wild-type mice after APAP treatment, consistent with disruption of
fatty acid -oxidation in the mitochondria.12
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p-oxidation of Fatty Acids in the Mitochondria

Acylcarnitines are important biomolecules in B-oxidation and assessing overall
mitochondrial health. Initially, fatty acids are combined with CoA via fatty acid

synthetase creating acyl-CoA. In order to cross the outer mitochondrial membrane into

the intermembrane space, fatty acids must first be converted to acylcarnitine. This reaction
is catalyzed by carnitine-palmitoyl transferase | (CPT1). Acylcarnitine enters the inner
mitochondrial matrix through the action of CPT2. This step is followed by the conversion
of acylcarnitine to acyl-CoA via carnitine/acylcarnitine carrier (CAC). When acyl-CoA

has been transported to the inner mitochondrial matrix, B-oxidation can commence. If

the mitochondria are dysfunctional or injured, acylcarnitine accumulates in the blood.
Therefore, increased concentrations of acylcarnitines in circulation, due to the impairment of
the mitochondria, can be a biomarker of mitochondrial dysfunction and disruption in energy
metabolism.

PLS of Serum Acylcarnitines from Mice Dosed APAP

To highlight the relationship of several serum acylcarnitines following APAP dosing in
mice, Bhattacharyya and colleagues utilized a partial least squares regression model. The
data showed that long-chain acylcarnitines (i.e., palmitoyl-, oleoyl-, myristoyl-carnitine)
are increased at early timepoints and decreased at later timepoints after APAP dosing. In
contrast, glutathione and liver weight could be increased at late timepoints and decreased
at earlier timepoints. Overall, their data is indicative of these biomarkers being time- and
phase-dependent in APAP-induced toxicity.13

ALT and Serum Acylcarnitines Level Changes in APAP-Dosed Mice

Further exploration of the metabolic responses of several biomarkers of toxicity following
APAP administration in mice (200 mg/kg) reveal levels of alanine aminotransferase (ALT),
an indicator of hepatic injury, begin at lower concentrations and increase significantly
above control levels from 4-8 hours. From 8-48 hours, ALT concentrations began to return
to baseline levels. In contrast, APAP-adducts in serum increase quickly within the first
hour and remain significantly increased compared to controls through 1, 2, and 4 hours.
APAP-adduct concentrations begin decreasing after 4 hours, yet remain significantly higher
than controls through the entire 48-hour period. Acylcarnitines fall in between ALT and
APAP-adducts, slowly rising and reaching their max between 2—4 hours and returning to
their normal concentrations by 8 hours post-APAP administration.13

PLS-DA of APAP Overdose in Children

A Partial least squares discriminant analysis model was used to discern the relationship
between acylcarnitines, age, and gender by assessing toxicity status of APAP overdose

in children via LC/MS. In this study, there were three dose groups, the therapeutic dose,
control, and overdose groups. It was found that the area of the loadings associated with

the PLS of the overdose group corresponded to long-chain acylcarnitines (i.e., palmitoyl-,
oleoyl-, myristoyl-carnitine), age, and gender,14 which is consistent with previous preclinical
study.13
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Effects of N-acetylcysteine Treatment in Children

The clinical remedy for APAP overdose is N-acetylcysteine (NAC) treatment, which affects
the toxicity and dynamics. Bhattacharyya et al.1# assessed how the time to treatment with
NAC affected serum ALT and acylcarnitine levels. If NAC treatment was given before

24 hours after APAP overdose, the APAP-adducts, ALT, carnitine, acetyl, and long-chain
acylcarnitines have a time-to-max between 24 and 48 hours. Alternatively, if NAC treatment
is received after 24 hours, the maximum levels of these biomarkers in serum occurred over
amuch longer period and in several cases approached 5 days.4 This demonstrates how the
administration of NAC has a significant impact on the toxicity cascade of APAP.

