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COVID-19 STATEMENT

The Covid pandemic restrictions that came into place in March 2020 (second year of

my PhD studies) caused multiple disruptions to my planned PhD projects.

My original PhD plan comprised four projects, each to constitute a separate results
chapter of my thesis: 1) a multi-omics grouping study, 2) an analytical study/internship
with my industrial CASE partners, Thermo Fisher Scientific (San Jose, USA); 3)
metabolomics study; and 4) a human metabolic fate study. However, due to Covid-19
restrictions, my research plan was subsequently adapted by splitting the multi-omics
grouping project (study 1) conducted during the 1st year and beginning of my 2nd year
into two thesis chapters (now chapters 3 and 4, respectively). Chapter 4 (azo dye
ADME/TK) was implemented as a computational chapter to focus on more in-depth
analysis of existing datasets and minimise time lost due to the laboratory closure at the

University of Birmingham for six months.

Two planned analytical chemistry chapters (study 2, originally planned for summer
2020, and study 3) were not performed due to Covid-19 restrictions (including travel
restrictions to the USA) and the availability of laboratory time for data collection. The
planned (for approx. 6 months) human metabolic fate study with Fisher Thermo
Scientific (study 4, described in section 6.4 in chapter 6) was not conducted as my
industrial CASE partners unexpectedly withdrew from the project in 2022 due to post-
Covid implications. Consequently, the final research project was rescoped to account
for the lost time and utilise existing rat plasma samples from the US National

Toxicology Program project at Phenome Centre Birmingham (chapter 5). The



selection of samples and chemicals for this final project was driven largely by Covid-

19 practicalities and project timeline due to disruption to research.



ABSTRACT

Chemical use is highly dynamic and the chemical industry is projected to grow four-
fold over the next four decades, according to the Organisation for Economic Co-
operation and Development (OECD)!. However, complete toxicity data are often
lacking for many chemicals and their potential harmful impacts on human and
environmental health remain poorly characterised. It is widely recognised that
traditional toxicity testing methods are no longer fit for purpose to address the huge
backlog of untested substances worldwide. Therefore, there is a rapid demand for
novel mechanistic approaches to fill information gaps for more robust chemical safety
assessment. Among all omics, metabolomics is particularly well placed to address this
knowledge gap as it captures the dynamics of molecular perturbations in a biological

system, in response to xenobiotic exposure.

The overarching aim of this thesis was to develop and implement untargeted
metabolomics approaches suited for safety assessment of chemicals in regulatory
toxicology, exploring both toxicodynamics (TD; i.e. endogenous biochemistry) and
toxicokinetics (TK; primarily xenobiotic metabolism). Specifically, two applications of
toxicometabolomics were explored: 1) a regulatory scenario of chemical grouping for
subsequent read-across (G/RAX), and 2) characterisation of xenobiotic metabolism
through untargeted metabolomics. Firstly, a novel G/RAx workflow was developed to
conduct biology-based grouping of seven data-poor azo dyes, whereby mechanistic
multi-omics data (i.e. metabolic, lipid and transcriptional responses in Daphnia magna)
were considered along conventional in silico structure-based approaches. These

proof-of-principle investigations demonstrated the potential of metabolomics for more



robust chemical grouping to facilitate future toxicity prediction (i.e. read-across),

simultaneously addressing the relative lack of similar regulatory-relevant case studies.

Additionally, untargeted (specifically, nESI-DIMS and UHPLC-MS/MS) metabolomics,
principally designed to probe the endogenous toxicity responses, unravelled promising
insights into the metabolism of xenobiotics, thus demonstrating the ‘added value’ of
this approach. Specifically, the TK/ADME (absorption, distribution, metabolism,
elimination) information was successfully extracted from untargeted MS! nESI-DIMS
metabolomics datasets for the seven azo dyes from the multi-omics grouping study.
Building upon this work, untargeted UHPLC-MS/MS metabolomics was applied to
characterise ADME/TK properties of five industrial chemicals in rat plasma, revealing

rich biotransformation patterns for these xenobiotics.

Although further research is warranted to address the existing knowledge gaps (e.g.
annotation and identification of xenobiotic biotransformation products), this power to
simultaneously characterise TK and TD properties (all within a single
toxicometabolomics assay) holds a promising potential for deeper characterisation of
chemical toxicity (i.e. via discovery of mode(s) of action, MoAs), ultimately empowering

future chemical safety assessment.
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CHAPTER 1 - GENERAL INTRODUCTION

1.1 Challenges and opportunities in regulatory toxicology
and chemical safety science

Chemical pollution is a global problem affecting human and environmental health.
There are approximately 140,000 chemicals in commercial use in Europe alone®3. Until
recently the numbers of chemicals in production and use have been grossly
underestimated; an estimated 350,000 chemicals are registered worldwide, of which
approximately 14% are reported as ‘confidential’ and a further 20% are ‘ambiguously
described**. The chemical industry is projected to grow four-fold between 2018 and
2060, according to the Organisation for Economic Co-operation and Development
(OECD)!. This upward trend in chemical production is only set to accelerate in the
future due to the changing demographics of a globally rising human population,
technological development, and a general increase in consumption worldwide. The
intensification of human activities has resulted in many unregulated substances rapidly
‘emerging’ in the environment (termed as ‘contaminants of emerging concern’*®) due
to substantial growth in the number of newly synthesized compounds, recent advances
in analytical techniques allowing for lower limits of detection (LODs) and more efficient

monitoring programmes?®,

High-quality and scientifically robust toxicity data are often lacking for many
substances currently in use and their potential harmful impacts on human and

environmental health remain poorly understood. The EU REACH (Registration,



Evaluation, Authorisation and Restriction of Chemicals) regulation attempted to
improve the protection of human and environmental health in Europe by introducing a
risk-based chemical control programme and shifting the burden of proof to
demonstrate the safety of chemicals from public authorities to industry!’. However,
many registration dossiers are rejected by the European Chemicals Agency (ECHA)
due to insufficient quality. The REACH chemical database contains approximately 18%
of all substances used in Europe, resulting in a huge backlog of chemicals awaiting

safety reviews®®,

The current chemical landscape is highly dynamic, posing new human and
environmental health risks. This is in contrast with the lack of major methodological
advances in the field of traditional toxicology, whose experimental foundations date
back to 1920 and have not changed considerably over the past half-century®. A
transformative new vision of toxicity testing in the 21t century outlined by the US
National Research Council one and a half decades ago marks a significant paradigm
shift in modern toxicology?°. This vision is built around the notion of ‘toxicity pathways’,
originally defined as cellular response pathways that, when sufficiently perturbed by
exposure chemicals are expected to result in adverse health effects in a biological
system?!, However, my thesis goes one step beyond this original definition, i.e. a
molecular-level response pathway that can provide data on toxicological mechanisms
of action and adverse metabolic outcomes. Central to molecular mechanistic
toxicology is the concept of the adverse outcome pathway (AOP), i.e. a cascade of
causally linked molecular events across increasing levels of biological organisation.
The first step, a ‘molecular initiating event’ (MIES) is triggered by xenobiotic interaction

with a biological macromolecule (e.g such as receptor/ligand interaction). This is



followed by a series of measurable ‘key events’ (KEs) that occur from the cellular (e.g.
gene activation or altered cell signalling) through to the tissue and organ level (e.g.
disrupted homeostatis), leading to adverse outcomes (AOs), such as lethality or
reproductive impairment at the organism or population level??. The AOP framework is
a knowledge management system that facilitates the use of experimental data (i.e.
measurements of KEs) for regulatory purposes (‘apical endpoints’) to support

chemical safety assessment based on mechanistic reasoning?3.

Consequently, it is widely recognised that the traditional empirical toxicity testing
methods that are woefully reliant on treating animals with test substances and
observing adverse outcomes (or ‘apical endpoints’) are no longer fit for future scientific
and regulatory purposes due to their high cost, lack of mechanistic insights and ethical
considerations?#-26, Therefore, other ‘alternative’ and higher-throughput non-animal
testing approaches must be explored to address the huge backlog of untested
substances worldwide'31427 and to ensure a more robust chemical safety assessment.
One initiative aiming to address this challenge is the US ‘Toxicology in the 215t century’
or Tox21 Programme. It is a collaborative venture led by the US National Toxicology
Program (NTP) to further the field of mechanistic toxicology and improve the quality
and pace of toxicological assessment by implementing high-throughput screening
cellular bioassays and building the ToxCast/Tox21 database, which currently covers
>9000 environmental chemicals and can be used to inform chemical prioritisation and
toxicity prediction strategies®>?. Another example is the PrecisionTox project

(https://precisiontox.org/), which uses a suite of biomedical model organisms including

the ecotoxicological model species Daphnia, human cell lines and artificial intelligence


https://precisiontox.org/

(Al) to unravel molecular toxicity pathways shared among species to improve

confidence in chemical toxicity predictions.

Recent changes in chemical regulations worldwide drive the rapid demand for novel,
high-quality experimental data to fill information gaps relating to chemical safety and
exposure. This has spurred the active interest of the scientific community and
regulators in so-called new approach methodologies (NAMs) that also include high-
content multi-omics methods, such as metabolomics or transcriptomics?®3°, The
ongoing challenge remains how to facilitate the timely uptake of these ‘alternative’
approaches globally in toxicology and chemical safety science to protect human and
environmental health which is part of a continuous dialogue between regulators,

industry and academia®393%,

1.2 Introduction to metabolomics and its applications

Metabolomics is a powerful analytical approach aiming to reproducibly measure the
endogenous metabolome (i.e., the complement of metabolites) of low-molecular
weight molecules (typically, <1.5kDa) in complex biological samples (cells, tissues or
biofluids) to study molecular perturbations in response to environmental stress,
disease or toxicity®?33, The metabolome is time-dependent and highly dynamic. The

Human Metabome Database (HMDB Version 5.0; www.hmdb.ca), the world’s largest,

organism-specific metabolomic database currently contains 220,945 entries,
highlighting the complexity of metabolite measurements®*. Metabolites cover a broad
dynamic range (i.e. their concentrations span several orders of magnitude) and are

chemically very diverse (in terms of polarity, solubility, stability, pKa, charge, reactivity,


http://www.hmdb.ca/

etc.). Consequently, no single sample preparation protocol and analytical platform can
capture and measure the entire complement of the metabolome at once. Therefore,
multiple analytical techniques and methods are often utilised to maximise metabolite

coverage3°36,

Three types of metabolomics-based experiments can be conducted, depending on

specific research questions3237-39,

1. Untargeted (or ‘discovery-driven’), global large-scale hypothesis-generating
assays aim to provide unbiased semi-quantitative measurements of the global
metabolome in a biological sample without a priori knowledge of the
metabolome. Peak areas or relative (not absolute) concentrations are reported
for (typically, hundreds and up to low thousands of) metabolites detected when
applying multiple information-rich mass spectrometry platforms. The chemical
identities of metabolites are unknown prior to data acquisition and identification
is typically performed using full scan MS? and MS" fragmentation data collected
during the experiment. Untargeted metabolomics is a powerful approach for
biomarker discovery to reveal metabolites indicative of a particular disease or

toxicity phenotype38-40.

2. Targeted (or ‘hypothesis-driven’), typically hypothesis-testing (validation)
assays offer higher accuracy, sensitivity and selectivity compared to untargeted
metabolomics. This approach provides precise quantitative measurements of a
small subset of pre-defined specific biologically relevant metabolites (typically,

<50) whose chemical identities are known prior to data acquisition. Absolute



concentrations of metabolites are derived by the addition of isotopically labelled
internal standards or using the external standard calibration method with a
single calibration curve for each metabolite. Targeted metabolomics provides
targeted analytical validation of biomarkers required for the translation of

findings into clinical practice®.

3. Semi-targeted (hybrid) hypothesis generating or hypothesis-testing assays
represent an intermediate strategy between untargeted and targeted
approaches and offer a good compromise of metabolite coverage,
quantification, and identification*4'. This approach provides semi-quantitative
measurements of a selected subset of known, biologically important metabolites
(typically, hundreds are measured). Approximate metabolite concentrations are
defined by applying one calibration curve and internal standard to a class of

structurally similar metabolites or lipids.

Metabolic phenotyping experiments frequently apply both untargeted metabolic
profiling followed by targeted (or semi-targeted) approaches, whereby untargeted
biomarker discovery and identification precedes targeted validation and precise
guantification of the specific biomarkers identified from either the untargeted study or

hypothesis-driven from literature3.

The metabolome is most closely related to the functional phenotype of an organism
and, therefore, offers a unique opportunity to study the relationship between the
genotype and phenotype in response to genetic or environmental changes, utiltising

the systems biology approach*?. Recent technology advancements (e.g. HRAM mass



spectrometry) have paved the way for the increasing use of metabolomics in
mainstream biomedical applications, such as drug discovery, precision medicine*® and
human exposome studies. For example, metabolomics is now widely applied during
the early stages of drug discovery to identify drug candidate targets and elucidate their
mode of action (MoA)*. In clinical applications, metabolomics studies focus on the
discovery and quantification of diagnostic biomarkers of disease, such as
rheumatological conditions, neurological disorders or cardiovascular disease. In the
context of human exposome studies, metabolomic holds a promising potential in
unravelling the causal links between environmental exposure and human health4546,
The concept of human exposome describes the complex interactions of a biological
system with its environment defined as the sum of environmental exposures and

biomolecular responses to these exposures*’—,

One advantage of metabolomics, compared to other omics, is that the endogenous
metabolome is the most ‘downstream’ expression of biochemical pathways. Therefore,
it most closely represents the molecular phenotype of an organism’s genome in
response to disease or changes occurring in the environment, including chemical
exposure®®5L, As such, toxicological metabolomics (or toxicometabolomics), a subfield
of metabolomics, offers a unique opportunity to provide insights into toxicity
mechanisms and derive chemical modes of action (MoAs), discover new molecular
biomarkers and build toxicity prediction models for improved chemical safety

assessment 1952,

In the context of toxicological metabolomics, hypothesis-generating studies provide a

more holistic understanding of effects inducted by xenobiotic exposure in a biological



test system®3. Therefore, in this thesis, | explore the applications of untargeted
‘discovery-driven’ metabolomics assays to study both endogenous (biological effects)
and exogenous (xenobiotic metabolism) responses to chemical toxicity in two in vivo

model organisms: Daphnia magna (water flea) and Rattus (rat).

1.3 Environmental metabolomics

Environmental metabolomics (also sometimes termed xenometabolomics in literature)
can be considered a subdiscipline of metabolomics, which aims to characterise the
interactions of biological systems with their environment and aims to study the impact

of environmental stress and pollution on living organisms>4°°,

Regarded as the ‘end-point’ of omics cascade, metabolomics is the closest reflection
of the phenotype, making it a valuable tool in predictive toxicology, chemical risk
assessment and exposome studies®®. Environmental metabolomics has been widely
applied in the field of aquatic (eco)toxicology to gain insights into the mechanisms
associated with xenobiotic-induced perturbations in a range of sentinel model
organisms, including Daphnia magna®°, zebra fish (Danio rerio)®%61, microalgae
Chlamydomonas reinhardtii®?, green algae Raphidocelis subcapitata®® or marine
mussels Mytilus galloprovincialis and Mytilus edulis 645, Xenobiotic exposure results
in the detection of both the endometabolome (endogenous organism biochemistry) and
xenometabolome or exposome (exogenous xenobiotics) in biological systems®¢ and

both these dimensions of toxicity are of the focus of the thesis.



A significant contribution of the thesis to the field of environmental metabolomics is
made by investigating molecular acute toxicity responses in Daphnia magna, an

established model organism in aquatic toxicology (as described in chapter 3).

1.4 Applications of metabolomics in regulatory toxicology

The development of approaches enabling more accurate mechanism-based risk
assessment remains the key challenge of modern toxicology to address the paradigm
shift from purely observing ‘apical endpoints’ (or adverse outcomes, e.g. growth,
reproductive impairment) in a whole organism towards understanding modes of action
(MoAs) of new industrial chemicals and constructing adverse outcome pathways*+.
Hence, over recent years there has been a growing focus from regulatory scientists on
high-content and high-throughput omics technologies (i.e. transcriptomics,
metabolomics, proteomics, genomics, epigenomics) and their applications in the
context of the adverse outcome pathway (AOP) framework??2667 For instance, the
Organisation for Economic Cooperation and Development (OECD) actively promotes
the benefits of using state-of-the art omics approaches and their applications in
chemical safety evaluations which is reflected in the recently published comprehensive
guidance documents and the dedicated ‘Omics technologies in chemical testing’

website (https://www.oecd.org/chemicalsafety/testing/omics.htm)®8.69,

As the endogenous metabolome best reflects the molecular phenotype most
‘downstream’ from xenobiotic exposure, it follows that hazard (or adverse outcome)
and MoAs can likely be determined from the observable quantitative changes in

metabolite levels’®. Consequently, data-driven metabolomics is well placed to discover
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toxicological pathways and molecular initiating events (MIEs, defined as the initial
direct toxicant-induced chemical-biological interaction in a biological system) within
adverse outcome pathways (AOPs) and has the potential to emerge as a solution to
the global chemical safety crisis?267.1. The potential of NMR-based metabolomics was
previously successfully demonstrated for preclinical toxicological screening to predict
liver and kidney toxicity of candidate drugs based on >100 in vivo rodent studies as
part of the COMET (Consortium for Metabonomic Toxicology) project two decades

ago72,73.

The four main applications of metabolomics that could benefit regulatory toxicology
and advance safety assessment of industrial chemicals include: 1) chemical grouping
(or category formation) to enable biologically-driven read-across; 2) elucidating modes
of actions (MoAs) of chemicals and contributing to existing or identifying novel adverse
outcome pathways (AOPs) to better understand mechanisms of toxicity; 3) deriving
molecular points-of-departure (PODs) using the benchmark dosing approach (BMD)
and 4) improving knowledge of cross-species extrapolation of toxicity (or ‘biological
read-across’) through an understanding of mechanistic/pathway-based processes and
biological conservation between species®874-76 |n chapter 3 of this thesis, |
investigate how untargeted metabolomics (integrated with transcriptomics) can
support chemical grouping and read-cross of data-poor chemicals, which is perhaps

the most immediate application of this approach in the context of regulatory toxicology.

Another relatively unexplored area in regulatory toxicology is untargeted toxicokinetics
(TK) or the measurement of ADME (absorption, distribution, metabolic transformation

and elimination) properties (as a function of dose and time) as part of an untargeted
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toxicometabolomics study®. This approach offers promising insights into the
metabolism and metabolic fate of exposure chemicals in a biological system within the
same untargeted metabolomics measurements already used for the investigation of
toxicant-induced endogenous molecular responses®©66.77  Knowledge of ADME/TK
taken together with toxicodynamics has the potential to contribute to regulatory
toxicology applications by enhancing the understanding of chemical MoAs, supporting

chemical grouping and advancing cross-species extrapolation of toxicity3’8,

ADME/TK information could, in theory, be collected as part of a standard toxicological
study’®8. However, in vivo metabolic fate studies are often costly, technically
challenging and time-consuming. Therefore, in practice, they are rarely conducted
outside of pharmaceutical and agrochemical industries. Consequently, many industrial
chemicals lack ADME/TK data necessary for safety assessment which often relies on
purely theoretical in silico predicted biotransformation products®!. In this thesis, |
address this knowledge gap by investigating how untargeted metabolomics can be
applied to simultaneously study toxicodynamics and ADME/TK properties, without the

need for additional metabolism studies.

Despite being widely used in academic research, the implementation of metabolomics
in regulatory toxicology has been largely hindered by the relative lack of robust,
regulatory relevant case studies®3® combined with the lack of standardisation and
transparency in conducting and reporting metabolomics studies®. Additional
challenges are associated with validation and interpretation of datasets in the context
of risk assessment?62%67. Some of these challenges are being addressed by the

Metabolomics standaRds Initative in Toxicology (MERIT)3. The recently published

11



OECD Metabolomics Reporting Framework aims to provide best practice guidance on
conducting and reporting metabolomics studies, ultimately improving consistency and
transparency of these approaches which is vital for accelerating their regulatory uptake

and acceptance®?83,

1.5 Transcriptomics in (eco)toxicology and chemical risk
assessment

Transcriptomics (or gene expression profiling) is a study of the transcriptome, i.e. the
complete set of RNA transcripts (both coding and non-coding) within a biological
system®., The transcriptome (RNA) provides a ‘snapshot in time’ of all the genes
actively expressed in an organism (upregulated or downregulated) in response to
toxicity or reflective of an adverse outcome (e.g. induced by chemical exposure)®®.
Although this thesis is essentially devoted to the use of metabolomics as a NAM, multi-
omics data integration was achieved to explore the value of integrating metabolomics
and transcriptomics data streams for chemical grouping and read-across (introduced
in section 1.7). Therefore, for the purpose of the thesis, example transcriptomics

applications to (eco)toxicology are discussed below.

Toxicological investigations using transcriptomcs data (toxicogenomics) are highly
abundant. For instance, in vivo toxicogenomics data from rodent studies was
previously successfully utilised to derive modes of actions (MoAs) and points of
departure (PODSs), using benchmark modelling (BMD), for a well-studied carcinogen,
benzo(a)pyrene, demonstrating the value of this approach in supporting safety
assessment of data-poor chemicals in the absence of apical endpoints®. Another

study on uncoupling of oxidative phosphorylation (OXPOS) chemicals shows that
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MoA-specific gene expression profiles derived from in vitro cell assays can be used to
group these chemicals and can distinguish them from polar narcotics. Additionally this
study revealed that the same chemical can reveal multiple MoAs, thereby
complementing chemical classification based solely on structure®’. Recently,
Nakagawa et al. (2021) demonstrated the value of in vitro toxicogenomics for
elucidating MoA of chemicals for grouping and read-across of naphthalene and its

three analogues based on oxidative stress responses in rat primary hepatocytes®,

Lately, genome-wide investigations of the transcriptome based on whole-genome
sequencing (WGS) data have been replaced by lowered-cost “reduced-representation
transcriptomics” including platforms designed specifically for toxicogenomics (S1500+
platform designed by the Tox21 Working Group of the US National Toxicology
Program). A custom platform that contains probes of homologous Daphnia genes to
those of the human S1500+ is used for my investigations. This thesis builds upon the
earlier progress using gene expression data to explore the complementarity of both
data types (specifically, untargeted metabolomics integrated with targeted
transcriptomics) to optimally improve these two applications to benefit regulatory
toxicology in the context of chemical grouping and read-across case study on seven
dyes, as described in research chapter 3. This thesis is focused on utilising gene
expression data only in support of metabolomics under the notion of systems

toxicology.
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1.6 Daphnia magna as a model organism for
(eco)toxicology and chemical risk assessment

Daphnia magna (or water flea) is a well characterised freshwater sentinel species
indicative of environmental stress. Due to their short lifecycle, high fecundity and
parthenogenic reproduction (i.e. asexual production of genetically identical female
offspring, thereby reducing confounding biological variability) and ease of culturing
water fleas are particularly well suited for laboratory-controlled experiments of

environmental stress and chemical exposure-9°,

D. magna a long-established model organism in aquatic toxicity testing and one of the
recommended OECD test species (alongside algae and fish) utilised in widely
employed toxicity assays, such as the OECD Test No. 202: Daphnia sp., acute
immobilisation test®* and the OECD Test No. 211: Daphnia magna Reproduction
Test%2. More recently, the significance of Daphnia ssp. in ecotoxicology and chemical
risk assessment was consolidated by the mapping of the ecoresponsive genomes of
D. pulex * and D. magna®*. Noteworthily, Daphnia genome consists of 30,907 genes
the majority of which are shared with humans further highlighting the relevance of this
species to human toxicology®s. In addition, the Daphnia genus is recognised as a
model organism for basic biomedical research (i.e. human health) in the US National
Institute of Health (NIH)%. Finally, Daphnia is an invertebrate species and therefore
falls outside of current testing regulations which allows compatibility with the 3Rs
principles (the replacement, reduction and refinement of animal research) and
supports the underlying goal of REACH to minimise animal use in chemical risk

assessment?°.

14



Daphnia magna is a major focus of this thesis and was selected as a model organism
for the azo dye grouping study presented in chapter 3. In addition, Daphnia

biotransformation capabilities of azo dyes were discussed in chapter 4.

Rattus (rat) is an important model species in traditional toxicology studies (such as
drug metabolism and pharmacodynamic studies; both acute and (sub)chronic studies)
to predict human health toxicity outcomes®®. It is also widely utilised in OECD toxicity
assays for testing new industrial chemicals, including OECD Test No. 407: Repeated-
dose 28-day oral toxicity study in rodents®” and Test No. 408: Repeated-dose 90-day

oral toxicity study in rodents®,

The selection of the model species for the work presented in chapter 5 was dictated
purely by Covid-19 practicalities (as explained in Covid-19 Statement). The existing rat
plasma samples from the US National Toxicology Program (NTP) primarily designed
to study the endogenous metabolism in response to five industrial chemicals were
utilised to simultaneously characterise xenobiotic metabolism within the same toxicity

assay.

1.7 Chemical grouping and read-across for inferring the
toxicity of data-poor chemicals

Grouping and read-across (G/RAX) is one of the approaches frequently applied in
regulatory toxicology for data gap filling. The first step is to group (or form categories)
of substances to formulate the original ‘grouping hypothesis’. This is followed by gap-
filing or ‘reading across’ the known endpoint toxicity from an analogous (tested)
‘source’ substance to an unknown (untested) ‘target’ substance(s) within the same

group/category®>2°, Figure 1.1 illustrates the grouping and read-across concept.
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Figure 1.1 Grouping and read-across approach used to predict the toxicity of untested, data-
poor chemicals under the ECHA’s Read-across Framework (RAAF; ECHA, 2017). The first
step is grouping chemicals to generate the initial grouping hypothesis based on similarity of
chemical structure and / or responses . This is followed by ‘reading-across’ toxicity for a given

endpoint to another group member.

The traditional grouping and read-across approach heavily relies on chemical similarity
(and related physicochemical properties) for toxicity prediction of data-poor chemicals,
hypothesising that structurally similar substances will induce a similar toxicological
response. This assumption is inherently flawed and does not consider the complex
nature of toxicity mechanisms®®-192. One example of two structurally-related
chemicals that induce completely different toxicological effects are 2-
acetylaminofluorene (2-AAF) and 4-acetylaminofluorene (4-AAF), where by 2-AAF is
a liver carcinogen and 4-AAF is non-carcinogenic®. Various software tools have been
developed to date to facilitate grouping approaches and associated gap filling. For

example, the ECHA OECD Toolbox (https://www.oecd.org/chemicalsafety/risk-
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assessment/oecd-gsar-toolbox.htm) is considered the most comprehensive (and most

advanced in terms of its functionality to address regulatory questions) read-across tool
currently available. It closely mimics the regulatory workflow and begins to incorporate
adverse outcome pathways (AOPS) into its structure?1%4 The workflow follows the
OECD grouping guidance®, whereby the chemical of interest is characterised using
predefined profiles linked to databases or inventories prior to collecting multiple
endpoint data. However, the mechanistic profilers in the Toolbox are often purely
theoretical in nature collections of in silico structural alerts, which have not been

supported by any relevant experimental data®?.

Grouping and read-across (G/RAX) have been used to predict at least one toxicological
endpoint (ecotoxological or higher tier human) in up to 75% of chemical registration
dossiers submitted to the European Chemicals Agency (ECHA) %106 Extensive
guidance documents and frameworks exist to support constructing and reporting
G/RAX cases, for instance, the OECD Guidance on Grouping of Chemicals®® and
ECHA’s Read-Across Assessment Framework (RAAF)%. The two key aspects of any
G/Rax argument are assessing similarity and conducting uncertainty analysis07:108,
The prerequisite for regulatory acceptance of a toxicological G/Rax prediction is
establishing and suitable justification of similarity (or dissimilarity) between the ‘source’
and ‘target’ substance(s) in terms of three broadly defined criteria 1)
structural/physicochemical similarity, 2) similar (bio)transformation (toxicokinetics,
metabolism and/or abiotic transformation processes), and 3) similarity in in vivo

toxicological responses and toxicodynamics within the group/category°7.
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However, while ECHA strongly advocates the applications of grouping and read-
across, it also rejects most read-across cases, largely due to a lack of scientific rigour
in defining the grouping hypothesis and insufficient supporting evidence to
demonstrate toxicokinetic and toxicodynamic similarities between compounds193.109,
Consequently, the general consensus in the scientific community is that the quality of
the grouping and read-across evaluation needs to improve to increase confidence in
category formation, ultimately leading to more accurate and biologically relevant

predictions of toxicity for data-poor chemicals3109.110,

Several studies demonstrated the value of metabolomics in supporting biologically
driven grouping and read-across. For instance, endogenous metabolomics responses
obtained during a 28-day rat toxicity test improved the quality of read-across conducted
on three phenoxy herbicides (MCPP, MCP and 2-4 DP), demonstrating the higher
applicability of biological data compared to the data related to chemical structure
alone!!! . Specifically, the authors concluded that the 90-day rat toxicity study on
MCPP (‘target’ substance) could be waived for 2-4-DP (‘source’) based on the
similarities identified for these chemicals from a 28-day metabolomics study. Another
proof-of-principle study by Sperber et al. (2019) concluded that mechanistic
metabolomics data (i.e. 274-biomarker panel derived from the rat metabolome) can
validate a read-across case for 3-aminopropanol and 2-aminoethanol, initially based
on structural similarity of these two compounds. In this approach metabolic patterns
associated with a specific MoA for the two chemicals of interest were compared against
a proprietary database (MetaMap® Tox library'!?) to identify an appropriate ‘source’
(2-aminoethanol) for subsequent read-across to the ‘target’ (3-aminopropanol),

demonstrating how metabolomic similarity can reduce inherent uncertainties
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associated with grouping based solely on structure!!3. Recently, the metabolomics
data obtained from a (14-day oral dosing) toxicity study in rats substantiated another
structure-based read-across case for >1200 ‘Unknown or Variable Composition,
complex reaction products or Biological materials’ (UVCBs)!!4. Over 60,000 metabolic
profiles and >120 specific metabolite patterns discovered in rat plasma were screened
against the BASF MetaMap® Tox library!?? as indicators for toxicological MoAs

(Conference presentation and abstract)!'4.

While the applications of metabolomics for G/RAX are gaining a steady momentum,
knowledge gaps remain on how to apply it in a regulatory context to predict toxicity of
many untested chemicals. One challenge is the relative lack of relevant proof-of
concept case studies demonstrating the potential of this approach for biologically-

based grouping, which is addressed by this thesis.