Time Responses of Palmitoyl Carnitine vs ALT

Palmitoyl carnitine peaks before ALT peaks in rodents and humans when NAC treatment
is delayed. In mice, palmitoyl carnitine (shown in blue in Fig. 4a) increases to a maximum
concentration by 4 hours and falls below control levels by 8 hours. ALT (in red) reaches

its maximum concentration around 8 hours and returns to baseline by 48 hours. In rats
(Fig. 4b), palmitoyl carnitine peaks at 6 hours and returns to baseline by 72 hours. ALT
peaks at 24 hours and returns to baseline by 72 hours. In human APAP overdose, with late
NAC treatment, palmitoyl carnitine reaches its maximum concentration by 24 hours and
returns to normal around 72 hours. The maximum concentration of ALT occurs at 72 hours
before returning below the control levels by day 6. This data helps to establish a signature
for palmitoyl carnitine, initially rising quickly, then dropping below normal, and ultimately
recovering to normal levels. This palmitoyl carnitine signature is seen across species.10

Acylcarnitines Biomarker Conclusions

Several important findings have come out of this research on the responses of rodents and
humans to APAP overdose and NAC treatment. (1) Long chain acylcarnitines were increased
in rodents and children after APAP overdose, (2) NAC treatment before 24 hours after
APAP overdose had shorter time to peak acylcarnitine levels, and (3) increased long chain
acylcarnitines, that remain in circulation for a short period of time, are early indicators of
reduced p-oxidation and mitochondrial dysfunction.

Previous Reports of Bile Acids in APAP Overdose

Previously reported findings on bile acids have demonstrated their importance as biomarkers
of APAP toxicity. Bile acids are metabolized from cholesterol and are involved in

many processes in the liver and gastrointestinal tract including maintenance of energy
homeostasis, activation of nuclear receptors and cell signaling pathways, cell proliferation
and inflammation.16:17 In the 1970s, total bile acids were discovered to be altered in APAP
toxicity in the clinical setting. At the time, total bile acid levels were found to be below the
sensitivity of available clinical measurement.18-20 Since then, bile acids have been reported
as biomarkers of liver injury in many rodent and human clinical studies.?1-23

Bile Acids in SD Rat APAP Study

Using Sprague-Dawley rats given a low dose of 100 mg APAP/kg body weight or a high
dose of 1250 mg APAP/kg body weight and data from three different MS methods, Sun et
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al. analyzed the transcriptomic and specific bile acid profiles that participate in the metabolic
pathway of bile acids in response to APAP drug-induced hepatotoxicity. Data from all

three techniques showed the serum concentration of cholic acid was decreased at 6 hours,
significantly elevated at 24 hours, and decreased slightly from its concentration at 24 hours
but remained elevated at 72 hours. Deoxycholic acid was only measured by two of the MS
methods and showed a similar pattern with a decrease at 6 hours and a significant increase

at 24 hours. Glycocholic acid was also significantly elevated at 24 hours across the three MS
methods. Increases in levels of bile acids along with bile acid transporter genes, Mdrand
Mrp, are consistent with damage-initiated secretion of bile acids.1®

Mean Data for Peak ALT and Bile Acids by Therapeutic Group

In a study comparing APAP-adducts and bile acids in children and adolescents with APAP
toxicity, James et al. performed three-way and pairwise comparisons of peak serum ALT,
APAP-adducts, and bile acid concentrations of the therapeutic exposure group, the healthy
control group, and the overdose group. Peak ALT differed significantly between the three
groups (p = 0.003). There was a greater difference seen between the therapeutic dose and the
overdose groups (p = 0.003) than between the therapeutic group and the control (p = 0.001).
The authors noted that peak ALT for the overdose group was not higher than it was for the
therapeutic group, which was likely attributable to a large number of patients in the overdose
group receiving NAC treatment before developing toxicity.

Utilizing the three-way comparison, significant differences for serum bile acid levels were
found for six of the nine bile acids. The largest difference in bile acids between groups was
found for the overdose group compared to the healthy control group, shown by the pairwise
comparison. When comparing the overdose group to the healthy group, taurodeoxycholic
acid (TDC), glycodeoxycholic acid (GDCA), and glycochenodeoxycholic acid (GCDCA)
were elevated and taurocholic acid (TCA) and cholic acid (CA) were lower than controls.
Alternatively, when the overdose group was compared to the therapeutic group, only
chenodeoxycholic acid (CDCA) was significantly higher and TCA and glycocholic acid
(GCA\) were lower in the overdose group.24

Comparison of Time to APAP-adducts vs. Bile Acids

Next, James et al. compared the time to reach peak bile acid measurements as a function

of APAP protein adduct concentration. Liver injury is considered to be fairly severe at
concentrations of 1000 ALT 1U/I, which equates to approximately 1.0 nmol/mL APAP-
adducts. For patients with < 1.0 nmol/mL of APAP-adducts, the time to reach maximal peak
measures was shorter (2 days) compared to patients whose APAP-adducts were greater than
or equal to 1.0 nmol/mL (time to peak was around 4 days). Correlation analysis revealed
that the highest correlation among APAP-adducts and bile acids was for TDCA (R = 0.604;
p<0.001), GDCA (R = 0.581; p<0.001), and GCDCA (R = 0.571; p<0.001).24 Using ROC
analysis, James et al. found bile acid cut points that allow for the maximal sum of sensitivity
and specificity between patients with peak APAP-adducts either greater than or less than 1.0
nmol/mL. The TDCA cut point was 0.56 pM with an area under the curve of 0.92 and a
sensitivity/specificity of 0.89/0.84. The GDCA cut point was 2.37 UM with an area under the
curve of 0.80 and a sensitivity/specificity of 0.67/0.87.24
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Urine — Significant Urine Metabolites correlated to ALT and APAP Adducts

Using NMR and QToF-MS, Schnackenberg et al. found significant urine metabolites
correlated to ALT and APAP-induced hepatotoxicity. Early on, APAP-adducts are associated
with energy metabolism in the blood. This shows that the disruption of energy metabolism

in response to APAP-adducts occurs early. ALT is associated with more markers and may be
associated with the gastrointestinal system or possibly the urea cycle. The indoxyl marker is
significantly associated with both the ALT and APAP adduct markers. It has been suggested
by several groups that indoxyl sulfate is a biomarker of liver injury.2> The MetaboAnalyst
pathway analysis of urine metabolites revealed that liver injury is associated with energy and
oxidative stress pathways. Urine metabolomics in children with APAP overdose is consistent
with reports in non-clinical APAP urine studies that energy and oxidative stress pathways are
associated with injury.2

Precision Medicine Applications: Extracting Actionable Targets from
Untargeted Metabolomics Data Following One Year in Space

Humans entering the spaceflight environment present a complex set of health, safety, and
performance concerns. Current problems encountered in orbital space habitation include
space-associated neuro-ocular syndrome, jugular vein stasis, altered bone metabolism,
altered muscle metabolism, immune deficits, cognitive changes, and many other side effects.
Precision medicine approaches derived from understanding molecular complexity may
represent one way to address such concerns.

Translating Molecular Complexity into Actionable Countermeasures

The objective of precision medicine in spaceflight is to identify individual patterns of
variance, and with appropriate development, translate that molecular complexity into
actionable countermeasures for individual astronauts. This is accomplished via a progression
that attempts to 1) describe molecular patterns of variance, 2) describe features (analytes)
associated with that variance, 3) describe molecular pathways and network changes,

4) describe biological meaning, 5) identify potential actionable targets (assessment,
intervention), and 6) develop countermeasures (or generate new hypothesis for future
investigation).

The NASA Twins Study of one year in space was the first multi-scale omics study
conducted in space, which was intended to address a gap in our understanding of the
molecular dynamics of humans during prolonged space habitation. In this study, one
astronaut spent 340 days aboard the International Space Station (ISS), while his identical
twin (also an astronaut) remained on Earth. Multiple blood samples were collected (flight
=19; ground = 12) from both subjects beginning approximately 6 months prior to the
launch date, during the 340 days aboard the ISS, and 6 months after return. Longitudinal
assessments included the genome, epigenome, transcriptome, proteome, metabolome,
microbiome, and immunome.26
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Untargeted Metabolome Feature Selection: p-Cresol Trajectory after One Year in Space

From the untargeted metabolome data, we identified an elevation of the uremic toxin
p-cresol, which is produced by gut microbial fermentation of dietary tyrosine. In addition,
we examined some of the associated molecular networks. p-Cresol has adverse metabolic
effects via depletion of the hepatic sulfur pool, which impacts metabolism of drugs
(acetaminophen, levothyroxine, amoxicillin, morphine, hydrocortisone, etc.), endogenous
compounds (estrogens, androgens, catecholamines, bile acids, thyroid hormones, etc.), and
xenobiotics. We investigated the potential relevance of these findings to spaceflight) today
and in the future.26:27

A comprehensive pre-mission, in-flight, and post-flight analysis of p-cresol glucuronide and
p-cresol sulfate was performed (Fig. 5). We found that there are significant elevations in
p-cresol glucuronide and p-cresol sulfate concentrations during the first half of the one year
in space. Both measures neared control levels by flight day 180.