1.8 Untargeted mass spectrometry-based workflow

Mass spectrometry is an extensively used technology in the field of metabolomics,
owing to its excellent sensitivity and increased selectivity, combined with high-
throughput capabilities and relative depth of coverage in comparison with nuclear
magnetic resonance (NMR)!!5, As discussed in section 1.2, untargeted metabolomics
aims to profile the entire metabolome present in a biological sample and is a discovery-
driven approach that is particularly beneficial if there is no initial hypothesis (e.g.
derived from literature) for the study'®. In the context of toxicology and safety science,
untargeted metabolomics has the potential to discover toxicological MoAs or metabolic

key events in AOPs3. The sections below discuss the typical steps and considerations
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in an untargeted metabolomics workflow as the basis for improvements presented in

the thesis.

1.8.1 Experimental design, sample preparation, quality control (QC)
and quality assurance (QA)

Robust experimental design is a key contributing factor for a successful metabolomics
study. It enables addressing specific research questions by producing biologically
meaningful results, while reducing non-biological confounding factors or biases (i.e.
minimising analytical/technical variance) and therefore numbers of false positives. The
key components of an experimental design include: 1) sample considerations (e.g.
biological and technical replication, randomisation); 2) treatment and sampling (e.g.
selection of treatment groups, dose and time point selection, choice of sampling and
guenching methods); 3) sample preparation (e.g. appropriate sample storage and
pooling methods, selection of extraction protocols); 4) analytical workflow (e.g. choice
of a suitable analytical platform and method, QC strategies) and 5) data processing
and analysis (e.g. choice of univariate and multivariate statistical methods, parametric

or non-parametric tests). An example experimental workflow is shown in Figure 1.2.
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interpretation

Figure 1.2 Study design considerations and experimental workflow in untargeted nESI-DIMS

and LC-MS-based metabolomics (adapted and updated from Rodrigues et al.,2019?).

The appropriate level of replication is important to assess the biological variability
associated with subjects within a study as it can affect the downstream data analysis
and interpretation. The number of biological replicates selected for a study will be
determined by a biological system used. Studies based on carefully selected, well-
characterised cells or model organisms in controlled environments typically require a
lower level of replication compared to human subjects. The level of replication varies
from study to study but most metabolomics studies in eco(toxicology) using model
organisms typically report between six'1’ to eight>® replicates for Daphnia magna. Ten
biological replicates were previously included to allow for highly replicated omics-
driven discovery of molecular MoAs using algal toxicity testing®?. The general
recommendation is to include six replicates (n=6) per treatment group; however,

biological replicate number will depend on the specific scientific questions and
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statistical power calculations?1%68 The need for a higher level of biological (or
technical) replication can be determined by conducting a preliminary study to estimate
the variance associated with analytical or pre-analytical workflows used within the main
study®®. Technical replication allows an assessment of analytical variance, such as
sample preparation bias (i.e. any deviations in sample collection, storage or extraction
that can affect the measured analytes), sample complexity bias (the impact of mixture
effects in a sample on analyte measurements) or analytical bias (caused by changes
in analytical conditions during measurements or due to matrix effects i.e. enhancement

or suppression of ionisation) and should also be considered in experimental designt*e.

Randomisation (e.g. during toxicity exposures, sample collection, sample processing
and data acquisition) is important for making causal inferences and helps to eliminate
any uncontrolled factors which may vary over the course of the experiment. Various
strategies can be employed, such as complete randomisation (i.e. the order of all
samples is randomised across all treatment and control groups within a batch) or more
structured “blocking” randomisation. In this technique “block 1” is generated by
randomly selecting a sample from each biological class to ensure each treatment
group is proportionally represented. The process is subsequently repeated to generate
“block 27, “block 3”, “block n” until all samples are assigned to “blocks”. Both the order

of the samples within each block and the order of the “blocks” are randomised*®.

The choice of a sampling (harvesting) method and sample preparation method is often
dictated by the type of biological sample (e.g. biofluids, tissue or whole organisms) as
well as the analytical technique employed in the study. Crucially, sample handling and

processing should be minimal to limit metabolite loss while ensuring high
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reproducibility and yield of metabolites and lipids'?°. Sample preparation methods
include protein precipitation (performed by addition of organic solvents to biofluids, e.g.
plasma, serum or urine), liquid-liquid extractions and solid-phase extractions. Solvent-
based extraction methods (used for tissues, cells or whole organisms, e.g. Daphnia
magna) can be further divided into biphasic or mono-phasic metabolite extractions
using different organic solvent systems. Southam et al. (2021) compared various
solvent-based extraction methods and concluded that monophasic extractions offer at
least the same magnitude of detection responses as more time-consuming biphasic
methods, rendering them suitable for future sample processing automationt?t, For
Daphnia magna, typically biphasic extractions of metabolites and lipids are performed
on whole-organism homogenates, using the standard Bligh and Dyer or (modified or

unmodified) Matyash methods!?2.

Appropriate quality assurance (QA) and quality control (QC) strategies should also be
implemented at each step of the experimental workflow (from sample collection and
preparation through to data acquisition, and subsequent data processing and analysis)
to ensure integrity of the data, whilst limiting technical bias and confounding factors. In
terms of suitable QC strategies, the inclusion of up to four different types of QC
samples within an LC-MS-based metabolomics study is recommended by the
MEtabolomics standaRds Initiative in Toxicology (MERIT) and the Metabolomics
Quiality Assurance and Quality Control Consortium (mMQACC)337:123, These can include
the following: 1) intra-study (or pooled matrix) QC samples (used for the assessment
of analytical drift and technical variation); 2) intra- and 3) inter-laboratory QC samples
(used for the evaluation of data reproducibility within the same laboratory or across

laboratories); and 4) up to three types of blank samples, such as process (or extraction)
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blanks, system suitability (or solvent blanks) with standards, or solvent blanks (without
standard addition). The last two types of blanks are used to ensure optimal
performance of the analytical instrument prior to data acquisition, typically via multiple

injections of test samples at the beginning of an analytical sequence.

Other general good laboratory practices include the use of isotopically-labelled (or
other compounds that are not present in biological samples under study) internal
standards to assess data quality, use of technical replicates of experimental samples
(i.e repeat analysis using either ‘injection replicates’ or ‘extraction replicates’), run order
randomisation and balancing for high-throughput multi-batch analyses. Recommended
post-analysis quality management procedures involve ensuring the highest possible
quality of compound annotation or identification (MetID to MSI standards) and
conducting data quality reviews at regular intervals (e.g. using retention time window

tolerance to assess analytical data quality)*?3.

1.8.2 lonisation

Mass spectrometry detects mass-to-charge ratios (m/z values of ions) and can provide
both qualitative (structure) and quantitative (molecular mass or concentration)
information on the analyte molecules. The first step of the analysis is ionisation and

conversion of ions into the gas phase!?.

Electrospray ionisation (ESI) and atmospheric pressure ionisation (APCI) are the two
common ionisation methods of choice in LC-MS-based metabolomics. ESI and APCI
are considered soft ionisation techniques i.e. significantly fewer fragment ions are

produced in the source compared to the number of intact molecular ion species.
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In both methods ionisation takes place at atmospheric pressure and includes
nebulisation and desolvation, but the ionisation mechanism itself is very different. In
ESI protonation of the analyte occurs in the liquid phase and this method is more
suitable for semi-polar and polar, non-volatile molecules. The formation of charged
droplets is obtained by spraying the sample through an electrospray needle or nozzle
in a strong electric field. Solvent evaporation leads to droplet shrinkage until the surface
tension can no longer sustain the charge (the Rayleigh limit), fission occurs, and the
highly charged droplet disintegrates (via ‘Coulombic explosion’). This generates
smaller droplets that subsequently undergo the same process as well as naked
charged analyte molecules, which can be either singly or doubly charged. The
positively or negatively charged ions in the gas phase are subsequently sampled in a

skimmer cone and accelerated into the mass analyser'?4-126,

In APCI a protonated solvent molecule donates a proton to the analyte in the gas phase
and this method of ionisation is better suited for neutral or non-polar, volatile low
molecular weight analytes. While ESI is well suited for the analysis of the majority of
metabolites, APCI has been shown to be more effective in ionisation of weakly polar
and non-polar metabolites that do not ionise in solution'?’. ESI and APCI can be
considered complementary technigues to increase metabolite coverage in large-scale

untargeted metabolomics experiments!?¢,

A further advancement of electrospray ionisation technology, performed at lower flow
rates (typically, 200-1000 nL min 1) is nano-ESI. It delivers better ionisation efficiency,
higher sensitivity and reduced ion suppression and matrix effects compared to

conventional ESI due to producing smaller droplets?®12°, Chip-based nano-ESI
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technology has been implemented into a TriVersa NanoMate ion source (Advion) that
can be coupled with direct infusion mass spectrometry (DIMS) or LC-MS applications.
This chip-based nano-ESI technology enables high throughput analysis using low
sample volume (typically few pL), decreased carryover (a clean nano-ESI nozzle is
used per injection), better spray stability and reduced ion source contamination when

coupled with DIMS®10,

The third most common ionisation techniques used in mass spectrometry is
atmospheric pressure photoionisation (APPI). (Kauppila Syage, 2015, APPI). Analytes
amendable to APPI include metabolites not easily ionised by other two techniques (ESI
and APCI), e.g. non-polar molecules, weak acids and halogenated organic
compounds. For instance, APPI has been shown to outperform ESI and APCI in the
analysis of lipids resulting in higher sensitivity, better signal-to-noise (S/N) ratio and

cleaner mass spectra with less ion suppression?!s?,

Matrix-assisted laser desorption ionisaton (MALDI) and desorption ESI (DESI) are the
two techniques commonly applied in spatial metabolomics which utlises imaging mass
spectrometry (IMS) technology to probe the spatial distribution of metabolites within
tissues and organs'®2133, Compared to ESI, MALDI predominantly produces easier to
interpret singly charged ions (except for very high mass molecules), therefore allowing
simple molecular mass determinations for most compounds and is frequently used for
analysing macromolecules (e.g. proteins or nucleic acids) with less sample
consumption®134135 The main advantage of DESI imaging is that it can provide a
wealth of spatial information particularly on small molecule metabolites (e.g. lipids or

aminoacids) with minimum sample preparation required*26,
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1.8.3 Mass spectrometry analysis

As mentioned in the previous section, mass analysers used in mass spectrometry
measure mass-to-charge ratios (m/z) of ions. High-resolution accurate-mass mass
spectrometry (HRAM or HRMS) is characterised by high precision of these m/z
measurements. Mass accuracy (expressed in root-mean-square (RMS) ppm) is the
difference between measured and exact mass (i.e. based on elemental composition)
and requires high mass resolution to ensure that each peak corresponds to a single

elemental composition in a given experimental mass measurement®’.

Mass resolution and mass resolving power (often used interchangeably) are the two
terms used to characterise instrument and method related performance in HRAM mass
spectrometry3. Mass resolution in mass spectrometry describes the ability to
distinguish between two peaks of equal height and weight'3°. Mass resolving power is

used as a performance indicator of HRMS instruments (values > 10,000) using the “full
width at half maximum’ (FWHM) method, whereby mass (m) is divided by the peak
width at 50% of the maximum peak height in Orbitrap technology (50% m / Amsoq)°.

Mass resolving power depends on mass spectral signal-to-noise (S/N) values, specific

dynamic range, digital resolution, m/z ratio and isotopic fine structure!3’.

There are three main types of mass analysers applied in HRMS, namely time of flight
mass analysers (ToF), fourier transform ion cyclotrone resonance (FT-ICR) and

Orbitrap mass analysers.
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ToF mass spectrometers obtain the lower end of mass resolving power for HRMS (~40,
000 FWHM at 386 m/z), but their main advantage are faster scanning speeds (up to
50 Hz, i.e. 50 spectra per second), rendering them suitable for high speed analysis4L.
Both ICR and Orbitrap mass analysers use fourier transform (FT) to yield a spectrum
of ion cyclotron frequencies subsequently converted to m/z spectra. In ICR the ions
are confined and oscillated by a strong magnetic field in a Penning trap, whereas in an
Orbitrap the ions oscillate around a central electrode and in between two external
electrodes, whereby the frequency of axial oscillations depends on ion mass-to-charge

rations142,

Both types of mass analysers detect the image current as a function of time and the
resulting signal, called a free induction decay (FID) or transient, is converted by FT
from the time domain (frequency of oscillations) to the frequency domain followed by
mass calibration to yield m/z spectra of measured ions!*3. ICR outperforms any other
types of HRMS mass analysers and can achieve over 2,000,000 resolving power44145,
Orbitrap mass analysers offer high and ultra-high resolution, achieving a nominal
resolving power of up to 1,000,000 (at 200 m/z) and a sub £1 ppm mass accuracy, all
within a single benchtop instrument. This allows to discriminate and resolve analytes
of interest from interfering ions resulting in higher confidence in the determination of
elemental composition and, therefore, makes Orbitrap technology particularly suitable
for the analysis of endogenous metabolites, lipids, xenobiotics and related fragment

ions at low m/z ranges (<200 m/z)*46.

Orbitrap systems are well suited for untargeted metabolomics owing to their high mass

resolving power, the capability to provide accurate mass measurements and acquire
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full scan MS! data over a wide m/z range in a single scan. High-resolution MS" data
aids database annotations (e.g. using HMDB, MassBank) and can also improve
annotation attempts using in silico fragmentation tools (e.g. MetFrag, SIRIUS, MS-
FINDER) where no direct spectral match is available. Tandem MS (MS") capabilities
and interfacing with ion mobility technology further facilitate metabolite identification4’.
In addition, hyphenated techniques, such as connecting Orbitrap-based platforms to
ultra-high-performance liquid chromatography (UHPLC) or gas chromatography (GC)
have been shown to enhance separation of isobaric and isomeric molecular species,
allow high-throughput workflows!48, and increase sensitivity and metabolic

coveragel*°,

1.8.4 Data processing, statistical analysis and biological
interpretation

Untargeted metabolomics raw data files typically contain thousands of features of both
biological and non-biological origin (such as isotopes, adducts, dimers or neutral loss
fragments), including xenobiotic-related features and other artifact peaks resulting from
contamination or impurities. Therefore, complex and streamlined data processing
analysis and interpretation is required to achieve the following: 1) remove random
noise features and retain only high-quality metabolic features for statistical analyses
(termed peak picking and blank filtering), 2) correct for any systematic errors especially
in high throughput studies, such as instrumental ppm mass drift or batch effects (signal
drift and batch effect correction), 3) ensure that all samples within the dataset are

comparable, i.e. they mostly contain the same features (sample filtering)210.
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A typical metabolomics processing workflow is shown in Figure 1.3 and the steps in

the workflow are described in detail below.
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Figure 1.3 Metabolomics data processing and analysis workflow (adapted from Viant et al.
20193, and Chen et al., 2022%).
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i. Data pre-processing

The first step in data pre-processing (1) is peak picking (or peak detection) which
removes random noise features and retains features of interest determined by a
specified signal-to-noise ratio (typically, S/IN = 3). For nESI-DIMS, this step also
includes spectral-stitching i.e. merging a series of overlapping m/z SIM spectral

windows into a single spectrumé,

This is followed by alignment of m/z values to generate a peak intensity matrix and
ensure that a specific metabolite is accurately defined across all the samples. For LC-
MS data, retention time (RT) correction is performed to align m/z values and retention
times across all the samples, and subsequently group them by spectral peaks
corresponding to different isotopes and adduct species generated from the same

metabolite.

The resulting peak intensity matrix is subjected to two-step filtering. First, any artifact
peaks detected in process (extraction) blanks are excluded from the matrix (blank
filter). Secondly, only features of biological origin that are present in a defined
percentage of samples (typically, 80%) are retained (sample filter) to ensure optimal
sample filtering and reduce the number of features with missing values®. An additional

user-defined missing value sample filter (e.g. >50% threshold) removes from the matrix

ii.  Matrix processing

The next step in the workflow is matrix processing (2). The filtered peak intensity matrix
undergoes normalisation to account for any slight variations in concentration between

the samples originating from sample processing (e.g. measurement errors) or slight
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biomass differences. The ‘gold standard’ normalisation approach in metabolomics is
probabilistic quotient normalisation (PQN) which scales the feature intensity matrix to
the most probable dilution factor for each sample (PQN coefficient). Normalisation
coefficient is calculated as the median fold change of intensities between each
experimental sample and a representative pre-defined reference, typically a median
spectrum from pooled intra-study QC samples or all study samples'®l. Compared to
other normalisation methods, PQN preserves biological differences and prevents bias
from high intensity features that may dominate the mass spectra. Additional signal
intensity drift and batch effect correction step can also be applied to the dataset (using
QC samples) to assess and/or correct for any technical variation relating to intra-batch
signal drift and inter-batch effects for multiple-batch studies®**. The PQN-normalised
feature intensity matrix can now be subjected to univariate statistical analysis (3).
However, no missing value imputation (MVI), scaling or transformation are not

appropriate for univariate tests and can result in false positives!®2.

iii.  Additional matrix processing prior to multivariate statistical analysis

Three additional matrix processing (4) steps can be applied to render the data suitable
for subsequent multivariate statistical analysis (Figure 1.3), namely: missing value

imputation, transformation and scaling 8152,

Missing values arising from biological (e.g. features are not present in samples) or
technical reasons (e.g. values are below the LOD or missed during reprocessing) are
addressed as they can be problematic for multivariate statistical analysis and lead to
biased results or impact statistical power. Various methods can be used for handling

missing values, for instance by applying the mean (mean replacement method), or
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median (median replacement method) of intensities. The k-nearest neighbour (KNN)
imputation algorithm is considered the most robust approach used for approximating
missing metabolite abundances in DIMS*>® and LC-MS*%? datasets. The assumption
behind KNN for missing values is that samples with similar features have similar
intensity distributions across the entire dataset. A weighted average of pre-defined
(e.g. k=5, where k is the number of nearest neighbours considered) closest elements
(samples) is used to impute a unique missing intensity value for every metabolite

feature (in terms of m/z values) in specific samplest®?153,

Scaling is an optional step that may be performed (e.qg. for variables spanning different
ranges) using various methods, including autoscaling (standard deviation is used as
scaling factor) or Pareto scaling (square root of standard deviation is used as a scaling
factor) that can be influenced by outliers or extreme values. This step may be applied

to adjust fold change variations between metabolites®%154,

The PQN-normalised peak matrix is subsequently transformed to remove any
systematic bias (i.e. overestimation of small values and underestimation of large
values) and stabilise the measurement variance in the dataset by rescaling the data or
reducing batch effects, while preserving biological information*®®. For nESI-DIMS
variance-stabilising generalised (G-log) transformation is recommended, whereby the
transformation parameter A (lambda) is optimised using the pooled QC samples in the
dataset® The G-log transformation of metabolomics data is more suited for
measurement errors that are stable at low intensities and increases at higher intensity;

it also improves multivariate statistical analysis*®®.
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iv. Statistical analysis

Statistical analysis (3 and 5) is the next step in the untargeted metabolomics workflow.
Complementary univariate and multivariate methods are applied to metabolomics data
to reveal information pertaining to the biological problem studied. For univariate
methods only one variable is analysed at a time and correlations between metabolites
are not considered. Multivariate methods include all variables and consider
simultaneous relationships among these variables, revealing metabolites that

discriminate between different sample groups®157.158,

Univariate methods enable to identify significant changes in the metabolite
abundances between samples and they can be parametric (assuming a normal data
distribution) or non-parametric. If it is assumed that the data follows a normal
distribution, two-sample t-test (compares two groups of samples) or ANOVA
(compares multiple groups of normally distributed samples) may be applied. Non-
parametric tests, for example the Wilcoxon signed-rank test (for two sample groups)
and the Kruskal-Wallis Mood’s median test (for multiple groups) can be applied when
data is not normally distributed but they are generally less powerful (i.e. require a larger

sample size) than parametric tests!®8,

The overall aim of statistical analysis of metabolomics data is to reveal statistically
significant relationships between the measured metabolome and the observed effects,
free from observational bias. Due to the complexity and high-dimensional nature of
metabolomics datasets, univariate analyses with multiple testing corrections are
performed to reduce the number of false positives resulting from the measurements of

repeated variables (termed the multiple testing or multi comparisons problem). The
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Bonferroni and Benjamini-Hochberg methods are frequently applied to this end. The
Bonferroni correction is the simplest adjustment method (performed by multiplying the
raw p-values by the number of tests) but it is known to be overly conservative and may

lead to missing metabolites of potential interest*°.

An alternative and more powerful method was proposed by Benjamini and Hochberg,
19950, The Benjamini—Hochberg false-discovery rate (FDR) procedure controls the
number of false positives among the variables where a significant difference was found
in multiple hypothesis testing. For example, if 200 features are found to be significant
after FDR correction, then up to 5% of those could be false positive. Therefore, by
accepting a small proportion of false positives, enough significant features can be
reported. This is a less conservative p-value adjustment procedure well suited for
exploratory data analysis. In contrast, when applying the Boniferroni method in order
to keep the probability of false positives low, the number of false negatives is so high

that it leaves very few features to draw conclusions from?161.162,

Two multivariate statistical methods are typically applied in metabolomics: principal
component analysis (PCA) and partial least squares discriminant analysis (PLS-DA).
PCA is an unsupervised dimension-reduction method that ignores the class labels
(groups) of the samples and is used for explorative analysis (e.g., to assess data
reproducibility, identify outliers and visualise the variation in multi-variable datasets).
PLS-DA is a supervised method that fully considers the class labels. The first principal
component in PCA captures maximum variance in the original data, while in PLS-DA
captures maximum covariance between the original data and its labels. PLS-DA can

be used for dimension reduction, feature classification and feature selection in
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metabolomics studies!®3. However, as supervised methods are prone to overfitting
(e.g. as a result of assigning importance to ‘noise’ or irrelevant information within the
model), PLS-DA outcomes require validation to determine statistical significance of the
observed group separation'®4. This can be achieved by using e.g. double cross-
validation — a statistical method to evaluate the performance of the model, whereby
the data is divided into two subsets: the training dataset (used for model building and
model selection) and test dataset (used for model assessment). First, the model with
the lowest prediction errors is selected (validation set) and then then the predictive
performance of the model is evaluated. Another method is permutation testing, which
is used to determine the statistical significance of the model by rearranging the data in

multiple ways to estimate the sampling distribution6®.

In this thesis, both multivariate classification methods and FDR-corrected univariate

statistical methods were implemented.

The final step in the workflow (6) involves deriving biological knowledge from
metabolomics measurements by unravelling associations between metabolites and
the biological processes or observed adverse effects®. This step may be followed by
integrating metabolomics with another omics, such as transcriptomics, for more robust
characterisation of the complex nature of a biological system under study6.167 (7).
Biological interpretation of the results typically requires some level of feature
annotation or identification. Pathway enrichment analysis (PEA; also termed functional
enrichment analysis or overrepresentation analysis) is a knowledge-driven
bioinformatics approach that combines information from existing pathway databases

(e.g. KEGG, MetaCyc, the Ingenuity Pathway Analysis, MetaboAnalyst) with
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experimental findings to facilitate functional interpretation of metabolomics data, by

identifying important groups of metabolites (biological pathways)68169,

Pathway enrichment (or over-representation) analysis, commonly applied in
metabolomics and transcriptomics, seeks to determine if features (metabolites or
genes) from pre-defined sets (i.e. belonging to a specific pathway) are present more
than would be expected by chance (‘over-represented’) in a subset of the data in
question32168  Probability of observing significantly changing metabolites (for a
pathway of interest) is calculated applying Fisher’'s Exact test and a set of significantly
changing features is used to derive a smaller subset of perturbed biological pathways
and/or processes!’®, One limitation of this approach is that it is requires unambiguous
metabolite annotation. Any level of inaccuracy in metabolite annotation (e.g. 4%
metabolite ‘misidentification rate’ by molecular weight or formula) is likely to enhance
inherent biological ‘noise’ in the data and, therefore, result in simplifying or not
detecting significantly enriched pathways'%®171, An alternative approach is the

Mummichog algorithm (www.mummichog.org) which can be applied directly to

unannotated untargeted LC-MS metabolomics data to perform both pathway analysis
and network module analysis'’2. The algorithm uses a combined list of all possible
candidate metabolites detected in the dataset to search pathways and compute an
enrichment p-value for each candidate (or a combination), per pathway. The probability
of inferring correct pathways and metabolites is quantified by comparing the results

obtained for statistically significant features with random datal’2.
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1.8.5 Direct infusion mass spectrometry (DIMS) and ultra-high
performance liquid chromatography-mass spectrometry (UHPLC-
MS) in untargeted metabolomics

This thesis explores the applications of mass spectrometry-based untargeted
metabolomics in toxicology to probe endogenous (toxicodynamics) and exogenous
(toxicokinetics) responses to selected industrial chemicals. Specifically, two platforms
were applied: nano-electrospray direct infusion mass spectrometry (nESI-DIMS) and

ultra-high performance liquid chromatography-mass spectrometry (UHPLC-MS).

While nESI-DIMS offers excellent high-throughput capabilities combined with lower
sample biomass requirements, UHPLC-MS represents the ‘gold standard’ technique
in metabolite detection and identification, accounting for 80% of untargeted
metabolomics  experiments, according to the MetaboLights repository

(https://www.ebi.ac.uk/metabolights/)*’3. The strength of UHPLC-MS/MS lies in its

separation power of liquid chromatography combined with the multi-stage mass
analysis capability of Orbitrap-based HRMS. Depending on the analytes of interest,
reversed-phase (RP) chromatographic columns can be used for lipidomics assays
(e.g. C18 or C30 alkyl bonded stationary phases), while hydrophilic interaction
chromatography (HILC) is more suited for polar metabolomics assays and provides a
broad metabolome coverage including metabolite classes not typically analysed using
RP (e.g. amino acids, small organic acids)!’. HILIC and RP-based methods are
considered complementary as early eluting analytes in RP are usually well retained in
HILIC stationary phases. However, the latter often suffers from inferior separation
efficiency compared to RPLC-MS, poorer retention time reproducibility and requires

longer column equilibration times®174. Optimal separation of analytes can be achieved
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by the appropriate choice of a chromatographic column to increase LC selectivity and
the separation power of the HRMS instrument and, therefore, aid annotation or
identification of isobaric and isomeric species in untargeted metabolomics analysis.
For example, Jankevics et al. (2021) developed an improved data dependent
acquisition (DDA) approach, whereby only selected ions are fragmented based upon
their intensities in the full scan MS?* data'’®. This modified ‘scheduled MS/MS’ strategy
(using narrower m/z windows for different lipid classes) on an electrospray Q Exactive
Plus mass spectrometer coupled to C3o RP chromatography improved coverage and
identification of lipid species in complex matrices at highly reduced instrument time*76,
Another study demonstrated the capabilities of UHLPC-HRMS (on an electrospray
Vion travelling wave ion mobility, TWIMS-QToF mass spectrometer, with and without
ion chromatography, IC) for metabolite annotation, and also concluded that a novel
polymeric zwitterionic stationary phase (zHILIC) was complementary to RP and HILIC-
based applications with the highest metabolome coverage. A total of 338 metabolites
were annotated in human plasma, 109 of which were found to be uniquely detected by

ZHILCY",

The implementation of the spectral-stitching method (SIM-stitch nESI-DIMS)
significantly improved sensitivity and dynamic range of nESI-DIMS measurements
while maintaining high mass accuracy and accelerated sample throughput®%8. This
approach was successfully applied to probe the Daphnia magna metabolome following
21-day exposures to three chemicals (cadmium, 2,4-dinitrophenol or propranolol) and
resulted in the discovery of 49 early-response biomarkers predictive of reproductive
fitness®®, only 11 of which were also putatively annotated or identified. Another

example is the characterisation of the metabolic profiles of microalgae
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Chlamydomonas reinhardtii cultures in a novel algae-based toxicity testing assay with
chlorobenzene®?. Both studies demonstrated the capability of nESI-DIMS
metabolomics to discover toxicant-induced perturbations, highlighting the value of this
approach in chemical risk assessment (e.g. via providing molecular evidence indicative
of a chemical MoA). However, the main limitation remains metabolite annotation and
identification, which could be addressed, for example, by large-scale comprehensive
untargeted characterisation of model organism metabolomes (via a large suite of
bioanalytical and computational methods), such as the Deep Metabolome Annotation

(DMA) workflow for the Daphnia magna metabolome>8178,

The advantages and challenges associated with both analytical platforms are
summarised in Table 1.1 below. While both untargeted metabolomics approaches
have their merits, UHPLC-MS/MS experiments often collect orthogonal analytical data
(i.e. chromatographic retention time, full scan accurate m/z, isotopic pattern, MS"
fragmentation data) and therefore enhance confidence in metabolite and lipid

annotations, as described in the previous section.
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Table 1.1 Comparison of MS-based untargeted metabolomics platforms (based on Southam
et al., 20178 and Ren et al., 2018°).

Advantages

Challenges

nESI-
DIMS

High-throughput technique

High sensitivity

Low sample biomass required (1 mg
biomass or 5 pL)

Reduced ion suppression by
implementing nESI ion source and
SIM-stitching approach

No bias introduced by
chromatographic separation

Minimal analytical carryover due to
no chromatography

Simplified data processing due to no
RT information

Isomers cannot be distinguished
No separation of analytes
lon suppression or ion

enhancement for complex samples

UHPLC-
MS/MS

High coverage of detected
metabolites

High sensitivity and selectivity
Separation of complex samples and
less complex mass spectra

RT information aids metabolite

annotation

Higher sample biomass required

Longer analytical run
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1.9 Current challenges in metabolomics

The rapid development of new methods and techniques in metabolomics over the last
decade has been largely driven by technological (e.g. a wide adoption of HRAM mass
spectrometry) and bioinformatics advancements (e.g. implementation of tools for high-
throughput metabolite profiing and annotation) in the field!’®0,  Although
metabolomics is a mature science in academia, with over two decades of research and
development, unambiguous metabolite identification and assigning biological
interpretation are often considered the main limitations of untargeted metabolomics.
This is attributed to the sheer complexity of metabolomics datasets (often containing
thousands of small chemically diverse biomolecules) in contrast with a relatively large
number of uncharacterised metabolites of interest for which entries are not available
in standard libraries and databases, such as ChemSpider, the Human Metabolome

Database (HMDB), MetLin or mzCloud (https://www.mzcloud.org/). It is postulated that

the human metabolome comprises over 1,000,000 of (both endogenous and
exogenous) compounds representing over 3,000 chemical classes while only
approximately 114,000 metabolites and lipids have been identified to date®!. This is
reflected in a relatively low proportion of annotations whereby on average ca. <10%
(and up to 30%) of features are annotated in a typical human untargeted metabolomics
experiment!8.182 Consequently, new experimental and computational strategies are

being continually developed to improve metabolite coverage and identification33183,

Multiple frameworks exist to define different levels of confidence in metabolite
annotation and identification (MetID), using orthogonal data derived from HRMS

experiments (specifically, chromatographic peak RT, accurate m/z full scan MS! data
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and MS" fragmentation data) to enhance metabolite annotation and
identification:184185  The main reference document for MetID in the metabolomics
community is the Metabolomics Standards Initiative (MSI) classification system0.184
which defines four distinct categories of confidence based on the level of analytical

evidence obtained for a feature of interest, as described in Table 1.2.

However, the metabolomics community recognises that the current classification
system lacks the capability to clearly distinguish compounds with similar (yet not
unique) level of identification, such as isomers. Constitutional isomers have the same
molecular formula but different bonding arrangements (e.g. fatty acid positional
isomers, such as phosphocholines PC (16:0/18:1) vs. PC (18:1/16:0)), whereas
stereoisomers differ in spatial arrangement of atoms. 8¢ The addition of a quantitative

scoring system was also postulated to improve the current classification.®’.

An alternative 5-tier scale was proposed by Schymansky et al. (2014) for xenobiotics
and their biotransformation products as a more data-dependent approach that
differentiates between different levels of structural annotation (i.e. confirmed structure,
probable structure, etc.) and also provides sublevels (2a and 2b). Both confidence level
scales require MS" fragmentation data to achieve the highest two levels of identification

or annotation!?!,
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Table 1.2 Confidence scale for metabolite annotations based on analytical evidence obtained

from HRMS measurements (adapted from Sumner et al., 2007'° and Schymansky et al.,

2014%),
MSI Confidence level | Analytical evidence required Corresponding
Level Schymansky et al.,
2014 confidence level
1 Identified/ Confirmed by 22 appropriate Level 1: Confirmed
confirmed orthogonal data types* with structure
compounds authentic reference standards
injected in the same analytical
sequence.

2 Putatively Physico-chemical properties Level 2: Probable
annotated and/or mass spectra of structure
compounds compounds match databases/ 2a: Library/ literature

spectral libraries / literature spectrum match; or
sources. 2b: Diagnostic
evidence
3 Putatively Physico-chemical properties Level 3: Tentative
annotated and/or mass spectra of candidate(s)
compounds / compounds representative of a
classes distinct compound class.
4 Unknown Unidentified and unclassified Level 4: Unequivocal
compounds metabolites/ compounds which molecular formula
can be differentiated and (isotope/adduct)
guantified based on spectral
data (e.g. full scan MS! data). Level 5: Exact mass
(without unequivocal
formula assignment)

*Chromatography and HRMS data types: RT, accurate m/z full scan MS! data, MS"

fragmentation data (i.e. MS? and/or MS3®). Examples of appropriate orthogonal data include

accurate mass with RT, or accurate mass and fragmentation data or isotopic pattern.
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The highest level of identification is inherently challenging to achieve due to the lack
of (authentic, high-purity) reference standards to confirm identities of many unknown
compounds. However, the diverse orthogonal information collected within HMRS
measurements enables the identification of unknown features with relatively high
confidence!®, MS" fragmentation data is particularly useful as it provides a molecular
fingerprint by revealing rich structural information on the selected precursor ion and
allows to discover and annotate substructures or chemical moieties of unknown
compounds in a biological sample. The choice of a specific fragmentation technique is
largely based on the nature of the analyte of interest. In Orbitrap-based instruments,
Collision-induced dissociation (CID; occurs in the ion trap) is commonly used along
with a complementary Orbitrap-specific technique, higher-energy collision dissociation
(HCD; occurs in a collision cell behind the C-trap) which is more suitable for low m/z
fragment ions'®. CID MS" is the main strategy used in spectral library matching and
interpreting fragmentation patterns for structure elucidation of metabolites of
interest!®. The experimental fragment ions are matched with a reference spectrum
which can be derived from publicly available experimental mass spectral libraries (e.g.
PubChem, Metlin, Massbank or mzCloud) or in silico fragmentation libraries for
unknown compounds (e.g. commercial tools include Mass Frontier, MS-Fragmenter,
Molecular Structure Correlator). The latter is often the case for xenobiotics and their
biotransformation products for which experimental mass spectral data frequently does
not exist or is limited and, therefore, (sub)structure annotations are based on
theoretical in silico predicted fragments generated using chemical fragmentation
rules'®. Another challenge with spectral matching and searching large chemical

repositories is a high rate of false positive matches resulting from the multiple testing
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problem (FDR; described in section 1.7.4) as well as the lack of organism-specific
curated metabolome databases, many of which are often biased towards human

metabolism©°.190,

Although the lack of robust metabolite identification can be considered as one of the
barriers for the successful uptake and applications of metabolomics in regulatory safety
science, the level of required annotation is often dictated by the specific regulatory
scenario. For instance, in the context of biologically-driven grouping and read-across,
reporting metabolites to Level 4 MSI (unidentified compounds) is often considered
sufficient!¥1, This approach is successfully demonstrated by the research within this
thesis, whereby the grouping of substances is based solely on the similarity of the

endogenous responses to azo dye toxicity in Daphnia magna (presented in chapter 3)

The challenges of metabolite annotation and identification are being actively
addressed by the metabolomics community via implementing various computational
and analytical strategies. Some examples include the development of new statistical
methods for estimating and limiting FDR of annotations based on library matching
using similarity scores and decoy databases!®?, retention time prediction for
metabolites where no reference standard is available!831% or the use of fragmentation
trees and multi-stage mass spectrometry (MS") trees to improve metabolite structural

characterisation89.194,

Recent technological developments have also emerged to address the MetID ‘identity
crisis’ in metabolomics. This includes the implementation of novel analytical
instrumentation (e.g. the Orbitrap ID-X Tribrid mass spectrometer for small molecule

characterisation) and commercial software packages such as the AquireX Intelligent
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Data Acquisition software (designed to generate high-quality fragmentation data on
relevant biomolecules)'®>1%, Another example is Compound Discoverer, a
comprehensive data-mining tool for in silico prediction, identification, and structural
elucidation of compounds, using information-rich HRMS datasets from Orbitrap-based
instruments!®’. This recent state-of-the art technology was implemented to
characterise metabolism and metabolic fate of xenobiotics (five industrial chemicals)

in untargeted metabolomics experiments, as described in chapter 5.

Another knowledge gap is how to develop efficient and comprehensive approaches for
integrating metabolomics data with other omics platforms (genomics, transcriptomics
and proteomics) to enhance mechanistic understanding of biological functions and
unravel correlations between omics data streams, ultimately enhancing confidence in
identifying molecular toxicity pathways®®1%° To date, successful integration of more
than two high-throughput omics datasets is infrequent and poses a significant
challenge due to differences in data mining and statistical analysis methods, different
feature identification strategies and biological contextualisation of individual omics
datasets?%. This thesis partially addresses this challenge by exploring the application
of multi-omics approaches for biology-based chemical grouping in a regulatory context,

integrating metabolomics and transcriptomics data streams.

Other challenges present at every level of the metabolomics experiment include the
selection of appropriate standard operating procedures (SOP) and separation methods
(e.g. reverse phase vs. normal phase approaches, two-dimensional chromatographic
separations), and combinations of multiple analytical platforms to increase metabolite

coverage and aid identification?°1. Despite the development and recent advancements
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in bioinformatics tools for metabolomics data processing and analysis, the significant
‘big data’ challenges in the field remain data acquisition, feature extraction, precise
quantification and robust statistical analysis of the results?®?. Recent software tools
that utilise spectral and compound databases (e.g. the Metabolite Annotation
Workflow; MAW) hold a promising potential to facilitate automated metabolite
identification based on experimental tandem mass spectrometry data (MS?) or in silico

predictions?®,

Aside from the study of toxicodynamics (biological effects), untargeted
toxicometabolomics can also potentially provide relevant insights into absorption,
distribution, metabolism and excretion (ADME) processes and toxicokinetics rates (TK)
in a biological test system. This information could be explored to characterise
metabolism and metabolic fate of xenobiotics, as demonstrated in chapters 4 and 5 of
the thesis. However, while in silico prediction of xenobiotic metabolism is an active
area of research, a major limitation in the study of xenobiotic metabolism is the scarcity
of open-source databases containing high-quality experimental biotransformation data
on xenobiotics. One example of an open access xenobiotic metabolism database for
drug discovery and toxicology applications is XMetDB

(https://pharmb.io/tool/xmetdb/)2%4,

1.10 Exploring metabolism and metabolic fate of
xenobiotics through untargeted metabolomics

Characterisation of ADME and TK (also termed pharmacokinetics, PK) properties
relating to the absorption, distribution, metabolism and excretion of a candidate

chemical in a biological system forms an integral part of the pre-clinical and clinical
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phases of drug development and pharmaceutical safety assessment process.
Conventional chemical disposition (ADME) and toxicokinetics (TK) studies usually
employ liquid chromatography-tandem mass spectrometry (LC-MS/MS) or
radiolabelled compounds (e.g. 1C or 3H) to identify and quantify the parent xenobiotic
(and its metabolites) within the systemic circulation and target tissue as a function of
dose and time. Typically, multiple sampling points (i.e. sample collection at fixed
defined time points or across a timed interval) are used to derive rates of absorption
and clearance, and estimate the bioavailability of a new molecular entity205206,
ADME/TK characterisation of xenobiotics can in principle enable to understand
systemic exposure and establish correlations between the internal concentration/dose
levels and observed toxicity responses. This information may be used to benefit
chemical risk assessment in a number of ways: 1) guiding more robust dose selection
(and setting exposure limits) for subsequent toxicity studies, 2) cross-species
extrapolation of toxicity (considering both TD and TK data) or 3) developing

physiologically-based toxicokinetic (PBK) models’8207-210,

To date, ADME/TK studies have been less frequently applied in non-pharmaceutical
contexts and, as mentioned in section 1.4, this area remains relatively unexplored in
regulatory toxicology® mainly due to associated time and cost constraints. Rather
promisingly, the value of this approach is being increasingly recognised by regulators
(e.g. in a MoA analysis or cross-species extrapolation), as reflected in existing and
more recent OECD guidelines’®8%83, |n the context of grouping and read-across,
ADME/TK similarity can be used when information on metabolism and metabolic fate
is available for a class of compounds that also share common biotransformation

products (BTPs)>197,
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While the AOP framework does not take into account ADME/TK processes, the
separation of TD and xenobiotic metabolism appears arbitrary from the systems
toxicology point of view as both are key in understanding chemical mechanisms of
action?'l. The importance of incorporating ADME/TK dimension within chemical risk
assessment was also recently highlighted by the European Foods Standards Agency
(EFSA)® in the proposed extension of the AOP framework?3, whereby the combined
knowledge of both toxicodynamics (TD) and toxicokinetics (TK) is central to
understanding a chemical MoA (Figure 1.4). Despite demonstrating its merit in
characterising TD (biological effects), fewer applications of ‘alternative’ mechanistic

toxicology approaches (or NAMSs) to study ADME/TK exist to datel®,

XENOBIOTIC MODE OF ACTION (MoA)

ADVERSE OUTCOME PATHWAY (AOP)

‘ External Internal Target tissue Moﬁylar kll.lt?.il&{:ulatr Adtverse
dose dose " initiating ey evenis gl outcome
) CONCENIaNons events (MIEs) (KEs) (AO)
ADME/TOXICOKINETICS (TK) TOXICODYNAMICS (TD)
e e e e e e e - -

{ )= Xenobiotic @ Model organism
metabolism biochemistry

Figure 1.4 Value of ADME/TK information in the context of mode of action (MoA) and adverse
outcome (AOP) frameworks (adapted from EFSA, 2021°). MoA considers both toxicodynamics
and xenobiotic metabolism and, as such, is better placed to predict risks associated with

chemical exposure (Leist et al., 201721).
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Experimental ADME/TK data required for chemical risk assessment is not available for
the majority of chemicals currently in production and use®. This lack of data is
regarded as a vast impediment to the applications of predictive toxicology e.g. in
grouping and read-across!®3212, While ADME/TK is considered a significant part in
assessing uncertainty of a read-across case, “metabolism is often seen as the most
contentious of the toxicokinetic similarity justification”® which emphasizes the
importance of obtaining robust TK/ADME information on xenobiotics to facilitate future

regulatory acceptance.

Untargeted metabolomics has a powerful potential to address this knowledge gap by
obtaining both toxicodynamics (biochemical effects) and toxicokinetics (xenobiotics
metabolism) information, all within a single toxicometabolomics assay. For instance,
two studies by Southam et al.?%77 previously demonstrated the value of untargeted
DIMS metabolomics in detecting both endogenous toxicity responses and xenobiotic-
related features (also termed xenometabolome or exogenous metabolome) in common
roach (Rutilus rutilus) following chemical exposures to fenitrothion, triclosan,
chloroxylenol and chlorophene. More recently, ADME/TK information was successfully
extracted from untargeted metabolomics UHPLC-MS/MS datasets using a novel
computational xenobiotic processing workflow. This provided insights into the
metabolism and metabolic fate of two model cardiotoxins (sunitinib and KU60648) in
rat (plasma and cardiac tissue) resulting in the discovery of 9 novel previously
unreported BTPs for sunitib®. Another study applied the same workflow to reveal 11
metabolites of triphenyl in rat liver (Sostare et al., 2022: manuscript in preparation). Of
note, both studies used MS" fragmentation data to increase confidence in annotation

and identification of xenobiotic-related features (to MSI Levels 1-3) in untargeted
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toxicometabolomics datasets, highlighting the capability of this approach in revealing

novel insights into xenobiotic metabolism under study.

This thesis explores this under-researched potential of untargeted metabolomics
experiments (nESI-DIMS and UHPLC-MS/MS, respectively) to simultaneously
measure the metabolism and biochemical effects of xenobiotics in a biological test

system within a single toxicity assay.
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1.11 Aims and objectives of the thesis

Untargeted metabolomics is a powerful ‘alternative’ approach to chemical safety
testing that ought to significantly advance the field of mechanistic toxicology and
contribute to more robust 215t century risk assessment of many untested chemicals.
However, as introduced in previous sections, one impediment to accelerating the
implementation and regulatory acceptance of metabolomics data for modernising
regulatory toxicology is the relative lack of transparent, regulatory-relevant studies
demonstrating the value of this approach. This thesis addresses this impediment by
overcoming technical and methodological challenges of an untargeted metabolomics
workflow for chemical risk assessment that simultaneously integrates both
toxicodynamics (i.e. biological effects induced by xenobiotics) with toxicokinetics by
the untargeted ADME/TK (i.e. chemical effects, xenobiotic metabolism)
characterisation of xenobiotics (presented in chapter 4 and chapter 5 of this thesis).
The work of exploring metabolomics to achieve greater certainty in the grouping (or
category formation) of chemicals (investigated in chapter 3 of the thesis) based on their
modes of action is important for the realisation of a vision and strategy proposed

around elucidating pathways to toxicity.

The overarching aim of this thesis was to develop and implement untargeted
metabolomics approaches suited for hazard assessment of chemicals in regulatory

toxicology, exploring both toxicodynamics and toxicokinetics.

Three principal objectives (corresponding to three research chapters) were defined in

order to address the above aim:
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1. Demonstrate the value of metabolomics measurements (collected as part of a
multi-omics workflow) to improve confidence in grouping of data-poor chemicals
for subsequent read-across prediction of toxicity. Chapter 3 describes a proof-
of-principle case study conducted with seven structurally similar azo dyes in an
invertebrate model, Daphnia magna. This research project seeks to implement
multi-omics (specifically, untargeted nESI-DIMS metabolomics and targeted
Temp-O-Seq transcriptomics) to a regulatory-relevant scenario to evaluate the
potential of this approach for biology-based grouping. Transcriptomics is not the

primary focus of this thesis, however.

2. Assess the capacity of untargeted MS! nESI-DIMS metabolomics
measurements to simultaneously provide information on toxicokinetics
(xenobiotic metabolism) as well as toxicodynamics (D. magna biochemistry,
already studied in chapter 3) processes. This investigation focuses on
implementing a novel untargeted xenobiotic processing workflow to the same
untargeted nESI-DIMS datasets (from chapter 3) to seek evidence of internal
xenobiotic exposure (i.e. detection of the azo dye parent chemicals) and reveal
insights into the azo dye metabolism via the attempted discovery of metabolic
biotransformation products (BTPs) within the exposed D. magna. This
ADME/TK work is detailed in chapter 4 along with the series of criteria
developed to improve confidence in the quality of annotations of azo dye-related

xenobiotic features.
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3. Evaluate the capacity of untargeted UHPLC-MS/MS-based metabolomics for
more in-depth ADME/TK characterisation of xenobiotics, with added confidence
from experimental MS" fragmentation data. Specifically, chapter 4 builds upon
the discoveries made in chapter 3 by incorporating relatively new state-of-the
art analytical and computational technology (i.e. Thermo Fisher Scientific
Orbitrap ID-X tribrid mass spectrometer and Compound Discoverer software) to
detect and identify parent chemicals and any metabolic biotransformation
products of five structurally-different xenobiotics (industrial chemicals) in
existing rat plasma samples provided by the US National Toxicology Program

(NTP).

The incorporation of untargeted metabolomics approaches in chemical risk
assessment, providing both TD and ADME/TK knowledge on xenobiotics is expected

to offer a deeper understanding of chemical toxicity.

56



CHAPTER 2 - METHODS AND MATERIALS

2.1. Selection of exposure chemicals

Azo dyes (described in more detail in section 3.2) are diverse, ubiquitous yet data-poor
industrial chemicals that pose many environmental issues due their toxicity and
persistence in the environment?'3. Therefore, they were of particular interest to the
project funders, the European Chemicals Agency (ECHA). A series of specific criteria
were developed to guide the selection of specific exposure chemicals for the multi-
omics grouping study, considering both regulatory (ECHA) and practical experimental
perspectives (Table 1.1). ECHA prioritised azo dyes registered under REACH
(Registration, Evaluation, authorization and Restriction of Chemicals) i.e.
manufactured or imported at more than one tonne per year. However, commercial
availability (at highest available purity) was the deciding factor in the final chemical
selection. Seven structurally-related dyes (i.e. two sudan dyes and five disperse dyes)

were selected for the study described in chapter 3.

Sudan red G (SRG), sudan 1 (S1), disperse orange 61 (DO61), disperse red 1 (DR1),
disperse red 13 (DR13) and disperse yellow 3 (DY3), were purchased from LGC
Standards (UK), and disperse orange 25 (DO25) was purchased from Sigma-Aldrich
(UK). All chemicals (certified reference materials) had purity between 95% (DO25 only)
and 99.2% (confirmed by the manufacturer’s certificate of analysis) to ensure that
toxicity was induced by the azo dye, and not by other additives or impurities in the
material. ldentifiers are provided in Table 2.1, the structures are shown in Figure 2.1

for the seven azo dyes selected for the study.
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Table 2.1 Summary of the criteria guiding the selection of azo dyes for the grouping study.

Regulatory (ECHA) considerations

Experimental considerations

1.

Structure: a specific core and different
functional groups (no homologous
series)

Log Kow (n-octanol/water partition
coefficient): approx. 4-7 (some water

solubility)

Daphnia acute toxicity data (OECD Test
Guideline 202): available or predicted

Daphnia chronic toxicity data (OECD
Test Guideline 211): available

Include REACH registered substances

1. Available to purchase

2. Available at high purity (95%-99.2%,
depending on azo dye)

3. At least partial water solubility with low

volatility

4. Known, reported in literature toxicity to

Daphnia
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Table 2.2 Azo dye identifiers: Chemical Abstracts Services (CAS) registry number, European Community (EC) number, and Simplified

Molecular-Input Line-Entry System (SMILES) notation; and commercial suppliers with purity.

Supplier
(Batch
Azo dye | Abbr. [ CAS-RN EC SMILES no.) Purity
Sudan1 | S1 842-07-9 212-668-2 Oc(cce(cleec2)c2)cIN=Nc(ccce3)c3 LGC 99.6%
Standards
(G170606)
Sudan SRG | 1229-55-6 214-968-9 O(c(c(N=Nc(c(c(cccl)ee2)cl)c20)cce3)c3)C LGC 97.1%
red G Standards
(G165933)
Disperse | DO25 | 31482-56-1 | 250-654-8 N(=0)(=0)c(ccc(N=Nc(ccc(N(CCC(#N))CC)cl)cl)c2)c2 Sigma- 95%
orange Aldrich
25 (12106HB)
Disperse | DO61 | 55281-26-0 | 259-563-8 N(=0)(=0)c(cc(c(N=Nc(ccc(N(CCC(#N))CC)cl)cl)c2Br)Br)c2 | LGC 98.7%
orange 1 Standards
(G167394)

59




Supplier

(Batch
Azo dye [ Abbr. [ CAS-RN EC SMILES no.) Purity
Disperse | DR1 | 2872-52-8 220-704-3 O=N(=0)c(ccc(N=Nc(ccc(N(CCO)CC)cl)cl)c2)c2 LGC 98.3%
red 1 Standards
(G132128)
Disperse | DR13 | 3180-81-2 221-688-1 O=N(=0)c(ccc(N=Nc(ccc(N(CCO)CC)cl)cl)c2Cl)c2 LGC 99.2%
red 13 Standards
(737819)
Disperse | DY3 | 2832-40-8 220-600-8 O=C(Nc(ccc(N=Nc(c(O)ccclC)cl)c2)c2)C LGC 98.8%
yellow 3 Standards
(G122504)
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Figure 2.1 Azo dye chemical structures: Sudan 1 (S1), Sudan red G (SRG), Disperse orange 25 (DO25), Disperse orange 61 (DO61),
Disperse red 1 (DR1), Disperse Red 13 (DR13) and Disperse Yellow 3 (DY3).
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2. 2 Daphnia magna acute (48 h) exposure studies

2.2.1 Culturing of Daphnia magna

Cultures of D. magna were maintained as previously reported®’°8, Briefly, all D. magna
were maintained at a density of 20 Daphnia per 1 L in water drawn from a borehole at
the University of Birmingham. Semi-static culturing conditions at a constant
temperature of 20 °C with a fixed photoperiod of 16h light:8h dark were consistently
applied. Culturing medium was renewed three times weekly and all stocks were fed
daily with increasing volumes of green freshwater algal suspension of Chlorella
vulgaris depending on age of daphnids (days 1-2: 1mL of algae per 20 Daphnia, days
3-7: 1.5 mL, days 8 onwards: 2 mL), corresponding to 0.08 mgC per Daphnia.
Individuals (young daphniids, i.e. <24-h old neonates) used for exposures were
obtained from cultures after daily filtration (using the third brood or later), in accordance

with standardised toxicity tests developed by the OECD®.

The overall workflow for the acute D. magna toxicity studies is presented in Figure 2.2.
The workflow comprised 1) acute dose range-finding studies, 2) benchmark dose
(BMD) modelling and final dose selection for multi-omics exposures 3) further acute
exposures to generate samples for multi-omics measurements. All acute (48 h)
exposures were conducted as per OECD Test Guideline 202 (Daphnia sp. Acute
Immobilisation Test)?lusing dimethyl sulfoxide (DMSO; Fisher Chemical, UK; >99%
purity) as a carrier solvent (at a final concentration of 0.1%) to aid azo dye solubility, in

line with recent toxicity studies?!4.
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Figure 2.2 Overall workflow for the acute Daphnia magna toxicity studies to generate samples
for the multi-omics measurements. First, range-finding studies and benchmark dose (BMD)
modelling were conducted to guide dose selection and overall experimental design for the
omics studies. This was followed by omics exposures and sample collection. Polar metabolites
and lipids were extracted and subsequently analysed using nESI-DIMS, RNA extracts were

sent for analyses to BioSpyder (US).

2.2.2 Range-finding studies and benchmark dose (BMD) modelling

First, published aquatic toxicity data (Table 3.1 in chapter 3) was consulted prior to
conducting the initial crude dose-range finding studies (data not shown). Next, seven
extensive dose range-finding studies were conducted to establish azo dye toxicity and
guide the dose selection for the acute multi-omics study. Five D. magna neonates
(<24-h old neonates, 3rd brood or later) in 200 mL borehole water were exposed for
48 h to a range of nominal concentrations (=5) of each azo dye tested (n=3 exposure
vessels per concentration). DMSO concentration was maintained at 0.1% across all
chemical treatments and untreated controls. Daphniids were not fed for the duration of
the 48 h exposures and observations of any immobilisation were recorded after 24 h

and 48 h. The test conditions for the acute dose selection studies are summarised in
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Table 2.3, highlighting the challenge of low solubilities of some of the azo dyes in

agueous (0.1% DMSO) solution.

Table 2.3 Summary of test conditions and experimental observations from the acute range-

finding studies.

Azo Nominal exposure concentrations (mg L) Experimental observations

dye (dye)
S1 0.025,0.05, 0.1, 0.25, 0.5, 1.0 Dye particles visible in solutions
at 0.25 mg L*and above
SRG 0.5,1.0,2.5,5.0, 10.0 Dye particles visible in solutions
at 0.5 mg L*and above
D025 0.26, 0.52, 1.04, 2.08, 4.15, 8.3 Dye particles visible in solutions

at 2 mg L*and above
DO61 0.0005, 0.001, 0.005, 0.01, 0.025, 0.05, 0.1, No precipitation at any test

0.25, 0.5 concentration

DR1 0.025, 0.05, 0.1, 0.25,0.5, 1.0 No precipitation at any test
concentration

DR13 0.01, 0.025, 0.05, 0.1, 0.25, 0.5 No precipitation at any test
concentration

DY3 0.025, 0.05, 0.1, 0.25, 0.5, 1.0 No precipitation at any test

concentration

Benchmark dose (BMD) modelling was subsequently conducted on the Daphnia
immobilisation data from the seven acute dose-selection studies, using the PROCAST

webtool (https://proastweb.rivm.nl/, version 66.39). Data were analysed as quantal at

a benchmark response (BMR) of 0.1 (that induces approximately 10% Daphnia
immobilisation). The best-fit models were selected using the lowest Akaike Information
Criterion (AIC = 2). Two-sided 90% confidence intervals to the BMD value were

generated per model: the lower estimate of BMD (BMDL) and upper estimate of BMD
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(BMDU). Model-averaging (n=200 bootstrap runs) was applied to derive the estimated

BMDL and BMDU values for each dye.

2.2.3. Experimental design and dose selection strategy for acute

multi-omics study

The multi-omics experimental design included three sampling time points (2 h, 24 h
and 48 h) and three dose groups (and untreated controls containing 0.1% DMSO only).
Exposures were conducted in six batches, with each dye having a matched control

group (Table 3.7, chapter 3).

The strategy for dose selection was based on the concept of ‘phenotypic
anchoring’?'>216 whereby the highest dose for each azo dye induced an equivalent
adverse outcome i.e. approximately 10% immobilisation of the exposed Daphnia. The
underlying driver for this approach was to provide confidence that metabolic responses
and gene expression changes would be detectable in Daphnia. The selected dose
range represented approximately one order of magnitude change, where a medium
dose was set at one-third of the highest dose, and a low dose was equal to one-third

of the medium dose for each dye.

Benchmark dose modelling (BMD) results of the Daphnia immobilisation data from the
seven acute range-finding studies are summarised in Table 2.4. The estimated BMDL
and BMDU values were derived for the six dyes except for DO25 that did not induce

any immobilisation at any of the investigated test concentrations.
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Table 2.4 Outputs of the benchmark dose (BMD) modelling of the Daphnia immobilisation data
following the seven azo dye exposures to test concentrations summarised in Table 2.3. These
results were used to select exposure doses for the omics exposure study. Lower and upper
estimates of BMD (BMDL and BMDU, respectively) were calculated using PROAST.

Azo dye BMDL (mg L?) BMDU (mg L?) Mean of BMDL &
BMDU (mg L?)
S1 0.069 0.087 0.078
SRG 15 5.2 3.35
DO25 - - -
DO61* 0.0018 0.0066 0.0042
DR1* 0.048 0.15 0.099
DR13 0.013 0.024 0.018
DY3 0.86 0.97 0.91

*Highest dose removed from BMD modelling.

Based on the steepness of the experimentally measured dose-response curves for
these dyes, the dose range selected was approximately one order of magnitude for
each dye to ensure the optimal coverage of the concentration range to capture
molecular effects at each of the sampling time points. The highest dose (inducing
approx. 10% immobilisation of Daphnia) was set to the mean of the BMDL and BMDU
values for the six azo dyes (Table 2.4). A medium dose was set to one-third of the

highest dose, and a low dose was equal to one-third of the medium dose.

The selected high doses for all seven dyes spanned almost three orders of magnitude,
with DO61 causing ca. 10% Daphnia immobilisation at 0.004 mg L and SRG inducing
the same adverse outcome at 3.35 mg L. BMD modelling was not possible for DO25
as it did not induce any Daphnia immobilisation at any of the concentrations tested,

even at levels far exceeding water solubility. Therefore, the highest dose for DO25 was
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set to 3 mg L-1 to approximately reflect the highest dose used across the other six azo

dyes.

2.2.4 Omics exposure study and sample collection

The acute (48 h) exposures  and subsequent  preparation of the biological samples
for the multi-omics study were conducted using experimental batches. This design was
chosen so that new data generated in the future, for additional chemicals, could in
principle be added to the data from the azo dye study. Specifically, Daphnia were
exposed to each azo dye  alongside  a set of dedicated dye-specific Daphnia
control samples, forming  one experimental batch. Each experimental  batch  of
samples was extracted at the same time (with randomisation of the order of sample
extractions within each batch), and subsequently each experimental batch was
measured using an omics technology at the same time (again, with re-randomisation
of the order of omics analyses within each batch to reduce any batch effects). This
design was used as the scale of the study was so large it was impossible to conduct
all exposures on a single day, nor to extract all samples on a single day, nor to measure
all samples on a single day. The one exception to this design was the use of a shared
set of control samples for azo dyes SRG and DR1 (as SRG, DR1 and one set of control
samples were collected on one day, extracted on another, and analysed together on

another day).