p-Cresol Origins, Metabolism, and Relevance to Drug Metabolism

p-Cresol is generated through a metabolic pathway in which dietary tyrosine is acted upon
by particular gut microbes (e.g., clostridium species) and converted into p-cresol. Once
p-cresol is created in the gut, it enters the liver and is converted to p-cresol glucuronide

and p-cresol sulfate. The relevance of p-cresol to drug metabolism is demonstrated via the
metabolic actions following oral APAP loading. The absorption of oral APAP takes place

in the small intestine. Once absorbed, APAP is metabolized in the following ways. It can
undergo processing via CYP450 2E1, as previously described, or it can undergo sulfonation
or glucuronidation.

A classic study conducted by Clayton et al. is instructive, as we work to understand the
potential importance of p-cresol production in space. They examined APAP-sulfate, APAP-
glucuronide, p-cresol sulfate conjugate, and p-cresol glucuronide conjugate following oral
loading of 1000 mg of APAP in humans. It was discovered that individuals with high pre-
dose urinary levels of p-cresol had lower post-dose urinary ratios of APAP-sulfate to APAP-
glucuronide.?8 These reduced levels of APAP-sulfate suggest that p-cresol competes with
APAP for the hepatic sulfur groups needed for sulfur conjugation. This further demonstrates
the importance of sulfur compounds for the safe metabolism of both p-cresol and APAP.
Therefore, adequate sulfur compounds must be made available through dietary sources to
replete the sulfur pool when p-cresol and APAP are concomitantly present.

Phase 1 and Phase Il Drug Metabolism: From General to Specific (General
Biotransformation of APAP)

In phase | drug metabolism, the drug undergoes enzymatic biotransformation to create
either electrophiles through oxidation, or nucleophiles through hydrolysis or reduction
reactions. The drug can be further metabolized via phase 1l enzymatic conjugation reactions.
For electrophilic drug metabolites, this phase 11 metabolism occurs though glutathione
conjugation that leads to a soluble excretion product. Nucleophilic intermediates can
undergo phase Il processes, such as sulfation, acetylation, and glucuronidation.
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As previously described, APAP can undergo oxidation through CYP450 2E1, generating
NAPQI as its primary product. This can lead to covalent adducts and liver injury. However,
phase Il metabolism leads to modification of NAPQI via glutathione conjugation, which
leads to the generation of the safe excretion product NAPQI-GSH. APAP metabolism may
also proceed through glucuronidation (UGT; UDP-glycosyltransferase) and conversion to
p-cresol sulfate through SULT (sulfotransferase).

Toxicological Concerns in the Spaceflight Environment

A critical feature of the p-cresol-APAP problem in space arises due to the competition of
the two metabolic pathways for sulfur groups. For example, when the sulfur pool is low

in the presence of APAP, this may lead to the generation of protein adducts, nucleic acid
adducts, cell apoptosis, cell necrosis, impaired oxidative phosphorylation, and liver injury.
Essentially, the increase in p-cresol that we observed in the space environment may increase
the susceptibility to APAP toxicity by reducing available hepatic sulfur.

In addition, metabolism of other drugs and endogenous metabolites may also become
compromised in the spaceflight environment. The extent to which elevated p-cresol in space
may reduce sulfur groups necessary for metabolism of endogenous compounds has not been
studied. Beyond this, p-cresol may produce notable physiologic effects independent of its
interaction or competition with drug or endogenous metabolite metabolism.2°

Countermeasure Considerations

It must be noted that using untargeted metabolome data from an N=2 study to discuss
spaceflight countermeasures related to p-cresol may seem premature. The natural approach
would be to use this signal from untargeted data to generate a new hypothesis, which could
then be followed up by using targeted methods on future space missions. While this is
clearly warranted, we must also understand that spaceflight does not easily provide sufficient
cohort numbers to render optimum decision support. Moreover, astronauts have pressing
needs to have matters that affect their health, safety, and performance addressed more
quickly than is easily achieved in some of the lengthy spaceflight mission architectures.

Given these limitations, it is useful to contemplate potential countermeasures that might
be considered for mission application and, further, where such applications might be
individualized, based on laboratory analytics (i.e., precision medicine). Several candidates
arise as potential countermeasures where precision medicine applications might be used
and where such measures could be employed in a pre-mission, in-mission, or post-mission
environment.