Nominal exposure concentrations selected for acute (48 h) exposures to generate
samples for the omics measurements (i.e. polar metabolomics, lipidomics and

transcriptomics) and the final experimental batch design are summarised in Table 3.7.
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Seven acute (48 h) toxicity studies were conducted in accordance with OECD Test
Guideline 202 (OECD, 2004) to generate samples for multi-omics measurements (i.e.
polar metabolomics, lipidomics and transcriptomics). All acute exposures were
conducted using the same conditions as for the dose range-finding and dose selection
studies described earlier in section 2.2.2. Acute tests were conducted in a static system
with no feeding at three exposure concentrations (see Table 3.7, chapter 3) and
unexposed controls (containing 0.1 % DMSO only), with sampling at three time points
(2 h, 24 h and 48 h). Each dose/time group had 6 replicates (n=6 separate exposure
vessel) with Daphnia exposed in 200mL borehole water. Exposures were initiated with
<24-h old Daphnia neonates (10-12 animals per 200mL replicate exposure vessel) to
obtain sufficient biomass and number of experimental replicates for the omics
measurements. At each time point, the 10-12 neonates per vessel were sampled and
divided into two replicates, one used for metabolomics analysis (5-6 animals per
biological replicate, n=6 replicates per treatment) and the other for transcriptomics

analysis (5-6 animals per biological replicate, n=4 replicates per treatment).

Following exposures, daphnids were harvested at the three different time points for
each azo dye and quickly transferred into 2 mL Precellys tubes (CK14; Stretton
Scientific Ltd., UK) with a fine-tipped pipette and immediately flash-frozen in liquid
nitrogen to quench metabolism and prevent RNA degradation. Collection of all samples
was randomised within each exposure batch. Resulting samples were stored at —80°C
prior to metabolite and lipid, and RNA extractions. Additional untreated Daphnia
neonates were collected at different life stages (2 h, 24 h and 48 h) from the same

stock cultures for intra-study quality control (QC) samples. Two 48 h dose groups were
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discarded for S1 (high and medium doses) and one for DO61 (high dose) due to high

Daphnia immobilisation during the acute exposures.

2.3. Polar metabolomics and lipidomics: sample extraction
and nESI-DIMS data acquisition

The MEtabolomics standaRds Initiative in Toxicology (MERIT) best practice
guidelines® were followed in all steps of the omics workflow, including use of a system
suitability QC (ssQC), intra-study QC and process (extraction) blank QC samples. Prior
to omics analyses, a nESI-DIMS biomass optimisation study was conducted to
determine an optimal number of Daphnia neonates per sample for subsequent polar

metabolomics and lipidomics measurements (see section 3.3 in chapter 3).

Analytical grade reagents (>98% purity) and LCMS grade solvents (Honeywell, Merck,
UK) were used in all experiments. Solvents were precooled on wet ice. Extraction
(process) blanks were prepared with each sample batch to identify and eliminate any
possible sources of contamination that arise from sample processing. Due to the scale
of the study, samples were batched and randomised within and across batches for

extractions and nESI-DIMS analyses to prevent batch effects.

Metabolites were extracted manually from Daphnia neonates using well-established
bead-based homogenisation followed by the modified two-step biphasic Blight and
Dyer (1959) method (chloroform:methanol:water, the final ratio: 2:2:1.8), as previously
reported®>7:58.217 - Briefly, frozen Daphnia samples (assumed biological sample mass
< 10 mg) were homogenised in pre-cooled methanol (32 pL of methanol for each mg
of frozen biological sample mass; 32 uL/mg) and water (10.6 pL/mg), using the

Precellys-24 homogeniser (Bertin, France; homogenisation at 2 x 10 s bursts at 6400

69



rom with a 5 s gap between the cycles). The homogenates were then removed from
the Precellys tubes and transferred to clear 1.8 mL glass vials for extraction. Pre-
cooled chloroform (16 pL/mg) was added to each vial, followed by brief vortex-mixing
for 30 s and incubating on ice for 10 mins. Following this, an additional aliquot of ice-
cold chloroform (16 uL/mg) and water (18.2 pL/mg) were added to the solution, vortex-
mixed (30 s) and left on wet ice for 10 min to induce phase separation. The vials were
then incubated at room temperature for 5 mins to allow the biphasic separation to begin
to partition. After centrifugation (4000 rpm, 10 mins at 18°C) to remove precipitated
proteins, both polar metabolomics (2 x 200 pL into 1.5 mL Eppendorf tubes) and
lipidomics (2 x 100 pL into 1.8 mL glass vials) fractions were removed using a 250 pL
Hamilton syringe and transferred to 2 mL Eppendorf tubes (polar metabolomics
extracts) or 1.8 mL glass vials (lipidomics extracts). Polar metabolomics aliquots were
dried down overnight in a SPD11V SpeedVac concentrator (Thermo Fisher Scientific).
Lipidomics aliquots were dried under a gentle stream of nitrogen for ca. 10 min. All

extracts were stored at -80°C prior to analytical measurements.

Dried Daphnia extracts were reconstituted in 25 yL of 4:1 methanol:water (v/v,
Honeywell, Merck) containing a total of 0.1% formic acid (v/v, Merck) for polar
metabolomics analyses and 40 pL of 2:1 7.5 mM methanolic ammonium
acetate:chloroform (v/v, Merck) for lipidomics analyses. Both types of extracts were
centrifuged to remove any suspended particulates and debris prior to being plated onto
a 384-well Eppendorf plate (15 pL for polar metabolomics and 24 pL for lipdomics
extracts). Due to the high number of samples, resuspended extracts were distributed

across three 384-well plates with samples from up to two exposure batches per plate.
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Pooled intra-study QC samples (prepared from untreated Daphnia collected from the
same cultures at different life stages to mirror the biomass of samples generated for
the multi-omics study) were distributed every 7" experimental sample. All biological
and intra-study QC samples were placed in a random order across the 384-well plate

to reduce potential bias resulting from analysis order.

All Daphnia extracts were analysed using the well-established spectral-stitching
nanoelectrospray (nESI) direct infusion mass spectrometry (DIMS) method? with slight
modifications for low biomass samples (i.e. ‘internal scan replication’ method) to yield
higher sensitivity. This optimised selected-ion-monitoring (SIM)-stitching method
acquires MS data as a series of overlapping mass-to-charge (m/z ratio) windows that
are subsequently stitched together to obtain a complete spectrum. In comparison with
the traditional wide range scan method, this mass spectral stitching approach shows
higher detection sensitivity and metabolome coverage®'®. The analyses were
conducted on a Thermo Scientific Orbitrap Elite Hybrid lon Trap-Orbitrap mass
spectrometer coupled with an automated chip-based nESI sample ionisation platform
(Advion Triversa NanoMate), controlled by ChipSoft software (Advion, v8.1.0), as
previously described®. The data were acquired by Xalibur software (Thermo Scientific,
v2.0) in two ion modes: positive (to profile polar metabolites and lipids) and negative

(to measure polar metabolites).

All analytical procedures adhered to the MEtabolomics standaRds Initiative in
Toxicology (MERIT) best practice guidelines®. Therefore, data were collected for three
types of QC samples: 1) system suitability QC samples (analysed in triplicates at the
beginning and end of each analytical sequence) to ensure that the mass spectrometer

was operating within specification prior to data acquisition of the experimental samples;
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an intra-study QC sample to measure the analytical reproducibility and allow to assess
and correct for any intra- and inter-batch variation®*°°; and a process (extraction) blank

QC samples to measure the background signals (approx. 6-8 per analytical batch).

2.4. Polar metabolomics and lipidomics data processing
and metabolite annotation

For each metabolomics data set corresponding to the seven azo dyes studied (i.e. 3
assays per each dye), nESI-DIMS mass-spectra were subsequently processed using

DIMSPy package implemented in Galaxy (https://github.com/computational-

metabolomics/dimspy-galaxy). This included the application of three stages of feature

(or peak) picking and noise filtering, as previously reported®'>® with slight
modifications. First, features in the process blanks were excluded from the data matrix
unless they were >10-fold more intense in the biological samples. This ‘blank-filtered’
feature intensity matrix was later used as the input data for the untargeted ADME/TK

workflow (described in chapter 4 of this thesis).

Secondly, the sample filter was set to retain features present in >80% of all biological
samples, which removed any azo dye related (exogenous) features from this
endogenous feature matrix. Thirdly, samples with >50% missing values were excluded
from further analysis to ensure only the highest quality of m/z features are retained for

the final statistical analyses (see section 2.5).

This filtered feature intensity matrix was probabilistic quotient normalised (PQN) on a
dye-by-dye basis, due to variation in feature counts across dyes. Missing values were
imputed using the k-nearest neighbour approach (k=5), producing a data matrix for

univariate statistical analysis. This matrix was generalised log (glog) transformed prior
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to any multivariate analyses. The described data processing workflow resulted in

seven endogenous data matrices (one per dye), per nESI-DIMS assay.

The m/z features were putatively annotated using the the Python package, BEAMSPy
(Birmingham mEtabolite Annotation for Mass Spectrometry Python package, v0.1.0;

https://more.bham.ac.uk/beams/) pipeline operated in Galaxy. The mass error was set

to £5 ppm. This threshold was determined by examining the system suitability QC data.
Subsequently, following inspection of mass error distributions, the error tolerance was

reduced to 2 ppm for lipids (+0.5 to -1.5 ppm) polar metabolites (+1.0 to -1.0 ppm)

The list of adducts and isotopes selected to annotate peak patterns was set to default.
The databases used for the annotation were ChEBI (Chemical Entities of Biological
Interest), HMDB (Human Metabolome Database), KEGG (Kyoto Encyclopaedia of

Genes and Genomes) for Daphnia pulex and Lipid Maps.

All RNA sample extractions and subsequent data processing of BioSpyder TempO-
Seq gene expression data (BioSpyder, US) were conducted by Dr Rosemary Barnett,
using the DESeq2 package in the R programming language (version 1.30.0)2%,
However, transcriptomics workflow is not within the scope of this thesis and therefore

it is not described in detail.

2.5. Statistical analyses to group azo dyes using single and
multi-omics data

The overall workflow for statistical analyses and grouping of the multi-omics data is
shown in Figure 2.3. The three data streams (nESI-DIMS polar metabolomics and
lipidomics, and the BioSpyder transcriptomics) were processed using technique-

specific standard methods, as described in section 2.4. This step was followed by
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statistical analyses of all three datasets. All statistical analyses were conducted in the
R environment (version R-4.0.3), using the structToolbox (version 1.3.1) and pvclust
packages (version 2.2-0)?1°. First, principal component analysis (PCA) was applied to
identify any outlying samples in each omics dataset, for each dye. Samples lying

outside a 95% confidence interval (CI) limit were excluded from further analyses.

Next, independent two-sample t-tests (adjusted for a false discovery rate; q < 0.05)
were applied across all molecular features (i.e. polar metabolomics and lipidomics m/z
features, and genes), comparing dye-specific untreated controls with each of nine
treated dose/time groups (per dye), to give an indication of the extent of the molecular
perturbations induced by each azo dye in the exposed Daphnia. These analyses were
performed on treated and control samples for each dye separately, considering each

dose/time combination as a separate sample type.
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Figure 2.3 Overall workflow for the analysis and grouping of the multi-omics data. Each data stream was analysed separately as described
in section 2.4. T-statistics formed the input data for hierarchical clustering analyses (HCA) using single versus multi-omics approaches for

‘all treatments’ (58 groups) and ‘max. approach’ (21 groups). The resulting dendrograms were examined visually to derive grouping patterns
for the seven azo dyes based on molecular responses in the Daphnia.
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In addition, the t-statistics derived from these independent two-sample t-tests served
as the basis for one-mode clustering (i.e. either experiment or metabolite clusters are
created???), utilising unsupervised hierarchical cluster analyses (HCA). Cluster (or
clustering) analyses were employed to group sample dose/time treatment groups
(based on their similarities or dissimilarities) and create visual representations of the
ecotoxicological similarities between treatments. HCA and PCA are two common
cluster analysis methods that can be applied to mine multi-dimensional metabolomics
data to identify patterns among biological samples??t. Here, HCA was performed on
the vector normalised t-statistics (n=10,000 bootstrap replications), utilising Euclidean
distance and Ward’s linkage method (“ward.D2” method in R, implementing Ward2
algorithm)???2, HCA was applied to three combinations of input data, considering both
single omics and multi-omics approaches: 1) t-statistics derived from combined most
‘downstream’ polar metabolomics and lipidomics responses only; 2) a fusion of the t-
statistics from all three omics data streams; and 3) t-statistics derived from

transcriptomics responses only.

In addition, for each of these above-described combinations of input data, two further
approaches were applied. First, HCA of all (typically 9) dose/time groups per dye, for
all 7 dyes (i.e. considering all possible 58 groups in the dataset, referred to as the ‘all
treatments’ approach). Secondly, HCA of 3 dose groups per dye, for all 7 dyes (i.e.
considering 21 dose/time groups). This reduced the three time points to a single point
by selecting only the largest metabolic and lipid, and the largest transcriptional
perturbations (by using the highest absolute t-statistic across the three time points),

referred to as the ‘maximum perturbation’ approach.
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Taken together, this combination of HCA analyses enabled a comparison of single
versus multi-omics based grouping, providing an overview of the effects of dose and
time per dye. The first 58-group ‘all treatments’ approach yielded a relatively complex
dendrogram. A more interpretable clustering pattern of the seven dyes at three doses
(low, medium and high) was derived using the ‘maximum perturbation’ 21-group HCA

analyses.

77



CHAPTER 3 — ENHANCING GROUPING OF AZO
DYES WITH OMICS-BASED EVIDENCE FROM
DAPHNIA MAGNA TOXICITY STUDIES. A PROOF-
OF-PRINCIPLE STUDY

3.1 Introduction

The concept of grouping and read-across (G/RAx) under ECHA’s Read-across
Assessment Framework (ECHA, 2017) was introduced in section 1.6 (chapter 1). It is
frequently used in regulatory toxicology (up to 75% of ECHA chemical registration
dossiers)!051% to predict toxicity of data-poor chemicals and reduce unnecessary
animal testing'>1%, The first step is to group (or form categories) of chemicals and
then ‘read-across’ a specific toxicity endpoint (e.g. no observed effect concentration,
NOEC) from a ‘source’ to (single or multiple) ‘target(s), thereby reducing the need to
perform additional in vivo toxicity studies for each individual group member (Figure
1.1). Formation of categories is based on chemical similarity (e.g. common functional
groups and shared biotransformation products) and physico-chemical properties, and
does not consider toxicity mechanisms. Consequently, many G/RAx cases are rejected
by ECHA and, to date, only a relatively small number of scientifically rigorous cases
contributed to minimising animal testing in repeated dose toxicity studies commonly
conducted in chemical risk assessment!®. Thus, it is widely recognised that current
G/RAXx practices are not fit for purpose and the quality of this approach needs to
improve by incorporating robust experimental data to accurately predict toxicity of the
ever-increasing numbers of chemicals on the market'93197.223 - Several studies to date

revealed the potential of untargeted metabolomics to strengthen read-across cases for
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a range of chemicals (e.g. for phenoxy herbicides, amino alcohols and complex
petrochemical mixtures), particularly in the context of BASF’'s MetaMap® Tox
database!''-114, thereby reducing the inherent weakness of conventional structure-
based grouping. Another study demonstrated the capability of metabolic profiling to
differentiate between toxicological MoAs between diethylhexylphthalate (DEHP) and
Hexamoll® DINCH and, therefore, disproved the original hypothesis by Campioli et al.
(2015) suggesting similar lipid accumulation perturbations in vivo for both
plasticisers®?4. However, despite these read-across improvements, further case
studies are required to demonstrate the proof of principle of this approach (ideally,
combined with another omics tool), and supported by relevant, robust experimental
evidence to increase confidence that group members share the same or a similar mode

of action (MoA)1,

In light of the above considerations, the investigations presented in this chapter
conducted with the project funders, the European Chemicals Agency (ECHA), sought
to demonstrate concepts of biology-based grouping using high-throughput omics
technologies. The overarching aim of the work was to evaluate the capabilities of high-
throughput multi-omics (specifically, polar metabolomics, lipidomics and
transcriptomics) for chemical grouping and subsequent read-across of seven azo dyes

in a single OECD test species, Daphnia magna.

In order to appropriately address this aim, a number of critical objectives were

formulated, as listed below:

1) Determine the optimal biomass of D. magna extracts for high-throughput nESI-

DIMS (SIM-stitch ‘internal scan replication’ method) analyses to ensure high
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2)

3)

4)

technical reproducibility of the results, while minimising metabolic variability

across biological samples.

Develop and implement a grouping workflow (analytical and computational)
which allows omics-derived molecular mechanistic data (i.e. metabolic, lipid and
transcriptional responses in Daphnia magna) to be considered alongside
conventional (i.e. structural and physico-chemical) data when forming chemical

groups of azo dyes.

Apply conventional grouping approaches (e.g. (Q)SAR and ClassyFire) to form

an initial grouping hypothesis for the seven azo dyes.

Substantiate (or test) this initial hypothesis using multi-omics approaches,
specifically to group substances based on molecular toxicity responses, using

untargeted metabolomics and transcriptomics data.

It is envisioned that addressing the above-mentioned objectives will enable to draw

conclusions on the capability of high-throughput omics with regard to supporting

biologically-driven grouping and read-across (G/RAXx) cases as well as identifying

areas for further work and development to increase the applicability of this

approach in chemical risk assessment.
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3.2 Azo dye toxicity

Azo dyes constitute a large heterogenous group (4103 listed in US EPA CompTox

Dashboard online database: https://comptox.epa.gov/dashboard/chemical-

lists’AZODYES) of synthetic colorants, and account for approx. 60-70% of all dyes

used for industrial purposes, primarily in textile and food industries. They typically
contain between one (monoazo dyes) or three (di- or triazo dyes) functional azo
group(s) (-N=N-) that may be bonded to aromatic (benzene or heterocyclic) rings,
naphthalenes or aliphatic chains??®, Some azo dyes are reported to form one or more
of the regulated 22 carcinogenic aromatic amines (via reductive cleavage) in humans
and for this reason they are restricted under REACH??5, However, recent studies
suggest that azo dyes may release further 36 mutagenic non-regulated aromatic
amines??’. Human and environmental concerns associated with azo dye exposure
have spurred a significant interest around these chemicals from regulators in Europe

and beyond?28-230,

As a result of their large-scale production (> 1 million tons annually) and widespread
application, many azo dyes are continuously released into the aquatic environment in
huge guantities (ca. 200 billion litters), mainly from the textile industry effluents?3. Due
to their ubiquity in the freshwater ecosystems at low concentrations (from ngL to pgL-
1), azo dyes are now considered micropollutants and their toxic effects on the aquatic
organisms such as Daphnia magna, green microalgae (Raphidocelis subcapitata) or
zebrafish (Danio rerio) are well known but remain poorly characterised and

understood?31-233,
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Many azo dyes are classified as mutagenic (show cytotoxicity and genotoxicity), but
their molecular mechanism of action is unknown. Therefore, a greater understanding

of their toxicity is required for improved chemical risk assessment?34-236,

The published aquatic toxicity data (mainly from literature and ECHA chemical
registration dossiers) for the seven dyes under study is summarised in Table 3.1. This
data was used to guide earlier acute (48 h) toxicity range-finding studies described in

section 2.2.2.

Table 3.1 Aquatic toxicity data for azo dyes studied along with information on the REACH

registration status.

Azo Aquatic toxicity data REACH Notes on registration

dye registered

S1 D. magna 48-hr EC50 > 100 mg/L | Yes REACH (0-10 tonnes pa)
(ECHA dossier)

Notified classification: Aquatic
Chronic 4 for chronic toxicity
according to the CLP
Regulation (EC 1272/2008)

DY3 Aquatic toxicity 96-h PNEC = No Prohibited in textile materials
0.0023 mg/L from read-across of under EU 2002/371/EC
acute toxicity data for Solvent EU Cosmetics Regulation
Yellow 1 (CAS RN 60-09-3) (1223/2009), Annex Il -
(Environment Canada); Fathead Prohibited Substances;
minnow LC50 > 180 mg/L (Little classification: Carc. 2
and Lamb 1973)

SRG Larval fathead minnows LC50 = Yes REACH (0-10 tonnes pa)

16.7 pg/L (Parrott et al., 2016)
Justification for waiving the
test information in the REACH
registration dossier: In

accordance with Annex VIII
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Azo Aquatic toxicity data REACH Notes on registration
dye registered
(REACH), testing for aquatic
toxicity endpoints is
considered scientifically
unjustified since there are
mitigating factors indicating
that aquatic toxicity is unlikely
to occur as the substance is
highly insoluble (solubility:
0.00033 mg/L at 25° C) in
water
DO61 | D. magna 48-h EC50=18.6 mg/L | Yes REACH (10-100 tonnes pa)
(ECHA dossier)
Notified classification: Aquatic
Chronic Toxicity 3 for chronic
toxicity according to the CLP
Regulation (EC 1272/2008)
DO25 | D. magna LC50 = 110 mg/L Yes REACH (10-100 tonnes pa)
(Brown 1992); zebrafish IC50 =
268 mg/L; Scenedesmus Not classified
subspicatus EC50 = 54 mg/L;
Bacteria EC50 > 100 mg/L
D. magna 48-h EC50 > 100 mg/L
(ECHA dossier)
DR1 D. similis EC50 = 0.12 mg/L (de No Not classified for environment

Luna, 2014); D. magna LC50 =
0.58 mg/L, D. similis NOEC 14
days = 0.003 mg/L (Vacchi et al.,
2016); D. similis EC50 = 0.13 mg/L
(Vacchi et al., 2016); D. similis
EC50 = 0.127 mg/L, NOEC = 0.01
mg/L (Ferraz et al., 2011)
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Azo Aquatic toxicity data REACH Notes on registration

dye registered

DR13 | D. similis EC50 = 0.18 mg/L (de No Not classified for environment
Luna, 2014); D. similis EC50 =
0.0187 mg/L

3.3 Biomass optimisation study for nESI-DIMS analyses

First, a biomass optimisation study was conducted (using the methods described in
detail in chapter 2) to determine an optimal number of Daphnia neonates per
experimental sample to ensure reproducibility of the subsequent metabolomics
analyses, using nESI-DIMS SIM-stitch ‘internal scan replication’ method?®. The aim was
to minimise the number of neonates per sample (from pooled n=30 neonates at 72 h)
for metabolomics and lipidomics nESI-DIMS analyses (in a single ion mode), while
keeping metabolic variability across samples sufficiently low. Two objectives were

defined to appropriately address this aim:

1) Assess sensitivity (i.e. feature or peak count) and technical variability of a

dilution series of Daphnia samples.

2) Assess reproducibility and total (i.e. biological and technical) variability of a

dilution series of Daphnia samples.

The first specific objective was formulated to test the instrument performance at
extremely low sensitivity (using pooled extracts), while the second objective sought to

identify any variability issues associated with pooling extremely low number of Daphnia
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neonates (e.g. n=1), whereby the high biological variability across (n=6) biological
replicates can potentially mask the toxicological effects from azo dye exposures.
Therefore, the findings from this initial biomass optimisation study were used to guide
the final omics experimental design to ensure robustness of this approach. The
biomass optimisation study comprised 1, 2, 4, 8 and 15 dilution series of Daphnia
neonates plus 30 neonates for comparisons (number of Daphnia historically used for
nESI-DIMS analyses). All Daphnia were collected at 72 h (n=6 per dilution series) and

prepared using identical methods as the omics samples (as described in section 2.3).

Figure 3.1 shows the total peak count for each group size (dilution series of 1-30
neonates, plotted on a continuous x-axis) and the measure of spectral reproducibility

(reported as the median relative standard deviation of peak intensities, mRSD.
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Figure 3.1 Scatter plots demonstrating technical and biological variability of metabolic and lipid features measured in positive ion nESI-
DIMS mass spectra of D. magna extracts in the biomass optimisation study (n=6 per dilution series). Error bars represent standard error.
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Acceptable technical variability (approx.10-15% mRSD) and biological variability (<
30% mRSD) was observed in both nESI-DIMS assays for a sample size between 4
and 8 Daphnia neonates, as shown in Figure 3.2. Therefore, it was concluded that an
average value of n=6 was an optimal number of neonates per sample to ensure high
reproducibility during nESI-DIMS analyses, whilst keeping metabolic (biological)
variability resulting from pooling Daphnia neonates sufficiently low. This finding guided
the future omics experimental design and the numbers of neonates collected per
experimental sample over the course of 48 h exposures with Daphnia magna (as

described in section 3.5).

>

£ No.of 4 8 30 4 8 30
8 Daphnia

$  Peak count 7845 8109 8853 4781 5349 6891
8 Peak 9 10 9 18 14 10
£ intensity %

@ mRSD 89% 92% 69% 78%

- || Polar metabolomics (+) nESI-DIMS Lipidomics (+) nESI-DIMS

E No. of

-g Daphnia

> Ppeak count 4971 6166 7808 3306 4006 4986
o

2 Peak 20 20 21 31 24 22
O intensity %

2 mRsD 63% 79% 66% 80%

Table 3.2 Technical and biological variability of metabolic and lipid features measured in
positive ion NESI-DIMS mass spectra of D. magna extracts in the biomass optimisation study,
reported as the median spectral RSD (%). Percentage values (in blue) indicate % of features
detected in each ‘dilution series’ (i.e. n=4 or n=6 neonates) relative to n=30 pooled neonates
used. These findings indicate that a sample size between >4 and <8 Daphnia neonates (at 72
h) provide optimal biomass for a sufficient recovery of biological material and analytical

reproducibility.
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3.4 Conventional grouping hypothesis based on physico-
chemical properties and structural similarity

This section describes how the initial grouping pattern of the seven dyes was derived
using various predictive in silico tools. A conventional grouping hypothesis was formed
by manually examining physico-chemical properties, ClassyFire chemical

classification (http://classyfire.wishartlab.com/)?®” and (Q)SAR alerts (conducted by

ECHA project partners).

First, physico-chemical properties of the seven azo dyes were considered to formulate
the initial grouping hypothesis. Available experimental and predicted physico-chemical
properties of the dyes are summarised in Table 3.3. Crucially, these chemicals are
poorly characterised and limited measured data for log Kow and water solubility exists.
Log Kow and water solubility were additionally predicted by ECHA using various
(Q)SAR tools, namely EPISUITE models WSKOW (log Kow based), and WaterNT
(fragment based), and Percepta (ACD/Labs Release 2016.2) for logP. There are some
discrepancies between the experimental and predicted values for log Kow, and even

greater discrepancies for water solubility for the seven dyes.

Overall, the seven azo dyes are characterised by rather low water solubility. Water
solubility predicted with WSKOW appears to be closer to the experimentally-derived
values. The WSKOW predictions suggest that five out of seven dyes are relatively
moderately soluble in water, i.e. between 0.1 and 1 mgL* for both sudan dyes (S1 and
SRG), for both disperse red dyes (DR1 and DR13), and for DO25. Water solubility is
very low for DO61 (0.00056 mgL?), and DY3 is the most soluble of the dyes with more

than 10 mgL™.
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If it is the case that these azo dyes have no specific mode of action (i.e. exhibit baseline
toxicity or narcosis), then their toxicities could be related to log Kow. Therefore, the
sudan dyes (S1 and SRG) should exhibit higher toxicity compared to DY3, DR1, DR13
and DO25. For DO61 there is conflicting information between experimental data and
predicted log Kow, the latter suggesting the highest log Kow and hence the highest

narcotic toxicity of all of the dyes.

In addition, the sudan dyes and DY3 give an alert for tautomerisation in the QSAR
Toolbox (v4.3). Tautomers could have different physico-chemical properties. However,
azo-hydrazone tautomerisation (i.e. migration of a hydrogen atom from an -OH group
ortho or para to the azo group, and a shift in the location of a double bond) can only
occur under specific experimental conditions (e.g. temperature, pH of media, solvents
used)??. It is unclear if, in practice, azo dye tautomers would be observed during
toxicity exposures with Daphnia magna, therefore, this information is likely redundant

in the context of this study.
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Table 3.3 Overview of physico-chemical properties and organic functional groups of the seven dyes investigated. Available experimental

data is highlighted in grey.

Azo dye Organic functional Log Kow Water solubility (mgL™)
groups (nested) — QSAR
Toolbox Experimental | KOWWIN ACD/Labs Experimental | EPI Suite - | EPI Suite -
v1.68 Percepta WaterNT WSKOW
logP
S1 Azo; - 5.51 4.46 0.018 (ECHA | 4.39 0.67
Fused carbocyclic CHEM)
aromatic;
Aryl;
Phenol;
Naphtalene
S1 Aryl; - 3.312 3.81 - 4.0 36
tautomer Hydrazone;
(stable Quinoid compounds
form)
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Azo dye

Organic functional

groups (nested) — QSAR

Toolbox

Log Kow

Water solubility (mgL™)

Experimental

KOWWIN
v1.68

ACD/Labs
Percepta

logP

Experimental

EPI Suite -
WaterNT

EPI Suite -
WSKOW

DY3

Azo;

Aryl;

Phenol;

Organic amide and
thioamide;

Alkyl (hetero)arenes;
Alkyl-, alkenyl- and
alkynyl (hetero)arenes

3.98

3.27

0.00033

1.18 (QSAR
TB)

257

10.25

DY3

tautomer

Allyl;

Aryl;

Hydrazone;

Quinoid compounds;
Organic amide and

thioamide

1.97

141

53

386
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Azo dye

Organic functional

groups (nested) — QSAR

Toolbox

Log Kow

Water solubility (mgL™)

Experimental

KOWWIN
v1.68

ACD/Labs
Percepta

logP

Experimental

EPI Suite -
WaterNT

EPI Suite -
WSKOW

SRG

Azo;

Ether;

Fused carbocyclic
aromatic;

Aryl;

Phenol;
Naphtalene;
Alkoxy

7.5 (ECHA
CHEM)

5.59

4.69

0 (ECHA
CHEM)
0.00033
(QSAR TB)

2.3

0.38
(0.009
using exp

log Kow)

SRG
tautomer
(stable

form)

Ether;

Aryl;

Hydrazone;

Quinoid compounds;

Alkoxy

3.39

2.1

20

DO61

Azo;
Aryl halide;
Nitrile;

2.132
(ECHA
CHEM)

6.47

5.48

<20

0.17

0.00056
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Azo dye Organic functional Log Kow Water solubility (mgL™)
groups (nested) — QSAR
Toolbox Experimental | KOWWIN ACD/Labs Experimental | EPI Suite - | EPI Suite -
v1.68 Percepta WaterNT WSKOW
logP
Aromatic amine; (2.8 using
Nitrobenzene exp log Kow)
D025 Azo; 4.38 (ECHA | 4.69 4.46 <0.02 (ECHA | 4.02 0.17
Nitrile; CHEM) CHEM)
Aromatic amine; (0.33 using
Nitrobenzene 40000 (QSAR exp log Kow)
TB)
DR1 Alcohol; 4.3 (QSAR 4.2 4.1 0.16 (QSAR 58 0.79
Azo; TB) TB)
Aromatic amine;
Nitrobenzene
DR13 Alcohol; - 4.85 4.68 0.012 (QSAR | 13 0.16
Azo; TB)
Aryl halide;

Aromatic amine;
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Azo dye

Organic functional
groups (nested) — QSAR

Toolbox

Log Kow

Water solubility (mgL™)

Experimental

KOWWIN
v1.68

ACD/Labs
Percepta

logP

Experimental

EPI Suite -
WaterNT

EPI Suite -
WSKOW

Nitrobenzene
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Next, the seven dyes were grouped based on their chemical structures and chemical
features using two independent approaches: ClassyFire (a web-based tool extensively
used in the metabolomics community to associate biological activity with molecular
structure)®®’” and (Q)SAR profiling (conducted by Doris Hermann, ECHA). The
grouping patterns that emerged from the application of these approaches are
summarised in Table 3.4 and Table 3.5, respectively. ClassyFire categorised the seven
azo dyes into two distinct groups separating the two sudan dyes from the remaining

five disperse dyes.