Among the primary considerations is ensuring the sulfur pool can adequately compensate
for the elevations in p-cresol resulting from any medication that may impact it. This might
be accomplished through the use of NAC, which is the clinical treatment for APAP toxicity,
as it quickly replenishes the sulfur pool. In addition to upregulation of the sulfur pool, NAC
also restores glutathione synthesis, allowing NAPQI to undergo glutathione conjugation
and be safely excreted following APAP ingestion.3% Administration of oral or intravenous
glutathione could potentially also be an effective pre-mission countermeasure.
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One mechanism by which elevated p-cresol levels can be effectively reduced is by limiting
its production, which can be accomplished through selective dietary modification. For
instance, dietary restriction of foods rich in tyrosine may reduce p-cresol levels, as tyrosine
is directly converted to p-cresol via microbes in the gut. However, dietary restriction of
tyrosine may present an entirely new set of problems in space, due to the effect that reduced
protein intake would have on muscle (e.g., leucing, isoleucine, valine), as well as further
reducing the intake of sulfur-containing amino acids (e.g., methionine). Additional methods
of madification of p-cresol include probiotics and prebiotics (e.g., resistant starch), as these
have been shown to modify microbial populations that lead to reduced p-cresol production in
humans and animals.?’

Translational Framework Using High-Resolution Metabolomics for

Integrated Pharmacokinetics and Pharmacodynamics

Metabolome-wide Association study of anti-epileptic drug treatment during pregnancy

Use of metabolic changes associated with anti-epileptic drug use in pregnancy provides
examples of additional ways metabolomics can be used for precision medicine. The
integration of targeted and non-targeted pharmacokinetic and pharmacodynamic analysis
linked to specific external exposures can be utilized to develop outcome measures, such as
biomarkers of risk and health outcomes. Walker et al. used metabolome-wide association to
study anti-epileptic drug treatment during pregnancy. Women with epilepsy are especially
vulnerable during pregnancy and require continuous anti-epileptic drug treatment to avoid
injury to themselves and the developing embryo and fetus. However, the reality of prolonged
treatment of pregnant women with anti-epileptic drugs presents a risk to the fetus as well.
Understanding the drug-metabolome associations can be useful to improve drug selection
and dosing to maximize the benefits and minimize the risks. 3

MWAS study of lamotrigine

In this study, plasma blood samples were collected for pregnant women with epilepsy.
Of the samples collected, 39 samples were from women receiving Lamotrigine
monotherapy and 10 samples were collected from women receiving no treatment.

As can be seen in Figure 6A, there are a large number of mass spectral signals
significantly associated with lamotrigine dose measured values in plasma. Hierarchical
cluster analysis effectively separates individuals taking lamotrigine monotherapy from
individuals who were not receiving any treatment (Fig. 6B). Metabolic associations show
very significant associations with lamotrigine metabolites, as well as a variety of other
significant metabolic associations.3! Although correlations do not establish causation,
observed metabolic pathway associations with antiepilepsy drugs are supported by prior
clinical research and animal model studies for changes in neurosteroids (progesterone
and 3p-androstanediol), metabolites related to neurotransmitters (tyrosine, tryptophan,
biopterin), folate metabolism [5-methyltetrahydrofolate (5-MTHF) and tetrahydrofolate
(THF)], and purine metabolism [inosine, uric acid, 1-(5-phospho-D-ribosyl)-5-amino-4-
imidazolecarboxylate, deoxyadenosine, deoxyguanosine 5’-triphosphate].
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Comparisons of Drug Responses can help guide therapeutics

Comparing responses of various similar drugs can help guide therapeutics. In this

same study, lamotrigine-associated pathways and levetiracetam-associated pathways were
compared. The results showed that some of the pathways are the same. However, it is

not currently understood whether this is good or bad because these shared pathways could
be indicators of common beneficial effects or common adverse effects. If a large enough
population has been studied and associations with adverse outcomes have been found, such
an approach may reveal associations with specific pathways. Therefore, discriminatory
pathways that differ between drugs can potentially be used for diagnostic methods to
identify adverse outcomes.3!