Table 3.4 ClassyFire taxonomic classification of the seven azo dyes.

Azo dye ClassyFire taxonomic classification

S1, SRG Kingdom: Organic compounds
Superclass: Benzenoids
Class: Naphthalenes

Subclass: Naphthols and derivatives

DY3, DO61, DO25, DR1, DR13 Kingdom: Organic compounds
Superclass: Organoheterocyclic compounds

Class: Azobenzenes

In contrast, based on the (Q)SAR profiling results, the seven azo dyes can be
categorised into three subgroups: 1) group 1 — sudan dyes, 2) group 2 — disperse
orange and red dyes and 3) group 3 — disperse yellow 3 dye. In theory, the aquatic

toxicity (on a molar basis) should correlate with the log Kow within these sub-groups.

One observation from this grouping pattern is that three dyes: both sudan dyes (S1
and SRG, group 1) and DY3 (group 3) were all classified as phenols, indicating there

are some similarities among these three dyes.
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Table 3.5 Conventional grouping hypothesis based on (Q)SAR profiling (conducted by ECHA),

highlighting some similarities between the sudan dyes and disperse yellow 3 dye (grey

shading).

(Q)SAR tool output

Group 1 - sudan

dyes

Group 2 - disperse
orange and red

dyes

Group 3 - disperse

yellow dye

SRG, S1 (polar

narcotics)

DO61, DR13, DO25,
DR1 (non-polar

narcotics)

DY3 (polar narcotic)

ECOSAR 2.0
(Ecological
Structure Activity
Relationships)

Belong to Phenols

Belong to Neutral

organics

Belongs to Phenaols,
Amides, Phenol

amines

OASIS (QSAR Reactive unspecified | Reactive unspecified | Reactive unspecified

Toolbox) alert by acute alert by acute alert by acute
aguatic toxicity MoA | aquatic toxicity MoA | aquatic toxicity MoA

US-EPA New Only DR13 and Identified as Phenols

Chemical DOG61 are identified (Acute toxicity)

Categories as Neutral organics

OECD HPV Belongs to m,p-

Chemical Cresols

Categories

Summary of conventional grouping hypotheses and conclusions

The conventional grouping hypotheses derived from predictive in silico tools and the
assessment of physico-chemical properties are summarised in Table 3.6. It can be

concluded from these findings that there is no single grouping hypothesis that arises
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from considering physico-chemical properties, chemical structure (ClassyFire) and by
applying (Q)SAR analyses. These findings revealed some similarities among three azo
dyes (all classified as polar narcotics and phenols): DY3, SRG and S1. DY3 forms its

own group but it is most structurally similar to the other two sudan dyes.

Of note, this initial azo dye grouping hypothesis is based on purely theoretical in nature
in silico predictions that are used as an alternative approach to fill experimental data
gaps and aid chemical prioritisation for further assessment23¢, However, many in silico
tools for aquatic toxicity show decreased prediction accuracy for ionisable and poorly
soluble chemicals (classified as narcotics)?®®. Therefore, there is an inherent
uncertainty associated with how these azo dyes will act in practice within the exposed

Daphnia magna.

Table 3.6 Summary of the grouping hypotheses prior to molecular mechanistic studies.

Approach Grouping hypothesis

ClassyFire taxonomic Group 1 - S1, SRG

classification Group 2 - DO25, D061, DR1, DR13, DY3
Physico-chemical No clear groups are formed, instead predicted gradients of
properties (ECHA) toxicity inferred from log Kowand water solubilities (assuming

a narcotic MoA): e.g., relative toxicities based on predicted
log Kow Only DO61 > SRG > S1 > DR13 > DO25 > DR1 >
DY3

(Q)SAR (ECHA) Group 1 - SRG, S1 (polar narcotics)
Group 2 - DO61, DR13, DO25, DR1 (non-polar narcotics)
Group 3 - DY3 (polar narcotic)
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3.5 Daphnia magna acute toxicity exposures for omics
study

The findings obtained from the acute (48 h) range-finding experiments and benchmark
dose (BMD) modelling (as described in section 2.2.2 in chapter 2) were used to
determine the final test doses for the omics exposures. A series of 48 h exposure
studies (as per OECD guidelines®!) were subsequently conducted to generate Daphnia
samples for multi-omics analyses. Each experimental sample comprised n=6
neonates, as concluded from the biomass optimisation study described in the previous

section (3.4).

The final omics experimental design comprised seven azo dyes (S1, DY3, SRG, DO61,
D025, DR1, DR13) three doses (treated low, medium and high, and untreated control
samples containing 0.1% DMSO) and three sampling points (2 h, 24 h and 48 h).
Therefore, for a single azo dye, there were nine possible dose/time treatment groups

and a total of 63 possible groups in this seven-substance grouping study.

The exposure concentrations for each dye, number of samples collected for each of
the omics assays (i.e. metabolomics + lipidomics, and transcriptomics) and
experimental observations following the acute exposures are summarised in Table 3.7.
Due to considerable differences in azo dye toxicity, the high doses for the seven dyes
spanned nearly three orders of magnitude: DO61 caused ca. 10% Daphnia
immobilisation at 0.004 mg L* while SRG induced the same adverse outcome at 3.35

mg L (see section 2.2.3).

For clarity, the total numbers of theoretical samples per dye were calculated as follows:
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1) For polar metabolomics + lipidomics analyses: n=6 biological replicates x (3
treated doses +1 untreated controls) exposure concentrations x 3 time points =
72 samples per dye.

2) For transcriptomics analyses: n=4 biological replicates x (3 treated doses +1
untreated controls) exposure concentrations x 3 time points = 48 samples per

dye.

The actual numbers of samples collected were slightly lower due to sample loss during
the omics exposures. Specifically, five treatment groups were removed from the study
due to Daphnia immobilisation (i.e. 48 h medium and high dose for S1, 48 h high dose

for DO61).

Azo dye concentrations used in all toxicity studies were nominal concentrations and,
therefore, the actual exposure may be slightly lower due to limited solubility and partial
adherence of dye particles to the glass exposure vessels and animals. Therefore, any
future azo dye exposures should incorporate the analysis of media samples to

determine the actual test concentrations.

Figure 3.2 shows a light microscope image of Daphnia magna exposed to SRG,
highlighting the ‘real-world’ challenges associated with complex physico-chemical
properties of these azo dyes. Due to hydrophobic nature of the azo dyes, every effort
was made to set testing concentrations at or below solubility levels to avoid any
complications associated with physical toxicity induced by undissolved particles rather

than the inherent toxicity of the dyes.
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Figure 3.2 Light microscope images of (a) Daphnia control and (b) Daphnia exposed to 1 mg
L! SRG for 24 h. Pigmentation and dye particles appear to be present on the antennae,
carapace and in high concentration in the gut suggesting that dye particles adhere to the

exposed animal (approximately 100x magnification).

100



Table 3.7. Summary of test conditions, experimental observations and experimental batch design for the Daphnia acute (48 h) multi-omics

study.
Azo dye | Nominal exposure concentrations Exposure Metabolite + Experimental No. of samples collected
for acute multi-omics study (mg L?) | batch (A-F) | lipid and RNA observations (dye) for polar metabolomics +
extraction lipidomics and
batch (1-6) transcriptomics
analyses
S1 0.0087, 0.026, 0.078 Batch E Batch 5 No precipitation 59 + 40"
SRG 0.3,1.0,3.35 Batch B Batch 2 Dye patrticles visible = 72 + 48 (controls shared
0.3mglL? with DR1)
DY3 0.1,0.3,0.91 Batch D Batch 4 No precipitation 72 + 48
DO25 0.3,1.0,3.0 Batch A Batch 1 Dye particles visible = 3 72 + 48
mg L?
DO61 0.0004, 0.0013, 0.004 Batch C Batch 3 No precipitation 69 + 44"
DR1 0.01, 0.03,0.1 Batch B Batch 2 No precipitation 72 + 48 (controls shared
with SRG)
DR13 0.002, 0.006, 0.018 Batch F Batch 6 No precipitation 72 +48

"Samples discarded due to Daphnia immobilisation at 48h.
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In addition, 339 samples were analysed externally by BioSpyder Templated Oligo-
Sequencing (TempO-Seq) transcriptomics (BioSpyder, US). The overall QC/QA
assessment of gene expression data and subsequent analyses were conducted by the
co-authors on the study: Prof. John Colbourne, Dr Rosemary Barnett and Dr Jiauri
Zhou. However, the analysis of transcriptomics datasets is not within the scope of this

thesis, thus it is not discussed in detail.

3.6 Quality control (QC) assessment of nESI-DIMS
untargeted metabolomics

The scale of untargeted nESI-DIMS raw data collection for this high-throughput omics
study is presented in Table 3.8. For each extracted sample, three nESI-DIMS assays
(i.e. polar metabolomics in positive and negative ion modes, and lipidomics in negative
ion mode only) were applied to maximise the detection of endogenous metabolites and
lipids in the Daphnia.

Table 3.8 Summary of nESI-DIMS analyses of D. magna extracts following acute (48 h)

exposures to the seven azo dyes.

Study name No. of samples Total of MS! nESI-
DIMS analyses

Biomass optimisation study 76 152
Acute azo dye study 603 1,809
Total 679 1,961
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As described in section 2.3, QC strategies applied within this study align with MERIT
best practice guidelines®. Therefore, three types of QC control samples were included,
namely: 1) system suitability QC samples (ssQC), 2) pooled intra-study QC samples

and 3) process (extraction) blanks.

System suitability QC data collected with each analytical batch were examined to
derive mass error tolerance for lipidomics and polar metabolomics datasets at £5 ppm

and £10 ppm, respectively.

The overall technical quality of the polar metabolomics and lipidomics datasets was
reported using the median of the relative standard deviations over all pooled intra-study
QC peak measurements (MRSDR?C). The mMRSDR€ values for each assay are listed in
Table 3.6, describing the analytical reproducibility for each of the three assay types
across all of the experimental batches of samples (Exposure batches A-F combined,

see Table 3.7).

Table 3.9 Analytical precision of the three nESI-DIMS metabolomics assay types following
extensive DIMSPy data processing (as detailed in section 2.4).

NESI-DIMS assay MRSDCC (%) No. of peaks in extensively

processed dataset

Polar metabolomics (+) 26.6 245
Lipidomics (-) 21.8 177
Polar metabolomics (-) 311 94
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Based on these findings, the nESI-DIMS polar negative metabolomics dataset was
deemed as poor quality due to relatively low feature count and high mRSD®¢ values,
and therefore excluded from further omics analyses and hierarchical clustering

analyses (HCA) for grouping of the seven azo dyes.

The initial assessment of data quality for the remaining two assays (polar
metabolomics and lipidomics, both measured in positive ion mode) was conducted by
applying principal component analysis (PCA) to the glog-transformed peak matrix for
each dye. Figure 3.3 shows separation of QC samples from experimental dye samples.
The clustering of QC samples indicates good reproducibility and robustness of nESI-

DIMS analyses.
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Figure 3.3 PCA scores plots showing clear separation of QC samples (black) from all biological
dye samples (C, L, M, H) in nESI-DIMS lipidomics (left) and polar metabolomics (right). PC1
captures 25.4% and 70.8% of variance in the data for polar metabolomics and lipidomics,

respectively. Abbreviations: C — controls, L — low dose, M — medium dose, H — high dose.
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Any outlying samples (i.e. lying outside of the 95% CI ellipse in PCA) were
subsequently removed from each dataset (13 samples from polar metabolomics and
20 samples from lipidomics) prior to conducting HCA analyses. The numbers of

samples taken for further omics analyses are summarised in table 3.10.

In addition, both datasets were assessed for instrumental drift and any batch effects in

this multi-batch study. It was concluded that no correction was required.

Table 3.10 Summary of sample numbers for HCA analyses following the removal of outliers

identified via PCA analyses.

Azo dye nESI-DIMS nESI-DIMS
metabolomics (+) lipidomics (+)

S1 50 54

DY3 69 69

SRG 66 65
DO61 66 65
DO25 45 63

DR1 67 68

DR13 69 67

Total no. of samples 432 451

for HCA analyses

Further assessment of QC samples concluded that they were not representative of the
experimental samples, hence normalisation was conducted using all dye-specific
biological samples for a given dye due to the unique experimental design of the study,
whereby each dye was analysed with a specific set of control samples (as previously

described in section 2.2.4). Using biological samples for normalisation yielded a more
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consistent distribution of PQN coefficients across all the doses and time points (per

dye) compared to the standard normalisation method using intra-study QC samples.

3.7 Omics-based grouping approaches

As described in section 3.5, based on the experimental design for the D. magna omics
exposures (incorporating three treated doses and three sampling time points), there
were nine possible dose/time groups for a single dye, resulting in 63 possible groups
in this seven-dye study. Five groups were subsequently removed from the study due
to Daphnia immobilisation (i.e. 48 h medium and high dose for S1, 48 h high dose for
DO61) and/or sample loss during the initial data processing and PCA (i.e. 2 h low dose
and medium dose for DO25 outside 95% confidence intervals; ClI), leaving 58
dose/time treatment groups in total for statistical analyses (using methods described
in section 2.5). For consistency, any dose/time groups missing for one omics data

stream were also excluded from further analyses.

Prior to multivariate (i.e. PCA) and univariate (i.e. independent two-sample t-test)
statistical analyses, omics data were processed separately, using established

methods, as described in section 2.4.

First, PCA was employed to mine the datasets and reveal any underlying patterns for
individual dyes. For example, typical PCA scores plots for SRG azo dye show partial
separation of treatment groups (C, L, M, H) and time-course (2 h, 24 h, 48 h) in nESI-
DIMS lipidomics, suggesting that dose and time-dependent metabolic perturbations
occurred in the Daphnia during acute exposures (Figure 3.4). PC1 captures 58.4 % of

the total variance in this dataset.
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Figure 3.4 PCA scores showing separation of (a) treatment groups and (b) sampling time
points in D. magna nESI-DIMS lipidomics following acute (48 h) exposure to SRG azo dye. QC
samples are separated from experimental samples and cluster together, indicating high
reproducibility. Abbreviations: C — controls, L — low dose, M — medium dose, H — high dose.

Next, the t-statistics derived from univariate analyses of all molecular features (i.e. m/z
metabolomics and lipidomics features, and genes) were used to conduct unsupervised
hierarchical cluster analyses (HCA; as described in section 2.5) to reveal a grouping
pattern (dendrogram) for the dyes based on the toxicological similarities (or
dissimilarities) of molecular responses in Daphnia magna. Various feature selection
and group selection approaches were considered to ensure the robustness of the

cluster analyses performed on the omics datasets.

Specifically, three different feature selection strategies were explored to derive an
optimal grouping strategy based on the number of distinct low, medium and high
(L+M+H) dose clusters formed in a dendrogram for each dye (relative to the maximum

number of 18 possible clusters, given the missing dose/time groups), and stability of
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those clusters, expressed as approximately unbiased (AU) probability values (p-
values) calculated for each cluster using the pvclust R-package?!®. The three strategies
(considering all molecular features, or significant features only, i.e. non FDR-corrected
p<0.05 and FDR-corrected g<0.1) and the corresponding numbers of molecular
features used for clustering analyses are summarised in Table 3.11. The final
approach (i.e. using all detected molecular responses in D. magna) applied in the azo

dye omics grouping is highlighted in blue.

Polar metabolomics and lipidomics features were considered together as the most
‘downstream’ reflection of a phenotype, and, therefore merged into a 428-feature
matrix for subsequent HCA analyses. The resulting data matrix for cluster analyses
contained a total of 2317 features (including 245 polar metabolic and 193 lipid m/z
features, and 1889 genes) for 58 dose/time treatment groups. This defined the strategy

for the first type of HCA analyses conducted on this dataset.
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Table 3.11 Feature selection approaches for the azo dye grouping using HCA. Blue shading
indicates features considered for the subsequent omics analyses (all detected features), yellow
shading indicates significant features (p<0.05) that were used for the pre-assessment of

molecular responses (illustrated in Figure 3.5 and explained further in the text below).

Features Polar Lipidomics | Transcriptomics All omics
metabolomics
All features 245 183 1889 2317
considered
p<0.05 (non-FDR- 233 178 1792 2203
corrected)
g<0.1 (FDR- 93 119 918 1130
corrected)

Feature selection was followed by an initial assessment of the molecular responses
across all omics to guide specific dose/time group selection for each of the seven dyes
for another type of final HCA analyses conducted on a smaller subset of treatment
groups. Specifically, Figure 3.5 summarises the results from univariate analyses,
illustrating the percentage of significant features (non FDR-corrected p<0.05) at each
dose group for the three sampling time points. The bar charts clearly show the effects
of time, dose, for each dye, for each type of omics assay. These findings were used to
select a single dose with the largest overall molecular effect occurring within each time
point (i.e. the largest absolute t-values across the 2h, 24 h and 48 h time-series, per
dose, per dye), reducing the overall number of treatment groups from 58 (when all
possible groups were considered) to 21 (i.e. 3 groups per dye). The rationale for this
approach was to capture the highest level of molecular perturbations that occurred in

the Daphnia over the time-course of azo dye exposures.
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Figure 3.5 Bar charts showing percentage of significant features (non FDR-corrected p<0.05)
per dye, per dose (low, medium, high) and per sampling time point (2 h, 24 h, 48 h) for each
type of omics assay: red — nESI-DIMS lipidomics, green — nESI-DIMS polar metabolomics,

blue — transcriptomics. Significant feature numbers (per omics assay) behind the bar charts
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are detailed in Table 3.11 above (figure produced by Dr Rosemary Barnett).

The azo dye dendrograms resulting from the two approaches: 1) ‘all treatments’
(considering all possible 58 dose/time treatment groups across the three timepoints)
approach and 2) ‘maximum perturbation’ approach (considering 21 dose/time

treatment groups for a single time point) are presented and discussed below. HCA was

110

2 24 48




applied to examine clustering patterns for the seven azo dyes emerging from multi-
omics (i.e. metabolomics + lipidomics + transcriptomics) and single omics (i.e.
metabolomics + lipidomics, or transcriptomics only) analyses, using both of the above
approaches. Both types of analyses were conducted on a total of 2317 features for
multi-omics: specifically, 428 combined polar metabolomics and lipidomics m/z

features, and 1889 genes.

3.7.1 Azo dye grouping patterns revealed by the HCA ‘all
treatments’ approach

Figures 3.6-8 show relatively complex dendrograms (with calculated AU p-values) that
resulted from the hierarchical cluster analyses of the acute omics datasets containing
all 58 possible treatment groups. The key observation from these results is that low
(L), medium (M) and high (H) doses of each dye cluster together at each time point.
This indicates that relatively subtle changes of dose levels (i.e. 3-fold higher and 3-fold
lower than the mid-dose) induce relatively consistent molecular responses for any one
dye, compared to the differences in the biological effects induced across time and
across the different azo dyes. The highest number of distinct clusters (16 out of 18
possible clusters reduced from 21 due to sample loss) emerge in the dendrogram
obtained from the HCA analyses considering all 2317 features from three omics data
streams, whereby only two dose/time groups (DO25 48 h high dose and DY3 48 h low
dose) do not follow this pattern (Figure 3.7). In contrast, single omics analyses result
in the formation of 11 (tending towards 13) and 10 (tending towards 15) separate
L+M+H dose clusters for polar metabolomics and lipidomics (Figure 3.6), and
transcriptomics (Figure 3.8), respectively. The higher number of clusters observed

when considering all three omics data streams suggests that multi-omics indeed has
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the power to more comprehensively characterise toxicological similarities among the
dyes, compared to single omics interrogations. This is further supported by the highest
overall p-values (approaching 100) and, therefore, higher stability of these L+M+H
dose clusters observed in the multi-omics dendrograms, compared to single omics

analyses.

The clustering pattern for the three dyes of interest (S1, DY3, SRG) that starts to
emerge in all three dendrograms (highlighted in yellow) is further explored in the next
section (3.7.2). In addition, 20 significantly changing shared metabolites (q < 0.1)
representing six lipid classes were putatively annotated for the three dyes in the nESI-

DIMS lipidomics dataset (Appendix B, Figure B-1).

Another observation is that the time of observation of the molecular changes occurring
in the exposed Daphnia has a significant impact on the grouping pattern, i.e. the three
time points (2 h, 24 h, 48 h) for each dye rarely cluster together within the dendrograms.
This highlights the dynamic nature of the molecular changes within the Daphnia

following exposure to the seven dyes azo dyes.
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Figure 3.6 Dendrogram resulting from the ‘all results’ approach for all 58 groups (i.e. maximum of 9 dose/time treatment groups per dye)
comparison of polar metabolomics and lipidomics. At least 11 and up to 13 L+M+H dose clusters are observed for all 428 features. Example
L+M+H (low, medium, high) dose clusters for S1, DY3 and SRG are highlighted (yellow shading). AU (approximately unbiased) p-values
are shown in red and BP (bootstrap probability) values for each cluster are shown in green.
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Figure 3.7 Dendrogram resulting from the ‘all results’ approach for all 58 groups (i.e. maximum of 9 dose/time treatment groups per dye)
comparison of all omics features (polar metabolomics, lipidomics and transcriptomics). 16 of L+M+H dose clusters are observed for all 2317
features. Example L+M+H (low, medium, high) dose clusters are highlighted for S1, DY3 and SRG (yellow shading). AU (approximately

unbiased) p-values are shown in red and BP (bootstrap probability) values for each cluster are shown in green.
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Figure 3.8 Dendrogram resulting from the ‘all results’ approach for all 58 groups (i.e. maximum of 9 dose/time treatment groups per dye)
comparison of transcriptomics. At least 10 and up to 15 possible L+M+H dose clusters are observed for all 1889 genes. Example L+M+H
(low, medium, high) dose clusters are highlighted (yellow shading). AU (approximately unbiased) p-values are shown in red and BP
(bootstrap probability) values for each cluster are shown in green.
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3.7.2 Azo dye grouping patterns revealed by the HCA ‘max.
perturbation’ approach

Figures 3.9-11 illustrate more interpretable dendrograms (with AU p-values) resulting
from the hierarchical cluster analyses of the acute omics datasets based on the largest
observed molecular effect in the exposed Daphnia. The first observation from these
21-group analyses is that L+M+H (low, medium, high) dose clusters are formed for any
given dye, providing evidence of similarity in omics responses that are consistent with
responses observed when all 58 treatment groups are considered (as discussed
section 3.7.1). Also, the highest overall number of these distinct clusters are again
observed for multi-omics analyses integrating all three data streams (polar

metabolomics, lipidomics and transcriptomics).

The second observation is that while three major clusters form in all three
dendrograms, the clearest pattern consistently emerges from multi-omics analyses, as
illustrated in Figure 3.10. There are two distinct groups of disperse red and orange
dyes, and the third cluster contains the three dyes of interest (S1, DY3, SRG) that were
identified as similar in the initial grouping hypothesis using conventional approaches
(see section 3.4). The stability of this cluster is evidenced by high AU p-values that
increase from 72% for polar metabolomics + lipidomics (Figure 3.9) to 94% for multi-

omics derived grouping (Figure 3.10).

Individual omics produce similar results, but with lower confidence (Figures 3.9 and
3.11, respectively). This is consistent with the results revealed by the 58-group HCA

analyses presented in the previous section.
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These findings clearly demonstrate that polar metabolomics and lipidomics responses
are capable of revealing deep grouping patterns for the dyes as part of a multi-omics
approach. While conventional approaches suggest that the two sudan dyes and DYR3
azo dye are similar, the inclusion of mechanistic omics-derived data in the G/RAX
workflow allows to fine tune the approach and confidently identify a possible ‘source’
and ‘target’ (S1 and DY3) for subsequent read-across within the SRG-S1-DY 3 cluster,
as shown in Figure 3.11. Given the similarity of molecular responses between S1 and
DY3, a specific toxicity endpoint (e.g. for NOEC or LOEC, no and lowest observed
effect concentrations, respectively) could be ‘read-across’ (or predicted) for one of the
dyes (e.g. from S1 ‘source’ to DY3 ‘target’). However, this hypothesis would require
further validation with experimental data, e.g. by conducting 21-day reproductive
toxicity studies for both dyes, applying benchmark dose (BMD) modelling and

comparing the derived NOEC/LOEC values for S1 and SRG.
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Figure 3.9 Dendrogram resulting from the ‘maximum perturbation’ approach for 21 groups
(single time point) comparison of polar metabolomics and lipidomics. Four L+M+H (low,
medium, high) dose clusters are observed for all 428 features. The cluster containing SRG,

S1, DY3 (yellow shading) shows 72% AU values.
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Figure 3.10 Dendrogram resulting from the ‘maximum perturbation’ approach for 21 groups
(single time point) comparison of all omics features (polar metabolomics, lipidomics and
transcriptomics). Seven of L+M+H (low, medium, high) dose clusters are observed for all 2317
features. Three major clusters are formed, the cluster containing SRG, S1, DY3 (yellow
shading) shows high confidence 94% AU values. Dashed line indicates that S1 and DY3 azo
dyes are most similar, allowing to select a potential ‘source’ and ‘target’ for subsequent read-

across.
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Figure 3.11 Dendrogram resulting from the ‘maximum perturbation’ approach for 21 groups
(single time point) comparison of transcriptomics. Five L+M+H (low, medium, high) dose
clusters are observed for all 1889 genes. The cluster containing SRG, S1, DY3 (yellow

shading) shows 63% AU values.

3.8 Conclusions and further work

The aim of the work presented in this chapter was to assess the capabilities of multi-
omics (specifically, polar metabolomics, lipidomics integrated with transcriptomics) to
form categories of seven azo dyes based on the molecular perturbations induced in
Daphnia magna following acute (48 h) exposures. With the above in mind, the first
objective was achieved by developing and implementing a grouping workflow that

integrated high-throughput untargeted nESI-DIMS (1,961 analyses) and targeted
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BioSpyder transcriptomics analyses (further 339 analyses). The experimental design
incorporating three doses and three sampling time points across three omics assays
was implemented to maximise the chance of detecting molecular-level perturbations

in the Daphnia.

The initial grouping hypothesis (mainly based on structure) revealed some similarities
between three dyes of interest: S1, SRG and DY3. Specifically, all three dyes were
classified as non-polar narcotics (i.e. exhibiting no specific MoA) and phenols, applying
conventional in silico approaches (various (QS)AR tools and ClassyFire) that are
frequently utilised in regulatory toxicology to predict toxicity in the absence of
experimental data. However, it should be noted that accuracy of (Q)SAR predictions
for aquatic toxicity for non-specific acting chemicals, such as azo dyes, is inherently

limited?240.

This initial structure-based grouping hypothesis was substantiated and refined by
incorporating omics data in the workflow to unravel a deeper biology-driven grouping
pattern among the dyes, considering both 58 possible groups (‘all treatments’
approach) and the ‘maximum perturbation’ approach (21 groups). Untargeted
metabolomics clearly demonstrates its capability to form categories of the seven azo
dyes based on the unidentified (MSI Level 4) m/z features and a grouping pattern
emerges, particularly when considering the largest azo dye-related molecular
perturbations in D. magna (21 groups). However, the confidence in the observed
cluster for the three dyes of interest (S1, DY3 and SRQG) is further strengthened by
applying the combination of all three omics data streams (increasing from 72% to 94%,

respectively), suggesting that multi-omics indeed increases sensitivity of this approach.
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This allows to identify similarities (or dissimilarities) among the two sudan dyes and
DY3 with higher precision and confidence (compared to the conventional methods
presented in section 3.4), in order to guide selection of possible chemicals for
subsequent read-across (here, proposed S1 and DY 3 dyes), ultimately leading to more

accurate toxicity predictions.

The study also highlighted a number of challenges for deeper examination. First, while
the selection of data-poor chemicals attempted to address the knowledge gap in
toxicity and chemical risk assessment of azo dyes, it is important to note that there is
no ‘gold standard’ method available to validate the grouping results. Secondly, given
the dynamic nature of molecular responses in D. magna, the proposed G/RAx workflow
would further benefit from a strategy that considers the changes in the grouping pattern
as a function of exposure time, e.g. similarity could be based on a molecular trajectory
(over a time interval), rather than for a specific time point. In addition, the experimental
design for future grouping studies could be improved by incorporating positive and
negative control chemicals (i.e. artificial outgroups in hierarchical cluster analysis) to
provide additional confidence in grouping patterns that emerge from molecular
responses in a biological system. For HCA analyses, deriving decision thresholds on
the dendrogram in a robust manner requires attention. One way to address this
challenge is e.g. by employing a dynamic tree cutting algorithm using the R

programming language?**.

In addition, alternative methods could be explored for discriminating groups of azo
dyes, such as two-mode clustering (to simultaneously obtain similar groups of

experiments and metabolites) based on a genetic algorithm (GA)?20242, GA-based
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clustering is a multivariate approach that can reveal biologically meaningful clusters in
the untargeted mass spectrometry-based metabolomics data and has been
successfully applied for pattern recognition and pathway analysis, also in combination
with a neutral network (NN), a deep learning (DL) tool?43244, The advantage of the
extensive GA validation approaches is the identification of metabolites with unstable
clustering and gaining information on the homogeneity of the clusters??°. Also, other
DL approaches increasingly applied in drug discovery and drug development to
establish e.g. drug-drug similarity could in principle provide further insights into azo

dye similarity predictions. 24°

As extension of the work presented in this chapter, pathway-based metabolite
enrichment analysis could be implemented to provide information on the perturbed
toxicity pathways and potentially reveal biomarkers of toxicity in response to azo dye
exposure, particularly for the three dyes of interest in the study (S1, SRG, DY3) that
share similarities in molecular responses. One caveat in this approach is that it usually
requires high level of feature annotation and identification, which presents a formidable
challenge if only MS! level nESI-DIMS data are collected, which is a consistent

limitation for most untargeted metabolomics studies.

This chapter investigated azo grouping patterns that emerged from endogenous
molecular responses in the exposed Daphnia. Another aspect of G/RAx worth
exploring is ADME/TK (mainly xenobiotic metabolism). This information could, in
principle, complement the azo dye toxicodynamics and add further confidence to the
omics-derived grouping presented in this chapter (i.e. by identifying shared

biotransformation products), thus contributing to an even deeper understanding of

123



chemical toxicity. The potential added value of untargeted metabolomics in ADME/TK

characterisation of xenobiotics is discussed in chapter 4 of the thesis.

Overall, this proof-of-principle study successfully demonstrated that untargeted
metabolomics data can and should be considered, along conventional approaches, to
enhance confidence in grouping of the seven azo dyes. While transcriptomics is not
the primary focus of this thesis, this study reiterates the benefits of integrating
metabolomics with another omics data stream for a more sensitive and comprehensive
toxicological evaluation. To the best of my knowledge, the investigations presented in
this chapter represent a first multi-omics grouping project of this scale conducted on
data-poor chemicals to demonstrate concepts of biology-based G/RAX in the context
of regulatory toxicology. As such, despite its certain limitations, this study is an early
but important step towards building more solid grouping and read-across cases,
ultimately accelerating regulatory acceptance of untargeted metabolomics

approaches.
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CHAPTER 4 — REVEALING ADME/TK INFORMATION
EXISTING WITHIN UNTARGETED nESI-DIMS
METABOLOMICS OF DAPHNIA MAGNA EXTRACTS
FROM ACUTE AZO DYE TOXICITY STUDIES

4.1 Introduction

As previously highlighted, untargeted metabolomics is a promising approach that can
potentially be applied in various regulatory contexts, including chemical grouping to
enable biologically-driven read-across, hazard (or adverse outcome) identification and
deriving molecular points-of-departure (PODs) via benchmark dosing3%76, There is a
growing interest of the regulatory toxicology community in exploring and promoting
acceptance of new predictive toxicology approaches to accelerate the applications of
metabolomics in chemical safety assessment383246_|n particular, the integration of
toxicokinetics and toxicodynamics information in NAMs for chemical safety

assessment remains an active area of development®247.248,

Untargeted toxicokinetics (TK) and the measurement of the absorption, distribution,
metabolic biotransformation and/or elimination (ADME) of a xenobiotic, specifically
within an untargeted metabolomics experiment, is a relatively under-researched area
in toxicology and industrial chemical safety®2°. As internal concentration of a xenobiotic
largely drives the magnitude of the final adverse effect, TK/ADME properties are an
important consideration alongside mechanistic evidence in the development of
guantitative AOP, bridging the gap between descriptive knowledge and the prediction

of the adverse outcome*®24%, Consequently, information on xenobiotic metabolism and
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disposition can in principle play a key part in evaluating the systemic exposure and its
relationship to temporal dose-toxicity responses induced by the xenobiotic (and its

metabolites) thus improving the quality of hazard assessment strategies>*.

Regulatory agencies increasingly recognise that robust ADME/TK data has the
potential to not only substantiate grouping and read-across cases in the chemical
safety evaluation, but also reduce the uncertainty in such assessments’9:80251,
However, the associated costs, time delays and technical challenges of conducting
separate ADME/TK studies call for a more practical approach of collecting relevant TK

data within the same toxicity testing assay®°-2%,

Information on xenobiotic disposition and metabolism can strengthen the biological
evidencel®”10° particularly for negative read-across (i.e., for chemicals with low or no
toxicity) and can also be utilised for justification of conflicting experimental endpoints
of structurally similar substances?®? . However, toxicokinetic similarity of substances is
often associated with high uncertainty due to inadequacy of experimental ADME/TK
data that can hinder its application in grouping and read-across!®31%,_ Also, the lack of
ADME data for many industrial chemicals and poor understanding of their diverse
metabolic behaviour that covers a very broad chemical space poses a significant
challenge for accelerating the inclusion of ADME/TK information in chemical risk

assessmentl09.253,.254

The recent work of Bowden et al.® (manuscript under review) demonstrated that
information on the relationships between the toxicokinetics and toxicodynamics can
indeed be obtained from the same untargeted toxicometabolomics data that were

collected to investigate the molecular toxicity responses to xenobiotics. A newly
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developed multi-step data processing and analysis ADME/TK computational workflow
was previously successfully applied to MS? data from UHPLC-MS (ultrahigh
performance liquid chromatography mass spectrometry) untargeted metabolomics
experiments to explore drug metabolism of two model cardiotoxins in rat plasma and

cardiac tissue®.

In light of the above-described considerations, the overarching aim of the work
presented in this chapter was to demonstrate that the untargeted ADME/TK workflow
(after Bowden et al.?), with slight modifications, can be successfully applied to
untargeted MS! nESI-DIMS metabolomics data to extract xenobiotic (i.e. exogenous)
azo dye-related features from the same metabolomics experiment that was principally
designed to probe the endogenous toxicity responses to azo dye exposure in the D.
magna grouping study (see chapter 3). The first objective of the research was to apply
the multi-step ADME/TK workflow to three MS! nESI-DIMS datasets (specifically,
lipidomics in positive ion mode only and polar metabolomics in both positive and
negative ion modes) to provide confirmation of internal chemical exposure in the acute
(48 h) study for each of the seven azo dyes and relate these findings to external dosing.
Secondly, the ADME/TK information contained in all three nESI-DIMS datasets was
explored to gain insights into the metabolism and metabolic fate of the azo dyes under
study by revealing the metabolic biotransformation product(s). A series of criteria were
derived to gain further confidence in these putative annotations. The third objective
was to provide a crude visualisation of the uptake, metabolic biotransformation and
clearance rates (i.e., TK measurements) of the azo dye parent chemicals from the

biological test system, D. magna.
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4.2 Materials and methods

4.2.1 Metabolite extractions and untargeted nESI-DIMS
metabolomics of Daphnia magna extracts

The same methods were used as previously described in chapter 2 (see section 2.3 —
untargeted nESI-DIMS metabolomics). Briefly, metabolites were extracted manually
from Daphnia neonates (5-6 animals per sample) using a well-established bead-based
homogenisation and biphasic extraction (with a final ratio of chloroform:methanol:water
of 2:2:1.8) protocol®>57:58217  Extraction (or process) blanks (containing no biological
material) were prepared in the same manner with each sample batch to identify and
eliminate any possible sources of contamination that arise from sample processing.
Immediately prior to analysis, dried Daphnia extracts were resuspended in 25 uL of 4:1
methanol:water (v/v, Honeywell, Merck) containing a total of 0.1% formic acid (v/v,
Merck) for polar metabolomics samples and 40 pL of 2:1 7.5 mM methanolic
ammonium acetate:chloroform (v/v, Merck) for non-polar lipidomics samples. Both
polar and non-polar extracts were centrifuged to remove any suspended particulates
and debris prior to being plated onto a 384-well Eppendorf plate (15 uL for polar and

24 uL for non-polar extracts).

For clarity, the nESI-DIMS analyses were conducted in the same manner as described
in section 2.3. The data acquisition parameters were as previously detailed® with minor
modifications to optimise the sample biomass required in order to yield higher
analytical sensitivity of nESI- DIMS measurements of low biomass D. magna neonate

samples (see section 3.3 — Daphnia biomass optimisation study). The data were
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acquired in two ion modes: positive (to profile polar and lipid metabolites) and negative

(to measure polar metabolites).

For each metabolomics dataset corresponding to the seven azo dyes studied (3
assays per each dye), nESI-DIMS mass spectra were subsequently pre-processed

using DIMSPy package implemented in Galaxy (https://github.com/computational-

metabolomics/dimspy-galaxy)®. Peak picking, spectral SIM-stitch, sample alignment

and blank filter (to remove contaminant peak arising from the extraction process) were
applied as previously reported (see section 2.4)81%0, The resulting three data matrices
containing both endogenous and exogenous features for all seven azo dyes were then

subjected to dye-specific TK/ADME analyses.

4.2.2 Applying the untargeted xenobiotic processing workflow to
NESI-DIMS datasets

The objective of this part of the project was to obtain evidence of internal chemical
exposure of D. magna to each azo dye and gain insights into the absorption,
distribution, metabolic transformation and/or elimination (ADME) of the seven azo dyes
within the exposed Daphnia. This was achieved by interrogating ADME/TK information
derived from the untargeted nESI-DIMS measurements obtained from the same
biological samples that were used for the investigation of endogenous responses to

the seven dyes in the acute (48 h) toxicity study, as detailed in chapter 3.

A new untargeted ADME/TK workflow reported in Bowden et al® (manuscript under
review), with slight modifications, was applied to the three nESI-DIMS metabolomics

and lipidomics datasets (specifically, MS* spectra) for each azo dye to reveal any
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toxicokinetic/ADME information existing within the untargeted nESI-DIMS
measurements. The overall workflow for the extraction and visualisation of TK features
detected in the untargeted metabolomics datasets is shown in Figure 4.1 (adapted
from Bowen et al.®). Briefly, the nESI-DIMS datasets were first pre-processed (peak
picking and noise filtering, as described above) using the DIMSPy Galaxy platform.
The resulting blank-filtered data matrix was subsequently processed in the R
environment (version R-4.0.3), using a three-stage filter to retain only features arising
from the seven azo dyes and their potential biotransformation products (BTPs). Those
filters are: (1) features must be present in >80% of all treated high (H) dose biological
samples for each dye; (2) features must be present in <50% of all untreated dye-
specific control (C) samples; and (3) a >10 median fold change of peak intensities
between high dose and untreated control samples. Subsequent exploratory correlation
analysis of the putative azo dye-related features was conducted to reveal any
associations among specific dye-related features across the high dose treated
samples. Next, the TK-filtered azo dye-related feature intensity was normalised to
account for subtle differences in mass spectral intensities using the scaling factor
derived from the PQN normalisation of the endogenous features in the same biological

samples (see section 2.4).

The resulting azo dye-related feature intensity matrix was putatively annotated to at
least MSI Level 319184 ysing the list of in silico predicted metabolic biotransformation
products (Systematic Generation of potential Metabolites; SyGMa) for each azo dye
(using SyGMa python library operated in Galaxy?>°). The number of phase | and phase
Il biotransformation steps were set to 3 in SyGMa. Predictions with identical molecular

formulae were merged and only predictions with SyGMa probability score =20.01% were
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retained to provide further confidence that a given theoretical biotransformation
product is metabolically generated in a biological system?>°. The SyGMa predicted
metabolites for each of the azo dyes were matched against the putative azo dye-
related features with mass error tolerance of +5 ppm for lipidomics, and +10 ppm for
metabolomics (thresholds determined by examining the system suitability quality

control data, see section 3.6 in chapter 3).

(®) Group features and annotate peak
patterns, e.g. isotopes and adducts

(D) Peak picking (3) Exploratory BEAMSpy
and processing correlation
analysis
Putative .Q----.'p
Full peak azo dye- :'."
matrix frelated
eatures
I _____________ —— I Putatively
nESI- H | | annotated
DIMS —’E 'E ' azo dye-
MS' data H g related
compounds

(@ Annotate using
list of in silico predicted
biotransformation products
SyGMa

(2 Apply 3 peak intensity -
based filters
structToolbox

Y

Figure 4.1 Overview of untargeted xenobiotic processing workflow for the extraction and
visualisation of xenobiotics and their biotransformation products applied to untargeted MS*
nESI-DIMS metabolomics data (adapted from Bowen et al.®). (1) Full scan MS! data undergoes
pick picking and processing using DIMSpy to generate a ‘full peak matrix’, (2) a series of 3
intensity-based filters are applied to produce a list of ‘putative azo dye-related features’ which
is further explored by (3) correlation analysis to reveal any relationships between features. (4)
Annotation of compounds using a list of expected biotransformation products generates a list
of annotated azo dye-related compounds. (5) Grouping of features and annotations of peak

patterns.

131



In addition, normalised relative m/z intensities (associated with internal relative
concentrations) of all putatively annotated azo dye-related features (i.e., the parent
chemical and any metabolic biotransformation products detected) were examined to
identify any dose-response relationships as a function of time, which provided further
indirect evidence for the putative annotations. Finally, the putatively annotated azo dye
BTPs were assigned Markush structures®>® (as explicit metabolite structures and
precise sites of metabolism could not be predicted solely from nESI-DIMS MS!? data)
to determine if a given feature could be explained by common phase | and phase Il

modifications predicted by SyGMa.

Further confidence was achieved by conducting ion form annotation and correlation-
based grouping (to MSI Level 3) of the putative SyGMa annotations by the application
of the the Python package, BEAMSPy (Birmingham mEtabolite Annotation for Mass

Spectrometry Python package, v0.1.0; https://more.bham.ac.uk/beams/) pipeline

operated in Galaxy to identify multiple metabolic features (isotope or adduct patterns)
common to a single azo dye, using a £5 ppm mass error window. The list of adducts

and isotopes selected to annotate peak patterns was set to default.

A series of criteria derived to putatively annotate the azo dye parent chemicals and

their potential biotransformation product(s) are summarised in Figure 4.2.
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1. Feature detection by nESI-
DIMS (21 assay)

2. Detected in > 80% treated
high dose samples

3. Detected in < 50%
untreated control samples

4. Fold change median peak
intensities > 10

Peak intensity-based filters
from xenobiotic processing
workflow

5. Mass accuracy: lipidomics

15 ppm, metabolomics 10
PpPmM

6. Dose-response relationship

7. BEAMSPy grouping of features

Figure 4.2 Summary of data-driven and knowledge-driven criteria used for SyGMa-derived
putative annotations (at least MSI Level 3) of azo dye-related features in the nESI-DIMS MS?

data.

4.3 Results and discussion

The modified untargeted xenobiotic processing workflow was applied to the D. magna
nESI-DIMS datasets (specifically, MS* spectra of lipids in a positive ionisation mode,
and polar metabolites in both positive and negative ionisation modes) for each dye to
obtain evidence of internal chemical exposure, evidence of azo dye metabolism, and

to provide crude visualisation of metabolic clearance from the exposed Daphnia.
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4.3.1 Evidence of internal azo dye exposure

The following subsections describe the steps in the workflow and a series of criteria
derived to putatively annotate the azo dye parent chemicals in the three nESI-DIMS
datasets to obtain estimates of the relative internal concentrations of these chemicals

in the Daphnia.

4.3.1.1 Discovering azo dye-related features in nESI-DIMS datasets

First, the three intensity-based ADME/TK filters (as described in section 4.2.2) were
applied to the full blank-filtered data matrix (containing unannotated endogenous and
exogenous features related to the seven dyes) for each of the three nESI-DIMS
datasets separately. The application of the TK filters to the full blank-filtered peak
matrix from the lipidomics assay yielded different numbers of putative azo dye-related
features for each of the seven dyes, ranging from 3 (for S1) to 363 (for SRG). The
same filtering was also applied to the polar metabolomics datasets in both positive and
negative ionisation modes (each data matrix comprising 114,525 and 28,289 features,
respectively), extracting at least two exogenous features for the three dyes of interest
(S1, DY3 and SRG). The summary of the numbers of features (detected in the treated
high dose samples for each dye) before and after the implementation of the xenobiotics

processing workflow filters is presented in Table 4.1.
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Table 4.1 Number of putative azo dye-related features discovered in untargeted nESI-DIMS
datasets (per dye, per assay) following the application of the intensity-based ADME/TK filters
to the full data matrix. Key: [1] No. of unannotated features in the full peak matrix (containing
all seven azo dyes); [2] No. of features present in 80% treated high (H) dose samples and
<50% untreated controls (C); [3] No. of putative azo dye-related features with H/C intensity
fold change > 10. Abbreviations: L(+) — positive lipidomics, M(+) — polar positive metabolomics,

M(-) — polar negative metabolomics.

Azo NESI-DIMS L(+) NESI-DIMS M(+) nESI-DIMS M(-)
dve g [21 |[3] |[1] [21 |[3] |[1] 21 |I[3]
S1 [59,442 |35 [3 [114525 [187 |2 [28289 | 10 | 4
DY3 51 |43 56 |27 32 |17
SRG 439 | 363 66 |4 21 |19
DO61 20 |6 10 |0 5 0
DO25 98 |12 13 |1 4 0
DR1 13 |10 9 1 7 0
DR13 15 |6 32 o 41 |0

Following the ADME/TK filtering, seven lists of expected metabolic biotransformation
products of the azo dyes (one metabolic profile per dye) were generated using SyGMa
in silico prediction tool?>®. The original SyGMa outputs were subsequently filtered to
SyGMa probability score 20.01% and predictions with identical molecular formulae
were merged resulting in between 28 and 40 distinct molecular formulae, including the
parent chemical for each of the seven azo dyes (Table 4.1). The last step was to
putatively annotate the TK-filtered matrix using these filtered SyGMa outputs for each

dye.
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In addition, grouping of SyGMa-annotated features conducted on BEAMSPYy revealed
correlations between putatively annotated azo dye-related features across treated high
dose samples for S1, DY3 and SRG. This added an additional level of confidence to

their predicted origin from the parent chemicals.

The highest number of azo dye biotransformation products was discovered in the nESI-
DIMS lipidomics dataset (Table 4.2). Specifically, the parent chemical was putatively
annotated against the TK-filtered nESI DIMS lipidomics data for six azo dyes except
for DO25, where the parent chemical was present at a lower fold change (FC<10) and
therefore did not survive the original TK filtering parameters. In addition, at least one
biotransformation product was detected for three azo dyes (S1, DY3 and SRG) in the

same dataset.
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Table 4.2 Number of in silico predicted biotransformation products for the seven azo dyes
(SyGMa score 20.01%) and number of SyGMa annotated azo dye-related features in the

filtered datasets (per dye, per assay), using the TK-filtering settings summarised in Figure 4.2.

Azo dye S1 |DY3 |SRG |DO61 | DO25 | DR1 | DR13

No. of SyGMa predicted 28 |39 39 30 30 40 40
biotransformation products per
dye, inclusive of parent chemical

No. of SyGMa annotated azo 2 5 3 1 22 1 1
dye-related features in
lipidomics positive nESI-DIMS
dataset

No. of SyGMa annotated azo 1 |3 2¢ 0 1P 1 0
dye-related features in polar
positive metabolomics nESI-
DIMS dataset

No. of SyGMa annotated azo 2 5d 4 0 0 0 1€
dye-related features in polar
negative metabolomics nESI-
DIMS dataset

aTwo DO25-related features did not pass the fold change filter (i.e. FC<10 for these features).
bTentative DO25 parent.

‘Tentative SRG parent (FC<10).

9Two DY3-related features (including the parent) were present in <80% high dose samples.
®Feature present in <80% high dose samples.

The polar metabolomics dataset (acquired in positive ion mode) reveals the presence
of the parent chemical for four out of seven dyes (S1, DY3, SRG and DR1) and
additional biotransformation products were also putatively annotated for DY3 and SRG
(two and one, respectively). No xenobiotic-related features were discovered for DO61
and DR13 in this dataset, suggesting that the two azo dyes were present below the

limit of the detection (LOD) for the nESI-DIMS polar metabolomics assay.
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The nESI-DIMS polar metabolomics dataset measured in negative ion mode was also
interrogated for the presence of xenobiotic-related features. The assessment of the
system suitability data and peak count relative to the other two nESI-DIMS datasets
indicates that this is a problematic dataset and was therefore disregarded from the
main azo dye grouping study (with endogenous metabolites, see section 3.6 in chapter
3) but was subjected to TK-filtering to offer potential insights into the azo dye internal
exposure levels and metabolism, therefore providing additional level of confidence
particularly if the same putative annotations were discovered across multiple nESI-
DIMS assays. Initially, S1 and SRG parent chemicals and related biotransformation
products (one for S1 and three for SRG) were putatively annotated in this dataset
(Table 4.3). However, due to the data quality, slightly less stringent TK filters (i.e.,
feature present <70% high dose samples) were applied to this dataset revealing the
presence of an additional three tentative annotations, including DY 3 parent chemical,
a further DY3 biotransformation product and a DR13 biotransformation product

(present in 67%, 72% and 78% high dose samples, respectively; Tables 4.2 and 4.6).

4.3.1.1 Mass accuracy of azo dye-related features discovered in nESI-DIMS

datasets

Mass error tolerance of 5 ppm for the lipid dataset and 10 ppm for both polar
metabolomics datasets was determined based on the assessment of the system
suitability quality control (QC) samples analysed in triplicates at the beginning and end
of each analytical sequence for all three nESI-DIMS assays (as described in section

2.3).
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The azo dye-related putative annotations in the nESI-DIMS lipidomics dataset show
sub +5 ppm mass accuracy for the majority of the features (except for the S1 parent
chemical and its biotransformation product, and DR13 parent chemical), thereby
increasing confidence in these annotations (Table 4.3). Also, all reported m/z errors
are positive values and errors for DR1 and DO61 average to an error of about 1.6 ppm
suggesting that a slight drift in calibration occurred over the course of the analytical

run.

Mass accuracy for the azo dye-related putative annotations in both positive (Table 4.4)
and negative ESI-DIMS polar metabolomics datasets (Table 4.5) falls below the +10
ppm threshold for all the detected features, both parent chemicals and their
biotransformation products. In addition, the S1 parent and DY 3 parent chemicals were
detected with sub £5 ppm mass error tolerance within the positive metabolite dataset:
2.01 ppm and 4.26 ppm, respectively (Table 4.4). Mass measurement errors are
generally higher in the negative metabolite dataset except for the S1 parent chemical
which was detected with the mass error of -2.16 ppm. Higher mass errors can be
explained by the overall lower quality of this dataset which is reflected in lower peak
count and mRSD values compared to the other nESI-DIMS datasets (see section 3.6).
Also, the azo dye-related putative annotations measured in the negative metabolite
dataset are lower intensity features which can result in lower mass measurement

accuracy?®’.
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Table 4.3 Mass measurement accuracy comparisons for the azo dye-related features

discovered in the lipidomics positive nNESI-DIMS dataset.

Dye BEAMS Theoretical Measured Mass

biotransformation | feature ID | SyGMa m/z of nESI-DIMS error

product (BTP) [M+H]" ion m/z of [M+H]* (ppm)

ion
S1 parent M2376 249.10223 249.10364 5.7
S1BTP1 M3121 265.09715 265.09864 5.6
DY3 parent M3310 270.12370 270.12398 1.01
DY3 BTP1 M1325 228.11314 228.11378 2.8
DY3 BTP2 M4055 284.13935 284.13979 1.5
DY3 BTP3 M4171 286.11862 286.11906 15
DY3 BTP4 M5412 308.06995 308.07129 4.3
SRG parent M1980 279.11280 279.11286 0.2
SRG BTP1 M2387 293.12845 293.12917 24
SRG BTP2 M2434 295.10772 295.10858 2.9
DO61 parent M19475 481.96457 481.96487 0.6
Tentative DO25 M6553 324.14550 324.14551 0.03
parent*
Tentative DO25 M7971 342.15607 342.15681 2.2
BTP1*
DR1 parent M5886 315.14517 315.14595 2.5
DR13 parent M8494 349.10619 349.10807 5.4
*FC<10.
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Table 4.4 Mass measurement accuracy comparisons for the azo dye-related features

discovered in the polar positive nESI-DIMS metabolomics dataset.

Dye BEAMS Theoretical Measured Mass error
biotransformation | feature ID SyGMa m/z nESI-DIMS (ppm)
bioproduct (BTP) of [M+H]* ion m/z of

[M+H]* ion

S1 parent M29228 249.10223 249.10273 2.01

DY3 parent M34544 270.12370 270.12485 4.26

DY3 BTP1 M45239 308.06995 308.07216 7.17

DY3 BTP2 M23429 228.11313 228.11466 6.70

Tentative SRG M36623 279.11280 279.11471 6.84

parent*

SRG BTP1 M41341 295.10771 295.10984 7.21

DO25 parent M49992 324.14550 324.14758 6.44

DR1 parent M47336 315.14516 315.14770 8.06
*FC<10.

Table 4.5 Mass measurement accuracy comparisons for the azo dye-related features

discovered in the polar negative nESI-DIMS metabolomics dataset.

Dye BEAMS Theoretical Measured Mass error
biotransformation | feature ID SyGMa m/z nESI-DIMS (ppm)
bioproduct (BTP) of [M-H] ion | m/z of [M-H]

ion

S1 parent M6059 247.08769 247.08715 -2.16
S1BTP1 M7037 263.08260 263.08427 6.34
Tentative DY3 M7376 268.10915 268.10734 -6.76
parent*

DY3 BTP1 M9922 306.05540 306.05527 -0.42
DY3 BTP2 M8510 284.10407 284.10393 -0.46
DY3 BTP3 M12990 348.06597 348.06309 -8.26
Tentative DY3 M4751 226.09859 226.09719 -6.16
BTP4*

SRG parent M8018 277.09826 277.09970 5.24
SRG BTP1 M7037 263.08260 263.08427 6.34
SRG BTP2 M9062 293.09317 293.09473 5.33
SRG BTP3 M10140 309.08808 309.08981 5.60
Tentative DR13 M19222 427.04846 427.04566 -6.54
BTP1*

*Present in <80% high dose samples.
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4.3.1.2 Dose-response relationship for azo dye parent chemicals

The highest number of azo dye parent chemicals was discovered in the nESI-DIMS
MS! lipidomics dataset, where all seven dyes were putatively annotated, including a
tentative DO25 parent. (This dye was also problematic and challenging to work with
from lab-based toxicity experiments through to subsequent data processing and
analysis due to low water solubility, see chapter 3). These results are consistent with
water solubility data, log Kow values and physico-chemical properties of the dyes (see
Table 3.3 in chapter 3) that are more likely to partition into the lipids phase during
biphasic extractions. Noteworthily, the S1, DY3 and SRG parent chemicals were
consistently detected in all three untargeted toxicometabolomics datasets, providing

additional confidence in these putative annotations.

The dose-response was explored for the azo dye parent chemicals to provide
information on the uptake and relative internal levels of these xenobiotics within the
exposed Daphnia at three sampling time points (2 h, 24 h and 48 h). The boxplots of
normalised relative intensity measurements show a clear dose-response relationship
for each of the three azo dye parent chemicals (S1, DY3 and SRG) in at least one
sampling time point in the positive lipidomics and polar metabolomics datasets (Figure
4.3a and b), where the parent concentration clearly increases across the three doses
(low, medium and high), therefore providing reassurance that the azo dye dosing using
the nominal test concentrations was correct during acute (48 h) Daphnia toxicity
studies. The dose-response trend is less pronounced and more erratic for the negative
polar metabolomics dataset (Figure 4.3c) which is a noisier, problematic dataset with

generally lower signal intensities for all three dyes of interest and incomplete data for
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DY3 as the dye was only detected in 12 (out of 18 originally collected) high dose
samples and was not detected at the lower doses (low and medium). Additional
boxplots depicting the increase in the normalised intensities (corresponding to internal
relative concentrations) as a function of increasing external doses for all azo dye BTPs

measured in the nESI-DIMS datasets are included in Appendix B (Figures B-1 to B-4).
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Figure 4.3 Normalised peak intensities (corresponding to relative internal concentrations) of
the azo dye parent chemicals (S1, DY3, SRG) measured across three treatment doses (L —
low, M — medium and H — high) and three sampling time points (2 h, 24 h, 48 h) in the three
nESI-DIMS datasets: (a) lipidomics, (b) polar positive metabolomics and (c) polar negative

metabolomics. Data is missing at 48 h time point for S1.
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4.3.2 Evidence of azo dye metabolism

In addition to discovering the parent chemicals for all seven dyes, between one and
five biotransformation products (BTPs) per dye were detected for S1, DY3 and SRG in
at least two nESI-DIMS assays, revealing some differences in azo dye metabolism
within the exposed Daphnia (Table 4.6, Figure 4.4). The highest number of BTPs was
detected for DY3 across multiple nESI-DIMS assays (five BTPs in total), suggesting
that DY3 is the most metabolised of the azo dyes. SRG also formed a relatively high
number of detectable BTPs across all three assays (four BTPs in total). In contrast, no
biotransformations were measured for DO61 in any of the nESI-DIMS assays and one
BTP was detected for S1 which may suggest that these dyes are the least metabolised
by the Daphnia. Also, both dyes have the highest log Kow values (6.47 and 5.51,
respectively) indicating higher lipophilicity and therefore potentially higher

bioaccumulation potential than DY 3.

The majority of biotransformations for all of the azo dyes were detected in the polar
negative metabolomics (9 BTPs) and the lipidomics (7 BTPs) assays. These include
five phase | modifications: (double) aromatic hydroxylation (S1 BTP1, S1 BTP2, DY3
BTP2, SRG BTP4), O-demethylation (SRG BTP3) and six phase Il modifications: N-
deacetylation (DY3 BTP1), methylation (DY3 BTP3, SRG BT1), sulphation (DY3
BTP5), aliphatic sulphation (DR13 BTP1) and N-deacetylation followed by sulphation

(DY3 BTP4).

Biotransformation maps were proposed for four dyes (S1, DY3, SRG and DR13)

showing Markush chemical structures?%® of the BTPs discovered in the nESI-DIMS MS*
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datasets, and common biotransformation reactions predicted by SyGMa (Figure 4.4).
A common biotransformation product discovered for S1 and SRG may suggest
toxicokinetic similarity between the two chemicals that also group together with DY 3 in
the azo dye grouping study (see chapter 3). In addition, in contrast to the other dyes,
S1, SRG and DY3 all have a hydroxyl functional group which might also lead to the
formation of some likely ‘shared’ BTPs among all three dyes, thereby providing further
line of evidence to substantiate the grouping pattern derived in chapter 3.

Table 4.6 Azo dye biotransformation products (putative annotations) discovered in the nESI-

DIMS data, per dye and per assay. Abbreviations: L(+) — positive lipidomics, M(+) — polar

positive metabolomics, M(-) — polar negative metabolomics.

nESI- S1 DY3 SRG | DO61 | DO25 | DR1 | DR13

DIMS

assay
Parent L(+) v v v v va v v
chemical M(+) v v a X v % X
detected

M(-) v Vb v X X X X

No. of L(+) 1 4 2 0 12 0 0
BTPs M(+) 0 2 1 0 0 0 0
detected M(-) 1 4 (incl. 1°) 3 0 0 0 1°

aTentative annotation as fold change filtering criteria (FC>10) was not met.
bTentative annotation as high dose filtering criteria (>80%) was not met.
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Figure 4.4 Proposed biotransformation maps of (a) S1, (b) DR13, (c) SRG and (d) DY3 azo

dyes illustrating the biotransformation products discovered (v) in the untargeted nESI-DIMS
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datasets by xenobiotic processing (per dye, per assay) and common SyGMa-derived
biotransformation reactions. The dashed red line indicates the shared biotransformation
product between S1 and SRG (at the level of a Markush structure). Chemical structures were
generated from canonical SMILES using the ChemDraw Professional software (v22.0.0.22;

PerkinElmer).