If the pathway effects are linked to birth defects, then metabolic patterns could be used

to adjust dose or switch therapies, possibly before or during pregnancy. When lamotrigine

is given as a therapeutic, folate metabolism and methionine salvage pathways are altered

in a dose-dependent manner. When levetiracetam is given, it alters butyrate lipoate and
mevalonate metabolism. Although this type of analysis has not yet been developed for any
therapeutic applications, understanding the metabolic effects associated with drug responses
can help guide their therapeutic approach.3!

Lowest hanging fruit for precision therapeutics involves dose optimization

Dose optimization is an essential aspect involved in precision therapeutics. This principle

is illustrated by an in vitro cell study in which cells in culture were exposed to increasing
manganese doses from a physiologically important range up through a toxic range. Results
showed that adaptive responses were separated from toxic responses in a variety of different
ways. By measuring cell death several days after treatment, we were able to show that early
metabolic changes could be used to classify toxicity based on subsequent cell death as an
outcome. By using an interaction of the metabolome and transcriptome, clear separation of
adaptive and toxic responses was obtained. Therefore, from a basic scientific standpoint, it is
appropriate to apply this type of approach at the human level to separate adaptive metabolic
responses from toxic metabolic responses. Furthermore, once the pathways are defined, this
creates additional levels of understanding. It is possible to use this approach starting in
pre-treatment and increasing the dose, then taking sequential measurements of the individual
to determine which dose is producing the desired metabolic outcome. In parallel, sequential
measurements will show at which doses adverse metabolic responses begin to occur.32

Mechanistic links through integrated omics

This integrated omics approach can be extended to include redox proteomics along with
metabolomics and transcriptomics and further separate physiologic network responses
from toxicological network responses. In an SH-SY5Y cell culture study, transcriptomic,
metabolomic, and redox proteomic measurements were taken to assess the differences
between the physiologic network responses and the toxicological network responses

in mitochondria. Cells were incubated for 5 hours at physiological manganese (Mn)
concentrations (<10 pM) or toxicological Mn concentrations (50 and 100 pM) and returned
to normal culture medium and measured again at 24 and 48 hours. Exposure to higher
concentrations of Mn resulted in higher cell death than physiological concentrations. The
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network structures at physiologic levels of Mn included > 280 metabolites and higher
numbers of transcripts as well as redox proteins. Cells exposed to toxicological Mn only
produced 80 metabolites and relatively few transcripts and redox proteins. This study
showed cells were able to adapt under physiologic Mn concentrations but toxicological
concentrations disrupted metabolic connectivity. Further detailed analysis of these network
structures provided insights into associated mechanisms and metabolic pathways. It is
evident that this multiscale omics approach could yield enhanced capabilities of evaluation
and provide beneficial mechanistic knowledge in human studies in response to interventions
and altered physiologic environments. 32-24

Combining metabolomics with other omics and phenotypic data to define dose
optimization, therapeutic need or adverse outcome

Further, the combination of omics and phenotypic data can help define dose optimization,
therapeutic need, or adverse outcomes. For example, in a study of microbiome-metabolome
interactions of human lung bronchoalveolar lavage (BAL) in healthy individuals with

HIV-1 infection, results showed that the healthy HIV-1 infected individuals had four main
hubs in the microbiome-metabolome interaction. These hubs included Staphylococcaceae,
Nocardiodaceae, Caulobacteraceae, and Streptococcus, the organisms commonly causing
opportunistic infection in this population. The results suggest that this untargeted data-driven
approach can be used to identify hubs, dose optimization, therapeutic needs and adverse
outcomes,3° thereby suggesting substantial potential for precision medicine.

Useful information may be obtained from G x M x E (2:16:35)

Additional useful information may be obtained from examining the Genome x Metabolome
x Exposome (G x M x E). The “exposome” includes the full range of daily exposures
encountered in an environment, such as drug dose e.g. (Fig. 7). External exposures

can be harmful exposures or beneficial therapeutic exposures. In a pilot study of US
Military Personnel with occupational exposures, results showed that combined genomic,
metabolomic, and external exposures were linked to health outcomes. Metabolome data
were combined with environmental exposures and ICD-9 codes (health data of military
personnel) using data-driven integration tools to identify central communities of interactions.
Dioxins were used as an environmental exposure, cotinine was used as a behavioral
measure (smoking), and benzo(a)pyrene diol epoxide (BPDE) was used as an occupational
exposure. Health outcomes included allergies, respiratory conditions, and cardiovascular
health. Results showed that with this approach, it becomes feasible to link exposures to
health outcomes and precision medicine. 36