4.3.3 Visualisation of azo dye clearance

The same normalised peak intensities utilised to investigate the dose-response
relationship for the azo dye parent chemicals (see section 4.3.1.2) were further plotted
as line plots to offer some insights into metabolic uptake and clearance of these
xenobiotics from the Daphnia over the course of the acute (48 h) toxicity study (Figure
4.4). While TK rates are normally assessed for all components of a biological test
system using multiple time points?®3 i.e., both the model organism and fresh/spent
biological media in which the organism is located, here very crude estimation of uptake
and clearance rates were obtained within the exposed Daphnia only by measuring the
intensities of the parent chemicals (corresponding to the internal azo dye

concentrations) at each of the three sampling time points (2 h, 24 h and 48 h).

The relative median intensity measurements of the azo dye parent chemicals provided
a very crude estimation of the temporal changes in the uptake (fold changes calculated
between 2 h and 24 h, and which is assumed to be solely a period of uptake),
biotransformation and metabolic elimination (fold changes calculated between 24 h
and 48 h, which is assumed to be solely a period of metabolism and depuration) of
these xenobiotics in the biological test system. The kinetics information mined from the

untargeted nESI-DIMS toxicometabolomics datasets revealed some differences in
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uptake and clearance rates among the dyes as shown in Figure 4.5 and Table 4.7.
The clearance plots for the remaining four dyes (DO61, DO25, DR1 and DR13) in the
nESI-DIMS lipidomics dataset are included in Figure A-5, Figure A-6 shows clearance

plots in the polar negative datsets for S1, DY3 and SRG (Appendix A).
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Figure 4.5 Visualisation of azo dye TK rates. Median relative intensities (corresponding to relative internal concentrations) of the S1, DY3
and SRG azo dye parent chemicals measured over the duration of the 48-h study for the three treatment doses (L — low, M — medium and
H — high) in the three nESI-DIMS datasets: (a) lipidomics, (b) — polar positive metabolomics. Error bars indicate median absolute deviation

(MAD). Data is missing at 48 h time point for S1, DY3 only occurs at high dose samples in the negative metabolomics dataset.
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Table 4.7 Estimated kinetic rates of the azo dye parent chemicals detected in the nESI-DIMS
lipidomics dataset. Fold-change ratios between sampling time points were calculated by
comparing normalised median peak intensities (associated with relative internal
concentrations) at a representative medium (M) dose for each dye. This table makes the crude
assumption that only uptake occurs during 2-24 h and only metabolism and clearance occurs

between 24-48 h.

Azo dye 2h M 24 h M 48h M Fold change
o | Mesanres | ek | Moo b (20 2 an—aan
Uptake [Clearance
S1 8.58775E+05 | 1.07586E+06 | 2.02953E+05 1.3 0.2
DY3 2.27758E+06 | 1.74223E+06 | 1.48331E+06 0.8 0.9
SRG 5.95025E+07 | 4.14363E+07 | 3.14363E+07 0.7 0.8
DO61 2.31870E+04 | 3.84468E+04 | 2.46884E+04 1.7 0.6
DO25* | 6.66593E+07 | 8.05250E+07 | 6.06869E+07 1.2 0.8
DR1 4.41984E+05 | 6.25180E+05 | 3.95524E+05 14 0.6
DR13 2.05930E+05 | 2.72900E+05 | 1.95959E+05 1.3 0.7

*Impure feature, tentative annotation only.

DO61 shows the highest uptake between 2 h and 24 h (fold changes 1.7), which
correlates with the highest log Kow value for this dye (6.47), while no biotransformations
were detected in any of the nESI-DIMS assays and it exhibits a relatively low clearance

rate (fold change 0.6).

In contrast, DY3 and SRG are characterised by the lowest uptake values between 2 h
and 24 h (fold changes 0.8 and 0.7, respectively) with the highest clearance rates (0.8
and 0.9, respectively) after 48 h exposures. Also, DY3 formed more detectable
biotransformation products than any other dye, suggesting that it undergoes most

biotransformation in the Daphnia. This observation may correlate with the physico-
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chemical properties of DY3, including the lowest log Kow value (3.89) of all the seven
dyes, indicating the lowest bioaccumulation potential. The relationship between
TK/ADME information and physico-chemical properties is less clear for SRG as this
dye appears to be rapidly metabolised by the Daphnia and forms up to four different
BTPs. However, its predicted log Kow value (5.59) is very similar to that of S1 (5.51),
despite a very different clearance profile (Figure 4). S1 shows the lowest fold change
between 24 h and 48 h (0.2) suggesting low metabolic clearance and the potential to
bioaccumulate. This indication is supported by physico-chemical properties of S1,
namely its lowest molecular weight of 248.82 g mol -1 compared to the other dyes,
smaller cross-sectional diameter and log Kow of 5.512%°, However, the image of the
juvenile Daphnia exposed to SRG (Figure 3.2 in chapter 3) highlights the complexity
of this very crude clearance estimation for the azo dyes based on m/z feature
intensities measured within the exposed Daphnia alone, and also without considering
the whole system (i.e., both the Daphnia and the fresh/spent media). Also, as
discussed in previous sections (see section 2.1 in chapter 2), the azo dyes selected
for the study are inherently challenging to work with due to limited water solubility and
large particle sizes, particularly for the disperse dyes?58-260 adhering to the animals and

thereby potentially causing physical toxicity.

Alternatively, the azo dye may just pass through the Daphnia gut without getting
absorbed and causing any toxicity on the molecular level (such an assessment would
require an imaging experiment). As all the azo dyes under study are rather hydrophobic
(moderate to high predicted log Kow ranging from 3.98 for DY3 to 6.47 for DO61) with
low solubility in water (< 1 mg L), their bioavailability is expected to be relatively low

and some of the less soluble particles may precipitate from the test solution during the

154



48 h exposures and exist as solid particles. The uptake from water and toxicity of some
of the disperse azo dyes may also be impeded by their large cross-sectional diameters
and higher molecular weight (> 360 g mol 1)?%8.260 Therefore, to robustly assess the
kinetics of the whole system (both the exposed Daphnia and fresh/spent test media),
other important parameters should be considered, including measuring the dye
concentration in the test solution (before and after exposures and at multiple sampling
time points), measuring the rate of Daphnia feeding, measuring rate of metabolism and

rate of elimination of the azo dyes.

4.4 Key findings, conclusions and future work

The study demonstrated that the untargeted ADME/TK workflow can be successfully
applied to the three untargeted nESI-DIMS MS! datasets to extract azo dye-related
xenobiotic (exogenous) features from the dataset that was collected to probe
endogenous toxicity responses (as described in chapter 3). Tables 4.8 — 4.10 below
summarise the azo dye parent chemicals and their metabolic biotransformation
products discovered in each assay by the xenobiotic processing and annotated using

the criteria described in Figure 4.1
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Table 4.8 Summary of azo dye parent chemicals and/or biotransformation products (BTPS)

putatively annotated in the lipidomics nESI-DIMS dataset using the criteria described in Figure

4.1. Biotransformation steps predicted by SyGMa are shown in italics.

Azo dye parent and BTPs | Present | Present | Fold Within 5 | Dose-
in >80% |in <50% | change | ppm response
high (H) | controls | > 10 mass observed
dose error
samples

S1 parent v 82% v 6% v 10.7 | X5.7 va

BTP1 Aromatic v 82% v 0% v X 5.6 va

hydroxylation

DY3 parent v 100% | v 28% |v 198.7 |v 1.0 v

BTP1 N-deacetylation v 100% | v 0% v o v 28 v

iy o I S R R

[

hydroxylation v 100% |\ V0% e 15| X

BTP4 N-deacetylation + v 94% v 0% Voo v 4.3 xP

sulphation

SRG parent v’ 89% v 0% vV 0 v 0.2 v

BTP1 Methylgtion v 89% v 0% v oo v 24 v

BTP2 Aromatlc v 89% v 0% v o v 29 v

hydroxylation

DO61 parent v 100% | v 0% v v 0.6 Ve

Tentative DO25 parent v 100% v 17% X 2.3 v 0.03 4

Tentative BTP1 Nitrile to v 100% v 17% X 3.3 v 292 v

amide

DR1 parent v 100% v 0% v v 25 v

DR13 parent v 100% v 0% vV 0 X 5.4 v

aData missing for 48 h dose group.
bDetected in high dose samples only.
¢Low intensity feature with high dose and 50% medium dose groups missing at 48h.
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Table 4.9 Summary of azo dye parent chemicals and/or biotransformation products (BTPs)

putatively annotated in the polar positive metabolomics nESI-DIMS dataset. Biotransformation

steps predicted by SyGMa are shown in italics.

Azo dye parent and Present | Present | Fold Within Dose-

BTPs in >80% | in <50% | change |10 ppm |response
high controls | > 10 mass observed
dose error
samples

S1 parent v 100% v 0% v v 2.01 va

DY3 parent v 100% v 0% v o0 v 4.26 v

BTP1 N-deacetylation + | /1000 v 0% v v 717 v

sulphation _ v 100% |v11% |v 190 |v670 |V

BTP2 N-deacetylation

Tentative SRG parent v 94% v 6% v 2.34 v 6.84 v

BTP1 Aromatic v 94% v 0% v o v 7.21 v

hydroxylation

Tentative DO25 parent v 94% v 44% v 48.3 v 6.44 X

DR1 parent® v 94% v 0% v v 8.06 X

aData missing for 48 h dose group.

blow intensity feature.
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Table 4.10 Summary of azo dye parent chemicals and/or biotransformation products (BTPs)
nESI-DIMS  dataset.

putatively annotated in

the polar

negative

metabolomics

Biotransformation steps predicted by SyGMa are shown in italics.

Azo dye parent and Present | Present | Fold 10 ppm | Dose-
BTPs in >80% |in <50% | change | mass response
high controls | >10 error observed
dose
samples
S1 parent v 91% v 0% v % v 216 | va
S1 BTP1 Aromatic v 91% v 0% v v 6.34 |va
hydroxylation
Tentative DY3 parent v 67% v 0% v 0 v -6.76 | vb
BTP1 N-deacetylation + | v 89% v 0% v o v 042 |v
ydroxylat
v 0 v B0 v v - v
BTP3 Sulphation 100% % 8.26
Tentative BTP4 N- X72% |V 0% Ve V616 | v©
deacetylation
SRGY parent v 83% v 0% v v 524 |v
BTP1 O-demethylation v 89% v 0% v v 6.34 v
d .
ﬁdesz ﬁ‘;’i?na“c V89% | v 5% |v32430|v533 |X
v’ 890 v’ 5O v v
BTP39 Double aromatic 89% % 28.34 560 | X
hydroxylation
Tentative DR13 BTP1 X 78% v 0% v v 654 |V
Aliphatic sulphation

aData missing for 48 h dose group.

bFeature only detected in high dose samples at all three time points.
°Feature not detected in low dose samples and not detected at 2h.
dLow intensity feature.

Noteworthily, the parent chemicals for the three dyes of interest (S1, DY3 and SRG)
were consistently detected across multiple nESI-DIMS assays, providing confirmation
of the relative internal exposure (estimated from normalised peak intensities) of D.
magna to each azo dye across the three dose groups: low, medium and high (L, M and

H) during the acute (48 h) exposures. Confidence in these annotations is further
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increased when their normalised intensities clearly correlate with the external doses of

the azo dyes in at least one time point.

In addition, up to 5 biotransformation products were discovered for each dye (Table
4.6), highlighting the differences in metabolism and bioaccumulation potential among
the dyes due to their different physico-chemical properties (particularly log Kow). Three
identical biotransformation reactions (i.e., one phase | modification: aromatic
hydroxylation, and two phase Il modifications: N-deacetylation and N-deacetylation
followed by sulphation) were revealed for all three dyes in at least two nESI-DIMS
assays, providing insights into the azo dye metabolism within the Daphnia, and
providing further evidence for the uptake of the dyes (beyond their passage through
the Daphnia gut). The discovery of a shared biotransformation product for S1 (following
aromatic hydroxylation) and SRG (following O-demethylation) suggests some similarity
in metabolism between the two dyes and could potentially enhance the S1, SRG and
DY3 grouping presented in chapter 3. However, in the absence of MSn fragmentation
data for the azo dyes, the available TK/ADME data is not sufficient to establish
toxicokinetic similarity with high confidence and, therefore, the uncertainty associated
with these findings is relatively high. Also, the comparison of relative intensity
measurements over the duration of the 48 h toxicity study revealed some variability in
TK properties among the azo dyes (Figure 4.5, Table 4.7). For instance, DY3 shows
relatively rapid clearance and undergoes the most metabolic biotransformation (five
BTPs discovered) compared to S1 that displays low clearance, least biotransformation
(one BTP formed) suggesting that it may begin to accumulate in the Daphnia at 48 h.
However, it was not possible to fully conclude this due to incomplete 48 h data for this

dye.
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Ultimately, this work highlights the capability of untargeted nESI-DIMS
toxicometabolomics experiments, principally designed to probe the biological
responses to chemical exposure, to simultaneously provide valuable insights into the
metabolism and metabolic fate of xenobiotics. All this information can be obtained from
a single toxicity assay, demonstrating the potential of metabolomics in modern
chemical risk assessment. However, the application of nESI-DIMS on D. magna
extracts for ADME/TK characterisation comes with inherent limitations. Crucially, nESI-
DIMS MS! data alone falls short of identifying xenobiotic-related features with high
confidence in a biological test system and therefore collection of MS" data should be
considered to improve xenobiotic feature annotation and identification. Also, this study
was not specifically designed to explore the metabolism and metabolic fate of
xenobiotics per se. The additional analyses conducted on the untargeted
toxicometabolomics datasets highlight the complexity of azo dye ADME/TK
characterisation based solely on the time-series measurements (across only three time
points) of peak intensities within the Daphnia.  Next chapter 5 attempts to address
these points by employing a more refined analytical and computational approach to
conduct a more extensive study aiming to characterise metabolism and metabolic fate
of five industrial chemicals using ultra-high performance liquid chromatography-mass

spectrometry (UHPLC-MS/MS).
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CHAPTER 5 — EXPLORING THE POSSIBILITY OF
IMPLEMENTING UNTARGETED UHLPC-MS/MS
METABOLOMICS TO CHARACTERISE ADME
PROPERTIES OF INDUSTRIAL CHEMICALS IN RAT
PLASMA EXTRACTS

5.1 Introduction

As previously mentioned in section 1.9 (chapter 1), ADME (absorption, distribution,
metabolism and elimination) and TK (toxicokinetics) studies are routinely used in drug
development to understand safety and efficacy of drug candidates, and are essential
for regulatory approval. A similar approach can be applied to characterise metabolism
and metabolic fate of industrial chemicals through untargeted metabolomics, but it is
still relatively under-researched in chemical safety science3. While ADME testing in a
pharmacological context aims to study properties of compounds with a specific mode
of action (MoA) and used in small doses, one challenge of applying this approach in
chemical risk assessment is characterisation of a very diverse chemical landscape of
xenobiotics, often with non-specific or multiple MoAs, diverse physico-chemical
properties, and frequently lacking a complete toxicological profile. One advantage of
ADME/TK information is that it allows the correlation of toxicity with corresponding
internal levels of xenobiotic exposure. It can also be used to inform study design,
provide information on bioavailability and guide dose selection or selection of model

species, particularly in early stages of chemical safety assessment?°0,

The integration of toxicokinetics with toxicodynamics within a single toxicity assay

offers an excellent opportunity to not only complement the endogenous molecular
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responses but also enhance understanding of chemical toxicity. Recent studies
demonstrated that untargeted LC-MS/MS metabolomics assays can simultaneously
measure xenobiotics within a biological sample as well as profiling the endogenous
metabolome (Bowen et al.5: manuscript under review; Sostare et al.. manuscript in

preparation).

The work discussed in the previous chapter demonstrates that xenobiotic-related
features can be successfully derived from an untargeted metabolomics nESI-DIMS
experiment, the main limitation of this approach being low confidence in annotation of
the xenobiotics due to only full scan MS? data being available. This chapter attempts
to build on this earlier work by employing a more refined analytical and computational
approach, whereby orthogonal data (i.e. full scan MS?! accurate m/z, chromatographic
peak RT, and MS" fragmentation data) are collected and considered to aid

identification of xenobiotic-related features.

With the above in mind, the aim of the work presented in this chapter was to apply the
metabolite identification (Met ID) step of an untargeted metabolomics workflow to study
metabolism and metabolic fate of five industrial chemicals in plasma samples from a
5-day rat toxicity study, originally designed to probe the rat metabolome and

transcriptome following chemical exposure.

In order to fulfil the above aim, a number of critical objectives were formulated. The
first objective was to assess the capability of relatively new technology (specifically,
Thermo Fisher Scientific Orbitrap ID-X Tribrid mass spectrometer) and commercial
software (Compound Discoverer version 3.3.1.111, Thermo Fisher Scientific, Hemel

Hempstead, UK) to obtain measurements of xenobiotics (five industrial chemicals)
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within untargeted UHLPC-MS/MS (HILIC and RP Cis lipidomics) analyses to discover
and confirm identities of their parent chemicals. For added confidence, the parents
measured in chemical-specific treated biological samples (rat plasma extracts) were
also compared against measurements of authentic analytical standards (reference

materials, RF) of the five parent xenobiotics, using identical analytical methods.

The second objective was to examine the same untargeted UHLPC-MS/MS datasets
using the computational Compound Discoverer (CD) workflow to reveal and identify
any biotransformation products of the five xenobiotics, and to summarise these results

using metabolic biotransformation maps for selected xenobiotics under study.

Finally, the third objective was to compare these results with Phenome Centre
Birmingham (PCB) findings (blinded study) acquired using an older technology
(specifically, Thermo Fisher Scientific Q Exactive Focus Orbitrap UHPLC-MS/MS
system) and analysed using an existing in-house xenobiotic processing workflow, to

evaluate the potential ‘added value’ of the newer approach.

5.2 Materials and methods

5.2.1 Overview of industrial chemicals selected for the study

Chemical selection for the metabolism and metabolic fate study described in this
chapter was largely driven by existing plasma samples from a 5-day exposure study of
18 xenobiotics conducted by the National Toxicology Program (NTP)?61, in male
Sprague-Dawley rats, that had previously been provided to PCB. These industrial

chemicals are considered well-studied as apical toxicity data in rodent models (mice
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and/or rats) exists for these xenobiotics from historical NTP (sub)chronic toxicity
records?6t, Qut of these 18 xenobiotics, ten were subsequently investigated in a
parallel ADME/TK study conducted by PCB, and five of these xenobiotics were
selected for the current ADME/TK characterisation using an Orbitrap ID-X Tribrid mass
spectrometer (Thermo Fisher Scientific, Hemel Hempstead, UK), based on the
likelihood of detection of parent chemicals and/or any biotransformation products in at
least one UHPLC-MS/MS assay. The key identities and chemical structures of all five
xenobiotics under study are summarised in Table 5.1 and Figure 5.1, respectively.
Chemical structures were generated from canonical SMILES using the ChemDraw

Professional software (v22.0.0.22; PerkinElmer).
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Figure 5.1 Chemical structures of the five xenobiotics selected for the study. Abbreviations:
BPAF — bisphenol AF, DEHP — di(2-ethylhexyl) phthalate, TBBPA — tetrabromobisphenol,
TCCP — tris(2-chloroisopropyl) phosphate, TCS - triclosan. Chemical structures were

generated from canonical SMILES using the ChemDraw Professional software (v22.0.0.22;

PerkinElmer).

Classification of the xenobiotics into super class level and class level was conducted
based on chemical structures and structural features using the web-based application

ClassyFire as described elsewhere (http://classyfire.wishartlab.com)?®’.
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Table 5.1 Overview of the xenobiotics selected for the study. The xenobiotic identifiers, including the International Union of Pure and Applied
Chemistry (IUPAC) name, Chemical Abstract Services registry number (CAS-RN), European Community (EC) number and Simplified
Molecular-Input Line-Entry System (SMILES) notation.

Name (abbr.) IUPAC Name CAS-RN EC Canonical SMILES Exact Applications
mass (Da)
Bisphenol AF (BPAF) | 4-[1,1,1,3,3,3- 1478-61-1 216-036-7 | C1=CC(=CC=C1C(C2=CC=C(C | 336.05850 | Plasticiser
hexafluoro-2-(4- =C2)0)(C(F)(F)F)C(F)(F)F)O
hydroxyphenyl)pr
opan-2-yl]phenol
Di(2-ethylhexyl) bis(2-ethylhexyl) | 117-81-7 204-211-0 | CCCCC(CC)COC(=0)C1=CC= | 390.27701 | Plasticiser
phthalate (DEHP) benzene-1,2- CC=C1C(=0)0Ccc(ce)cecece
dicarboxylate
Tetrabromobisphenol | 2,6-dibromo-4-[2- | 79-94-7 201-236-9 | CC(C)(C1=CC(=C(C(=C1)Br)O) | 543.75298 | Flame
(TBBPA) (3,5-dibromo-4- Br)C2=CC(=C(C(=C2)Br)O)Br retardant
hydroxyphenyl)pr
opan-2-yl]phenol
Tris(2-chloroisopropyl) | bis(2-ethylhexyl) | 13674-84-5 | 237-158-7 | CC(CCI)OP(=0)(OC(C)CCIHOC( | 326.00083 | Flame
phosphate (TCCP) benzene-1,2- C)CClI retardant  /
dicarboxylate OP pesticide /
plasticiser
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Name (abbr.) IUPAC Name CAS-RN EC Canonical SMILES Exact Applications
mass (Da)
Triclosan (TCS) 5-chloro-2-(2,4- 3380-34-5 222-182-2 | C1=CC(=C(C=C1CH0O)OC2=C( | 287.95116 | Antimicrobial
dichlorophenoxy) C=C(C=C2)chcl agent
phenol
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5.2.2 Experimental design

The untargeted ADME/TK (experimental and computational) workflow was applied to
existing rat plasma samples from 5-day exposure toxicity assays conducted by the
National Toxicology Program (NTP) in male Sprague-Dawley rat models, as described
elsewhere?%, The subset of experimental samples comprised a representative pooled
(from n=4 biological replicates) treated sample for each xenobiotic (forming five pooled
samples in total) and a single untreated control sample per xenobiotic (forming a further
five samples in total). Only the highest (or second highest for BPAF due to the missing
highest dose group for this chemical) test concentration was selected for UHPLC-
MS/MS analyses to increase the probability of discovering parents and
biotransformation products in at least one assay. The nominal test concentrations

selected for the study are summarised in Table 5.3.

Table 5.3. Summary of rat plasma samples selected for the ADME/TK study of five xenobiotics.

Name (abbr.) Treatment group Nominal test
concentration
(mg kg )
BPAF Control 0
BPAF 2" Highest dose 500
DEHP Control 0
DEHP High dose 1000
TBBPA Control 0
TBBPA High dose 2000
TCCP Control 0
TCCP High dose 2000
TCS Control 0
TCS High dose 1000
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Aside from biological samples, five analytical reference standards (one per xenobiotic)
at a final nominal concentration of ca. 10 ug mL* were incorporated into the
experimental design and characterised by UHPLC-MS/MS to aid identification of

parent chemicals in the rat plasma samples.

5.2.3 Chemicals and reagents

High-purity reference materials used for the preparation of analytical standard samples
were purchased from Sigma-Aldrich (Gillingham, UK) and LGC Standards

(Teddington, UK) and stored as per manufacturers’ recommendations (Table 5.4).

Table 5.4 Commercial suppliers with purity of reference materials used to prepare analytical

standards for each xenobiotic studied.

Name (abbr.) | CAS-RN Supplier Batch no. Purity (%)

BPAF 1478-61-1 LGC Standards G1075989 99.9

DEHP 117-81-7 Sigma-Aldrich BCCC8985 = 98.0

TBBPA 79-94-7 Sigma-Aldrich MKCB9769 97.0

TCCP 13674-84-5 Sigma-Aldrich BCBX4369 ~66.0 main isomer
TCS 3380-34-5 Sigma-Aldrich LRAA9132 99.7

Solvents used in the preparation of mobile phases and needle wash solutions for
UHPLC-MS/MS analyses were of LC-MS grade except for propan-2-ol (isopropanol)
which was of HPLC grade (Fisher Scientific, Loughborough, UK). Water was
purchased from Merck (Feltham, UK) and acetonitrile was obtained from VWR
Chemicals (Lutterworth, UK). The same solvents were used in the preparation of
biological samples and analytical standards in addition to methanol (LC-MS grade)

manufactured by Honeywell Research Chemicals (Charlotte, NC).
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The mobile phase modifiers and additives (LC-MS grade) used were as follows:
ammonium formate (299.0%) and acetic acid (299.7%) obtained from Fisher Scientific
(Loughborough, UK); ammonium acetate (299.99%, trace metal basis) and formic acid

(~98.0%) were manufactured by Honeywell Research Chemicals (Charlotte, NC).

5.2.4 Sample pooling and extraction of xenobiotics from rat plasma

All rat plasma samples were stored at -80 °C prior to pooling and extractions. Sample
pooling was performed to generate a representative high dose sample for each
xenobiotic and a homogenous control sample for UHPLC-MS/MS analyses. Plasma
preparation followed established protocols for HILIC plasma UHPLC-MS analyses
(monophasic 50:50 methanol:water v/v) and RP Cis UHPLC-MS plasma lipidomics
(monophasic 100% isopropanol v/v), as previously described by Southam et al.
(2020)'?°. These methods were reported to provide the highest extraction yield of

metabolites and lipids combined with high reproducibility2°.

5.2.4.1 Preparation of pooled samples

The samples were first thawed on wet ice and briefly (5 s) vortexed. Four identical
volumes (5 pL aliquots) from each (n=4) biological replicate per xenobiotic were pooled
and transferred into a 2 mL Eppendorf branded tube to form a single 20 pL
representative treated high dose sample for UHPLC-MS/MS analyses. Two 20 pL
aliquots per xenobiotic were prepared, one for HILIC assays and one for RP Cas lipids

assays.
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Three individual pooled control samples (20 pL each) were also prepared for the
ADME/TK study by pooling five identical volumes (4 uL aliquots) from n=5 biological
replicates (i.e., one out of n=5 randomly selected control sample per xenobiotic) and
transferring the pooled aliquot into a 2 mL Eppendorf branded tube. These control
samples were later used for the generation of exclusion list in the AcquireX workflow

and LC column equilibration prior to each analytical run (see section 5.2.5).

5.2.4.2 Extractions of xenobiotics from rat plasma

5.2.4.2.1 HILIC UHPLC-MS ASSAYS

A 60 pL aliquot (3x original sample volume) of ice-cold methanol:acetonitrile (50:50
v/v) was added to each 20 pL aliquot in a 2 mL Eppendorf branded tube. After vortexing
(15 s) and centrifugation (20,000-g, 4°C, 20 min), the supernatant (ca. 78 pL) was
transferred to a single LC-MS vial with a conical 200 pL glass insert for treated samples
and set on an autosampler (at 4°C) for immediate analysis. The three control samples
were prepared using the identical method with an additional re-pooling step into a
single 2 mL Eppendorf branded tube prior to centrifugation to eliminate any batch
effects and yield a homogenous control sample. The supernatant (ca. 228 pL) was
removed and split into five LC-MS vials with conical 200 uL glass inserts, one per

xenobiotic, for immediate analysis.

5.2.4.2.2 RP Cy LIPIDS UHPLC-MS ASSAYS

A 60 pL aliquot (3% original sample volume) of 100% (v) ice-cold propan-2-ol

(isopropanol; LC-MS grade) was added to each 20 pL aliquot in a 2 mL Eppendorf
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branded tube. After vortexing (15 s) and centrifugation (20,000-g, 4°C, 20 min), the
supernatant (ca. 78 pL) was transferred to a single LC-MS vial with a conical 200 pL
glass insert for treated samples and set on an autosampler (at 4°C) for immediate
analysis. The three control samples were prepared using the identical method with an
additional re-pooling step into a single 2 mL Eppendorf branded tube prior to
centrifugation to eliminate any batch effects and yield a homogenous control sample.
The supernatant (ca. 228 pL) was removed and split into five LC-MS vials with conical

200 pL glass inserts, one per xenobiotic, for immediate analysis.

5.2.5 Preparation of chemical standard samples

Stock solutions of analytical standards were prepared in water:acetonitrile:methanol
(1:1.5:1.5 v/viv) for HILIC metabolomics analysis and in propan-2-ol:water (3:1 v/v) for
RP Cis lipidomics analysis, and stored in the dark at 4°C. Working solutions (final
nominal concentration of ca. 10 ug mL* for each xenobiotic studied) were prepared
fresh daily prior to UHPLC-MS/MS analyses using LC-MS grade solvents stored at

4°C.

5.2.6 UHPLC-MS/MS data acquisition

5.2.6.1 UHPLC-MS instrumentation with AcquireX

Analyses of experimental rat plasma samples were conducted in positive and negative

electrospray ionisation (ESI) modes separately using an existing method®120.121 with

slight modifications on a Vanquish UHPLC system coupled to an Orbitrap ID-X Tribrid
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mass spectrometer (Thermo Fisher Scientific, Hemel Hempstead, UK). The Vanquish
UHPLC system consisted of a Vanquish binary pump, a Vanquish autosampler and a

Vanquish column compartment.

Data were acquired using the Xcalibur software (Thermo Fisher Scientific, Hemel
Hempstead, UK; version 4.3) and the AcquireX data acquisition workflow (specifically,
‘Deep Scan’ mode) was implemented to collect MS" fragmentation data as described
previously®1%, Briefly, a DDA (data dependent acquisition) MS" method for each
xenobiotic of interest was first manually updated with an inclusion list of preferred ions
corresponding to target features (the protonated [M+]H* and deprotonated species [M-
H]: and other common adducts in each ion mode) from in silico predicted
biotransformation products using SyGMa (Systematic Generation of potential
Metabolites) software?>® for improved characterisation of xenobiotic-related features.
Identification of potential BTPs was not limited to the SyGMa-generated inclusion list,
however. For consistency, this study used the final SyGMa inclusion lists produced by

PCB (Dr Matthew Smith) for each of the xenobiotics under investigation.