Discussion/Conclusion

The examples shown here illustrate a broad range of success stories and the extensive
potential of metabolomics for precision medicine. The capability to translate toxicologic
studies across species and to mechanistically link differences to specific genetic variants is
critically important to advance the goals of precision medicine. Additionally, the ability

to scale research from individuals to populations and to compare metabolites across
biological sample types create important opportunities for new diagnostics and assessment
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of therapeutic efficacy. Metabolomics also allows us to query the complex biological
response to various occupational, environmental, or operating environments. Identification
of patterns of variance in these circumstances can provide insights into novel assessments,
prophylactics, treatments, or hypotheses for future study. Global untargeted metabolomics
has long-term potential for further development as part of routine healthcare for dose
optimization and therapeutic follow-up to simultaneously measure pharmacokinetics,
pharmacodynamics and potential adverse responses. Together these examples demonstrate
that metabolomics is emerging as a truly translational tool for precision medicine.
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General Metabolomics Flow. A) Scheme of the four phases of responses to drug/toxicants
exposure in a system.3 B) Metabolomics samples collection pre dose and longitudinal
samples post dosing that relate to the 4 phases of responses to a toxicant show in panel A.2
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A Genome-scale Metabolic Network Reconstruction (GENRE)
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Figure 2.
Genome-scale Metabolic Network Reconstruction (GENRE).87 Transcriptomics can be

integrated with metabolic network reconstructions to turn off reactions which do not have
genes expressed or to constrain the amount of flux these reactions can carry based on
levels of transcription. Extracellular metabolomics data can be integrated as constraints on
metabolites that are brought into the network while intracellular metabolomics data can be
used to calculate thermodynamic constraints or place constraints on reactions that consume
or produce the metabolite.
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Model Predictions Can Be Validated Using Targeted Metabolomics Data
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Figure 3.
Model Predictions Can be Validated Using Targeted Metabolomics Data. Gene expression

data for human hepatocytes treated in vitro with either caffeine or theophylline were
integrated with iHsa or iRno to predict changes in the production of metabolites in

the network. Although these compounds are structurally similar, we see little correlation
between production of metabolites. We can validate select metabolite predictions using
metabolomics data and then compare species-specific responses (blue — human, red — rat) to
identify metabolites that are differentially produced.”).
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C) Human APAP overdose
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Acetaminophen Hepatotoxicity: Translational Time Response of Palmitoyl Carnitine vs
ALT. Plots showing time response of blood palmitoyl carnitine versus ALT in A) mice dosed
with 200 mg/kg;12 B) SD rats dosed with 1250 mg/kg APAP;1® C) human APAP overdose

patient,10.14
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e Flight

e Ground

Figure5.
NASA Twins Study: p-Cresol Glucuronide and Sulfate Trajectories. Measurements for

p-Cresol glucuronide, p-cresol sulfate, and total p-cresol from 180 days pre-launch (L),
in-mission flight days (FD), and 180 days post-mission (return to Earth, R) are shown.
In-flight p-cresol measurements (purple) are shown relative to ground control measurements
(green). The data shows that both measures, as well as total p-cresol, increased significantly
during the initial portion of the in-flight mission when compared to control measures on the
ground.
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Figure®6.
Metabolome-Wide Association Study (MWAS) of Lamotrigine. A) Manhattan plot of —log

p for m/z features associated with Lamotrigine therapy; B) Unsupervised hierarchical
clustering of m/z features from Manhattan plot clustered in both the metabolite and patient
dimensions; C) Both identified metabolites and unidentified m/z features associated with
Lamotrigine.3!
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Figure7.
Useful Information obtained from G x M x E for Precision Medicine. Genetics (G),

exposure (E) (environmental and direct exposure to diet and drugs) and metabolome
response (M) related to Precision Health outcomes.36 Composite illustration by DI Walker,
S Li and DP Jones used genetics image from Pixabay and exposures composite of

drugs (Tom Varco), smokestacks (Alfred Palmer), food (Peggy Greb, USDA); runners:
Mike Baird (http://www.flickr.com/photos/mikebaird/3539161615/) [CC BY2.0 (http://
creativecommons.org/licenses/by/2.0)], and Campylobacter jejuni (De Wood modified by
Chris Poole).
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