The AcquireX data acquisition feature was subsequently used to automatically
generate and modify a background exclusion list (containing endogenous features)
and an inclusion list containing xenobiotic (i.e. exogenous) features related to the five

xenobiotics under investigation (Figure 5.2).
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Figure 5.2 AcquireX data acquisition workflow implemented in the ADME/TK study for UHPLC-MS/MS analyses of xenobiotics (adapted
from Souza et al., 2018"). First, an exclusion list is generated following an injection of a single control sample per xenobiotic (A). Secondly,
an inclusion list is generated following an injection of a treated sample (B). The ddMS"method is subsequently updated to include both lists

(C). Theinclusion list in the ddMS" method is iteratively updated in real time after each injection of a treated sample (1-5).
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First, an exclusion list was generated from a single injection of a control sample
(experimental ‘blank’) in a full scan MS*! mode. These background matrix ions were
automatically excluded from MS" triggering (Figure 5.2, A). Next, an exclusion list was
generated from a single injection of a biological rat plasma (representative chemical-
specific treated) sample in a full scan MS! mode (Figure 5.2, B). The inclusion list
contained unique precursor features of interest targeted for MS" fragmentation for each
xenobiotic under study. Both lists were subsequently incorporated into the DDA
method (ddMS") to drive AcquireX intelligent acquisition of MS! and MS" data (Figure

5.2, C) 719,

This was followed by five iterative injections of a biological sample (iterative MS") per
xenobiotic. After each injection, the inclusion list was automatically updated to move
precursors already fragmented to the exclusion list (Figure 5.2, steps 1-5). The
updated lists were imported back into the experimental DDA method and the process
was repeated for the remaining four iterative injections, or until the inclusion list was
exhausted (i.e. all the target precursor ions on the list had been fragmented into

product ions)’.

The analytical sequence for each UHPLC-MS assay comprised five AcquireX
sequences (one per xenobiotic). ldentical analytical methods (implemented without
AcquireX) and instrumentation, as described in detail below, were applied to obtain
measurements (specifically, MS* spectra, retention time and MS" fragmentation data)
of all five xenobiotics from analytical standards. In addition, two process extraction
blanks were analysed at the beginning and end of each analytical run to identify and

eliminate any sources of contamination arising from solvents used and the extraction
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process. A total of ten untreated rat plasma equilibration samples (pooled control
samples) were analysed to allow system equilibration and assess the instrument

performance prior to each analytical sequence.

5.2.6.2 HILIC UHLPC-MS/MS analyses

Metabolomics UHLPC-MS/MS analyses of rat plasma extracts were conducted using
an existing method employing hydrophilic interaction chromatography (HILIC), as
previously described®120.121.262 "wjth slight modifications. Separation of xenobiotics in
the HILIC assays was obtained with an Accucore 150 Amide HILIC column (2.1 x 100
mm, particle size 2.6 ym; Thermo Fisher Scientific), maintained at 35 °C for both
positive and negative ionisation modes. Mobile phase A was composed of 95%
acetonitrile:water (10 mM ammonium formate, 0.1% formic acid), and mobile phase B
was composed of 50% acetonitrile:water (10 mM ammonium formate, 0.1% formic
acid) for the positive ionisation mode. In the negative ionisation mode, the mobile
phase modifiers and additives were replaced with 10 mM ammonium acetate and 0.1%
acetic acid in mobile in phase A and mobile phase B, respectively. The linear (curve =
5) gradient elution (15 min) was as follows: t = 0.0-4.1 min, 1% B; t=4.1-7.1 min, 15%
B; t=7.1-10.1 min, 50% B; t = 10.1-11.0 min, 95% B; t = 11.0-11.5 min, 95% B; t =
11.5-15.0 min, 1% B. The flow rate of mobile phase was 0.4 mL min-t. Samples were

maintained at 4 °C and sample injection volume was 2 L.

High resolution full scan MS! and MS" data were acquired in a data-dependent (DDA)
fashion, as described above. MS? data in full scan mode were collected using an

Orbitrap mass analyser over a 70-1050 m/z scan range at a resolution of 120,000 (at
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m/z 200 FWHM), a normalised AGC (automatic gain control) target of 25% and a
maximum injection time of 75 ms. lon source parameters for all four assays are

summarised in Table 5.5.

The collection of MS? fragmentation data was performed with an Orbitrap mass
analyser in a quadrupole isolation mode (with an isolation window of 3 m/z) at a
resolution 30,000 (at 200 m/z FWHM), a normalised AGC target of 20% and a
maximum injection time of 50 ms. Stepped normalised HCD collision energies (NCES)
of 20, 40 and 100 % were used for positive ion mode and 20, 40 and 130% for negative

ion mode to produce a large number of fragments.

MS?3 data were obtained using an ion trap (with three scan filters set to: 1) 5.0e3
intensity threshold, 2) dynamic exclusion of 2.5 s and mass tolerance of 5 ppm; and 3)
targeted mass inclusion and exclusion filter) at a normalised AGC target of 20%, CID

collision energy set to 35% and 15,000 Orbitrap resolution (at 200 m/z FWHM).

Table 5.5 lon source parameters for UHLPC-MS/MS data acquisition using Thermo Fisher

Orbitrap ID-X Tribrid mass spectrometer.

H-ESl ion source parameters HILIC RP Cis lipidomics
Sheath gas (Arb) 40 40
Auxiliary gas (Arb) 8 8
Sweep gas (Arb) 1 1
Spray voltage (kV), positive ion 3200 3200
mode
Spray voltage (kV), negative ion 2700 2700
mode
lon transfer tube temp. (°C) 300 300
Vaporiser temp. (°C) 350 350
S-Lens RF level 30 60
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The instrument was calibrated in positive and negative ion modes prior to each
analytical run, using the recommended by manufacturer Pierce FlexMix™ calibration
solution (P/N A39239). Also, the Orbitrap ID-X EASY-IC™ ion source with internal lock-
mass calibration was used in all the instrument methods in order to improve m/z

assignment accuracy to sub 1 ppm (up to 1500 m/z)195:263,

5.2.6.3 RP C1s8 UHPLC-MS/MS lipidomics

UHLPC-MS/MS lipidomics analyses of rat plasma extracts were based upon an
established method for plasma liquids using RP Cis chromatography, as previously
described??0.121.176.262 - with slight modifications. Chromatography in both Cis RP
lipidomics assays was achieved using a reversed-phase Hypersil GOLD C18 column
(100 x 2.1 mm, 1.9 um; Thermo Fisher Scientific), maintained at 55 °C for both positive
and negative ionisation modes. Mobile phase A was composed of 60%
acetonitrile:water (10 mM ammonium formate, 0.1% formic acid), and mobile phase B
was composed of 85.5:9.5:5 v/v/v propan-2-ol:acetonitrile:water (10 mM ammonium
formate, 0.1% formic acid) for both positive and negative ionisation modes. The
gradient elution (15 min) was as follows: t = 0.0-9.4 min, 20% B; t = 9.4-12.6 min,
100% B; t = 12.6—15.0 min, 20% B. The flow rate of mobile phase was 0.4 mL min.

Samples were maintained at 4 °C and sample injection volume was 2 L.

High resolution full scan MS* and MS" data were acquired in a data-dependent (DDA)
fashion, as described above. MS? data in full scan mode were collected using an
Orbitrap mass analyser over a 150-2000 m/z scan range at a resolution of 120,000 (at

m/z 200 FWHM), a standard AGC target and a maximum injection time mode set to
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‘automatic’. lon source settings for HILIC and RP Cis methods are summarised in

Table 5.5.

The MS" fragmentation data were collected in the same manner as described in the

previous section 5.2.5.2 for the HILIC assays.

5.2.7 Untargeted xenobiotic data processing of UHPLC-MS/MS data

5.2.7.1 In silico prediction of xenobiotic metabolism

The five xenobiotics under study were profiled by the PCB (Dr Matthew Smith) using

SyGMa Python library for the Systematic Generation of Metabolites, a knowledge-

based in silico prediction tool (https://sygma.readthedocs.io/en/latest/)?%°. It comprises

144 reaction rules (approximately 70% of metabolic reactions observed in humans)
combining expert knowledge and statistical analysis of phase | and phase Il human
metabolic reactions. Each prediction is assigned a probability score (SyGMa score),

representing the accuracy of each biotransformation rule applied.

The number of both phase | and phase Il transformation steps was set to three and the
most common ion forms and natural abundance isotopes that can be detected in LC-
ESI-MS based metabolomics were considered to match PCB protocols. The adducts
used for each UHLPC-MS assay are summarised in Table 5.6. After filtering of the
SyGMa generated BTP lists, predictions of BTPs with identical molecular formulae
were combined and only chemical structures with SyGMa probability score > 0.01%

were retained for each xenobiotic.
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Table 5.6 List of common ion forms used for generating SyGMa predictions of xenobiotics

under study.

HILIC (+) and RP Cis HILIC (-) RP Cig lipidomics (-)
lipidomics (+)
lon lon mass (Da) lon name lon mass (Da) lon name lon mass (Da)
name
[M+H]+ | M+1.007276432 [M-H] M-1.007276432 [M-H]- M-1.007276432
[M+NH4]* | M+ 18.03382553 [M+CIJ M+34.96940128 [M+CI]- M+
+34.96940128
[M+Na]* | M+ 22.98922068 | [M+Acetate] | M+59.01385294 | [M+Formate]- M+
+44.99820287

Those SyGMa-generated lists of predicted biotransformation products were
subsequently used as original inclusion lists in a DDA method for each xenobiotic in
the PCB untargeted xenobiotic analytical workflow implemented on a QExactive Focus
Orbitrap LC-MS/MS system (Thermo Fisher Scientific, Hemel Hempstead, UK) and in

the AcquireX data acquisition workflow as described in Section 5.2.5.1.

5.2.7.2 Phenome Centre Birmingham xenobiotic processing workflow

Untargeted metabolomics datasets (full scan MS* data and MS" data) collected on a
Q-Exactive Focus Orbitrap LC-MS/MS system (Thermo Fisher Scientific, Hemel
Hempstead, UK) were subsequently processed by PCB using a novel workflow® aiming
to extract, process and identify features corresponding to the xenobiotic parents and/or
their biotransformation products (BTPs) in rat plasma extracts. The graphical

representation of the xenobiotic workflow implemented by PCB is shown in Figure 5.3.
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Figure 5.3 Overview of the PCB xenobiotic data processing workflow (updated from Bowen et
al.%). The initial four-step filtering of full scan MS? data yields m/z features with PCB ‘low
confidence’ in identification. Next, the m/z features are annotated using SyGMa and BEAMSPy
to yield PCB ‘mid confidence’ in identification. The final step is the inclusion of MS" data for

PCB ‘high confidence’ in identification using MetFrag.

The PCB xenobiotic data processing workflow incorporated six steps implemented to
improve identification of xenobiotic-related m/z features using open-source packages.
Briefly, full scan MS! data underwent processing and peak-picking using an open-

source XCMS software (https://xcmsonline.scripps.edu/)?%4. Secondly, four-step

feature intensity filters were applied to the resulting full scan MS?! data matrix to extract
putative xenobiotic-related features (referred to as with ‘low confidence’ in identification
by PCB). Next, the experimentally obtained full scan MS?! data were compared with in

silico SyGMa?>® predictions and annotated using the Python package, BEAMSPy
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(v1.1.0; https://github.com/computational-metabolomics/beamspy) to yield xenobiotic-

related features with PCB ‘mid confidence’ in identification. Finally, MS" fragmentation
data obtained for xenobiotic-related features in rat plasma were annotated using
MetFrag in silico predicted MSn data (https://ipb-

halle.github.io/MetFraqg/projects/metfragweb/)265266 These xenobiotic-related features

were considered PCB ‘high confidence® in identification as the matches were based
on accurate m/z full scan MS! and MS" data. In addition, the identity of xenobiotic
parents was confirmed by comparison of experimental MS" data from obtained from
rat plasma against experimental MS" data derived from the measurements of reference

standards under the same analytical conditions.

All the above-described steps in the xenobiotic data processing workflow were

conducted by PCB.

5.2.7.2.1 DATA PROCESSING AND ANALYSIS USING COMPOUND DISCOVERER

Untargeted metabolomics datasets (full scan MS?! data and MS" data) obtained on a
Orbitrap ID-X Tribrid mass spectrometer LC-MS/MS system were imported into
commercial software, Compound Discoverer (v3.3; Thermo Fisher Scientific, Hemel
Hempstead, UK) to process, extract and identify xenobiotic-related features
(specifically, parent chemicals and their biotransformation products) in rat plasma
extracts. Compound Discoverer (CD) is an all-in-one toolbox for compound

identification and structure elucidation97.267.268_
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5.2.7.2.2 IN SILICO PREDICTION OF XENOBIOTIC METABOLISM

Raw UHPLC-MS/MS data files from all four assays were processed using an existing
targeted CD workflow, namely ‘Untargeted metabolomics using online databases,
mzLogic, and Molecular Networks’ implemented to find and identify differences
between high dose treated and untreated control samples within £5 ppm tolerance
window. This automated workflow performs adaptive retention time alignment (using
ChromAlign algorithm?¢9), followed by unknown compound detection using mzCloud
(from ddMS?) and ChemSpider (based on a chemical formula or exact m/z), and
feature grouping across all samples. It also predicts elemental compositions for all
compounds, fills gaps across all samples and subtracts chemical background (using
process or extraction blank samples). The mzLogic algorithm is subsequently applied
to rank order ChemSpider results and Molecular Networks can be generated to reveal

associations between compounds!®7:267,

This existing CD workflow was further customised by the addition of the ‘Generate
Expected Compounds’ and ‘FISh Score’ (Fragment ion search scoring algorithm)
nodes, as shown in Figure 5.4. The ‘Generate Expected Compounds’ tool in CD was
used to generate theoretical BTPs of the five xenobiotics under study. The standard
CD software library was used, with default Phase | and Phase Il modifications and a
maximum of three dealkylation steps. A maximum number of Phase Il steps and a
maximum number of all steps were set to two and four, respectively. Mass error
tolerance was set to £ 5 ppm and intensity tolerance to 30%. The detailed CD settings

used for predicting the biotransformations of xenobiotics are summarised in Table 5.7.
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Figure 5.4 Compound Discoverer workflow (‘Untargeted metabolomics using online databases, mzLogic, and Molecular Networks’) applied
for the prediction, processing and identification of xenobiotic-related features in UHPLC-MS/MS datasets. In silico prediction of BTPs was

performed using the ‘Generate Expected Compounds’ node. The ‘FISh Scoring’ node performs structural annotations of MS" spectra.
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Table 5.7 Summary of Compound Discoverer processing parameters applied for the prediction
(‘Generate Expected Compound’ tool) and detection (‘Find Expected Compounds’ tool) of

xenobiotic parents and BTPs.

‘Generate Expected Compounds’

Dealkylation Max. # steps 3
Apply Dearylation True
Min. mass (Da) 200

Phase | transformations (selected all) | Dehydration (H2 O — ); Desaturation (H2 — );
Hydration ( — H2 O); Nitro Reduction (02 — H2);
Oxidation ( — O); Oxidative Deamination to Alcohol
(H2 N — H O); Oxidative Deamination to Ketone
(H3 N — O); Oxidative Debromination (Br — H O);
Oxidative Dechlorination (Cl — H O); Oxidative
Defluorination (F — H O); Reduction ( — H2);
Reductive Debromination (Br — H); Reductive
Dechlorination (Cl — H); Reductive Defluorination
(F — H); Thiourea to Urea (S — O)

Phase Il transformations (selected | Acetylation (H — C2 H3 O); Arginine Conjugation
all) (H O — C6 H13 N4 O2); Cysteine Conjugation 1 (H
— C3 H6 N O2 S); Cysteine Conjugation 2 (— C3
H7 N O2 S); Glucoside Conjugation (H — C6 H11
05); Glucuronide Conjugation (H — C6 H9 O6);
Glutamine Conjugation (H O — C5 H9 N2 O3);
Glycine Conjugation (H O — C2 H4 N O2); GSH
Conjugation (on Bromine) (Br — C10 H16 N3 O6
S); GSH Conjugation (on Chlorine) (Cl — C10 H16
N3 O6 S); GSH Conjugation (on Fluorine) (F —
C10 H16 N3 06 S); GSH Conjugation 1 ( — C10
H15 N3 06 S); GSH Conjugation 2 ( — C10 H17
N3 O6 S); Methylation (H — C H3); Ornitine
Conjugation (H O — C5 H11 N2 O2); Palmitoyl
Conjugation (H — C16 H31 O); Stearyl
Conjugation (H — C18 H35 O); Sulphation (H — H
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‘Generate Expected Compounds’

03 S); Taurine Conjugation (HO — C2 H6 N O3

S)
Max. # phase |l reactions 2
Max. # all steps 4

lonisation (default settings for both

ion modes)

[2M+ACN+H]+1; [2M+ACN+Na]+1; [2M+FA-H]-1,;
[2M+H]+1; [2M+K]+1; [2M+Na]+1; [2M+NH4]+1;
[2M-H]-1; [2M-H+HACc]-1; [M+2H]+2; [M+3H]+3;
[M+ACN+2H]+2; [M+ACN+H]+1; [M+ACN+Na]+1;
[M+CI]-1; [M+DMSO+H]+1; [M+FA-H]-1; [M+H]+1;
[M+H+K]+2; [M+H+MeOH]+1; [M+H+Na]+2;
[M+H+NH4]+2; [M+H-H20]+1; [M+H-NH3]+1;
[M+K]+1; [M+Na]+1; [M+NH4]+1; [M-2H]-2; [M-
2H+K]-1; [M-H]-1; [M-H+HACc]-1; [M-H+TFA]-1; [M-
H-H20]-1

‘Find Expected Compounds’

Mass tolerance 5 ppm
Intensity tolerance (isotope search) | 30

(%)

Intensity threshold (%) 0.1
Use most intense isotope only True
Min. peak intensity le5
FISh Scoring (fragment prediction)

S/N ratio threshold 3

Min fragment m/z 50
High acc. mass tolerance 2.5 mmu
High acc. mass tolerance 0.5 Da
Max depth 5
Aromatic cleavage True
Use libraries True

CD detected the chromatographic peaks in each dataset (containing both experimental

MS?!and MS" data) and compared the corresponding mass for each compound against
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a list of predicted BTPs. The experimental fragmentation (MS? and MS2) mass spectra
were annotated, and a FISh Score Coverage value (ranging from 0% to 50% in
UHPLC-MS/MS datasets) was subsequently assigned to each detected ‘expected
compound’ to determine the percentage match between in silico predicted and

experimental fragmentation spectra.

Fragment ion search scoring algorithm (FISh) can be used with any level of MS" data
and applies Thermo Fisher Mass Frontier™ Fragmentation Libraries?’® to predict in
silico fragments based on the structure of the parent compound or dealkylation’268, A
composite FISh Score (%) is determined by dividing the number of matched centroids
by the number of used (i.e., matched and unmatched) centroids and multiplying by 100

using the formula below?!97.267:

FISh Coverage Score = (X per all scan per all scans NumMber of matched centroids) / ( Z perall
scans NUMber of centroids in the fragmentation scan that are above the S/N threshold)

x 100%

5.2.7.2.3 METABOLITE IDENTIFICATION

First, the CD-generated list of expected compounds corresponding to the five
xenobiotic was filtered by the chromatographic peak area, the FISh Coverage Score
(as recommended in the ‘Compound Discoverer 3.3 SP1 Metabolism Tutorial’?6”) and
+ 5 ppm mass error. The filtering criteria applied to extract the initial lists of xenobiotic-
related features (putative annotations) from each dataset, corresponding to an
UHLPC-MS assay, are shown in Figure 5.5. Any low-intensity m/z features (Area

(Max.) < 1e05) or features with FISh Score (< 10%) were deemed insignificant and
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rejected from the dataset. Potential BTPs were considered based on exact mass,
presence of MS" fragmentation data (any features with only MS* data available were
excluded from further analysis), retention time (RT) and a visual inspection of the
isotopic pattern in MS?! data. Any m/z features present in blanks or control samples
were regarded as false positives and, therefore, removed from the candidate list to

ensure that a particular fragment was not a result of contamination.

Data-driven mass accuracy tolerance thresholds specific for each dataset were derived
following the examination of the initial error distributions (within £ 5 ppm mass error).

Histograms of mass errors were created using the R programming language.

Expected Compounds

Add group

[MS Depth] [is less than or equal to] 2| |Remove

[Area [Max.}J [is greater than or equal tc:] 100000.00| |remaove

[FISh Cc:'uerage] [is greater than or equal tc:J 10.00| |Remaove

[_.ﬁ.nnu:l-t. ﬁMass[ppm]J[is betweenj -5.00 and | 5.00 |Remove

[_Parent Cumpc:und_] [cuntains] [Remave|

Add property

Figure 5.5 Filtering criteria applied in Compound Discover to extract xenobiotic parents and

biotransformation products (BTPS).

Different descriptors of confidence in annotation/identification have been proposed in
the metabolomics community9-11.184.271 For the work described in this chapter, a series
of specific criteria was derived to define confidence levels in identification (MetID) of

xenobiotic parent and BTPs, as summarised in Figure 5.6 below. The general strategy
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for identification of ‘high confidence’ m/z features in rat plasma extracts was by
comparison with the analytical reference standard (available for the parent xenobiotics
only) analysed under identical experimental UHPLC-MS/MS conditions. The
chromatographic retention time, exact mass, the isotopic fragmentation pattern, and
MS" fragmentation pattern in biological samples were compared against those
obtained for the high purity standard. In the absence of MS" fragmentation data (or if
m/z features were grouped incorrectly by Compound Discoverer) for the reference
standards, a high confidence match to a mass spectral library entry (mzCloud or
ChemSpider) was also considered to assign ‘high confidence’ in identification of the
xenobiotic parents only as these five chemicals are in available in public databases (as

confirmed by a manual search).

As reference standards are not available for the majority of BTPs and their analytical
behaviour is not very predictable in terms of RT in relationship to parent?’?, their
identities were confirmed by annotating and explaining the accurate mass MS"
fragments in the experimental data by applying FISh score. Only features with MS?,
RT information and MS" fragmentation data were considered. If multiple explanations
were provided for the same m/z feature (i.e. identical MW x RT dimension) by CD, the
preference was given to the features with the highest FISh Scoring and fewer reaction
steps. This constitutes ‘medium confidence’ level in identification (for the purpose of

this work).

‘Low confidence’ features did not pass the original filtering criteria (FISh Score 210 and
+1 ppm error threshold, only present in samples of interest, i.e. not detected in controls,

blanks or any other biological samples) and were manually extracted from the dataset.
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Figure 5.6 Proposed levels of confidence in identification of xenobiotic-related m/z features in
UHPLC-MS/MS datasets using Compound Discoverer for m/z features within approx. + 1ppm
mass error tolerance. Specific data-driven ppm error thresholds were derived for each assay

based on ppm error distributions (as described later in section 5.3.3).

5.3 Results and discussion

5.3.1 ClassyFire taxonomic classification of xenobiotics

The five structures were submitted to ClassyFire (http:/classyfire.wishartlab.com)?®’,

a web-based application for automated structural classification of chemical entities

developed for the metabolomics community. Out of the five xenobiotics studied, four
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are classified as benzenoids (BPAF, DEHP, TBBPA and TCS) and one (TCPP)
belongs to organic acids and derivatives superclass (Table 5.8). These five structurally
unrelated xenobiotics also represent four different subclasses suggesting that their

biotransformation behaviour in rat may also be very different.

Table 5.8 The ClassyFire taxonomic classification of the five xenobiotics.

Name (abbr.) | Super class Class Subclass

BPAF Benzenoids Benzene and Diphenylmethanes

substituted derivatives

DEHP Benzenoids Benzene and Benzoic acid esters
substituted derivatives

TBBPA Benzenoids Benzene and Diphenylmethanes
substituted derivatives

TCPP Organics acids and Organic phosphoric Phosphate esters
derivatives acids and derivatives
TCS Benzenoids Benzene and Diphenylethers

substituted derivatives

5.3.2. Published in vivo rat metabolism data for xenobiotics

Published literature was consulted to obtain and collate relevant information on

metabolism and metabolic fate of the five xenobiotics in rat models in various sample

types. The summary is provided in Table 5.9.
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Table 5.9 Biotransformation products formed by the five xenobiotics in in vivo and in vitro

studies (only rat data was considered). Table adapted and updated from Skedlar et al, 20162,

liver

microsomes

(MEHP)

2-ethylhexanol (2-EH)
mono(2-ethyl-5-hydroxyhexyl)
phthalate (5-OH MEHP)
mono(2-ethyl-5-oxohexyl)
phthalate (5-Oxo MEHP)
mono(2-ethyl-5-carboxypentyl)
phthalate (5-carboxy MEPP)
mono(2-carboxymethyl-hexyl)
phthalate (2-carboxy MMHP)
mono-(2-ethyl-5-oxohexyl)
phthalate (MEOHP)
mono-(2-ethyl-5-hydroxyhexyl)
phthalate (MEHHP)
mono-(2-ethyl-5-carboxypentyl)
phthalate (MECPP)
mono-n-butyl phthalate (MBP)
di-n-butyl phthalate (DBP)
o-phthalic acid (PA)

Name Matrix Major metabolites formed References
(abbr.)
BPAF Rat bile, rat BPAF glucuronide®P¢ Li et al., 2013273; Li et
urine, rat BPAF diglucuronide®® al., 2016;
plasma, BPAF glucuronide dehydrated® | Waidyanatha et al.,
hepatocytes BPAF sulphate?? 2015, Waidyanatha et
BPAF glucuronide sulphate® al., 2019;
Waidyanatha et al.,
2020; Waidyanatha et
al., 2021
DEHP Rat urine, rat Mono (2-ethylhexyl)phthalate ATSDR, 2021;

Choi et al., 2012
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Name Matrix Major metabolites formed References
(abbr.)
TBBPA Rat bile e TBBPA glucuronide Hakk et al., 2000;
e TBBPA diglucuronide Schauer et al., 2006;
e TBBPA glucuronide sulphate Knudsen et al., 2014;
e Tribromobisphenol A Knudsen et al., 2018
e Tribromobisphenol A
e TBBPA sulphate
e TBBPA bisglucuronide
e TBBPA glucuronide, sulphate
adduct
TCCP Rat urine, rat | e 0,0-[bis(1-chloro-2-propyl)]-0- Stauffer Chemical
feaces (2,propionic acid)phosphate Co., 1984 (as cited in
e bis(1-chloro-2-propyl) Health Canada,
monophosphoric acid October 2020);
e 1-chloro-2-propanol Minegishi et al., 1998;
ECHA 2008;
TCS Rat urine e Monohydroxylated TCS (OH- Wau et al., 2010; Fang
TCS) et al., 2010
e TCS glucuronide
e TCS sulphate
e TCS glucoside
e Hydroxylated TCS sulphate
e TCS cysteine conjugation
e TCS acetylcysteine conjugation
e TCS glucuronide, acetylcysteine
conjugation
e 2,4-dichlorophenol
e 4-chlorocatechol

aDetected in rat bile, ® in rat urine and/or in ° rat plasma.

Published ADME/TK data for BPAF suggests a similar metabolic profile in vivo to its

structural analogue, BPA?73, Glucuronidation and sulphation are considered the major
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metabolic pathways for BPAF and TBBPA, while oxidation is a minor detoxification

mechanism2274,

DEHP ADME/TK properties have been widely studied with the majority of studies
conducted in rat models?’>276, DEHP is rapidly and extensively metabolised to >30
metabolites that are excreted in urine or bile primarily as glucuronide conjugates?’>276,
Urinary concentrations of four primary DEHP metabolites (MEHP, MEOHP, MEHHP
and MECPP) are considered biomarkers for DEHP exposure and have been measured
in the US CDC’s (Centres for Disease and Control and Prevention) National
Biomonitoring Programme

(https://www.cdc.gov/biomonitoring/DEHP BiomonitoringSummary.html).

While BPAF and DEHP metabolism in rodent models appears relatively extensively
reported in literature, limited metabolism data exists for TCCP. To my knowledge, only
one study to date has pertained to investigate TCCP metabolism in mammals (Stauffer
Chemical Co, 1984, as cited in Health Canada, 2020 and EPA, 2012)?77278 _According
to this study, TCCP undergoes rapid metabolism in rats with a dose-dependent
elimination pattern (89% of TCPP and its metabolites is eliminated by 72 h, primarily
via urine), resulting in the formation of potentially stable BTPs. 0,0-[bis(1-chloro-2-
propyl)]-0-(2,propionic acid)phosphate is the major TCCP metabolite and accounts for
over half of the dose?”’. Rapid biotransformation rates may also suggest a low

bioaccumulation potential for TCCP.

Wu et al. (2010) identified 12 triclosan biotransformation products using high-
performance liquid chromatography-atmospheric pressure chemical ionisation ion trap

mass spectrometry (HPLC-APCI-MS/MS). It predominantly undergoes hydroxylation
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in phase | metabolism, while glucuronidation and sulphation are the main phase I
metabolism modifications?’°. Triclosan can also be cleaved to form 2,4-dichlorophenol,

and 4-chlorocatechol, detectable in rat urine and faeces?28°,

5.3.2 Manual inspection of raw UHLPC-MS/MS data

Prior to the application of the automated targeted CD workflow to each dataset, the
raw UHLPC-MS/MS files (specifically MS?, retention time and MS" fragmentation data)
in all four assays were examined manually to confirm the presence of the parent
chemical for all five xenobiotics under study. Both analytical standard samples and
experimental rat plasma samples were interrogated, and the initial findings are
presented in Tables 5.10 and 5.11, respectively. Chromatographic peaks were
detected for all five xenobiotic parents in the analytical standards. Molecular ions
(IM+H]*/[M-H]") were also detected for all xenobiotics in at least one assay in full scan
MS!? data in rat plasma. However, the shoulder peak for the parent was not intense
enough to trigger an MS" scan so fragmentation data is often missing for the precursor

ion of interest in rat plasma extracts.
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Table 5.10 Detection of parent chemicals in analytical standards by manual inspection of raw
UHLPC-MS/MS data.

Name Experimental | RT (min) Parent chemical in analytical standard
(abbr.) molecular Detected in raw LC- | Detected in LC-
ion? MS! data (assay) MS" data
(m/z)
BPAF 335.0510 0.44 v HILIC (-) v
.0511 .82 - .
335.05 0.8 v" Cis Lipidomics (-)
DEHP 391.2844 0.44 v  HILIC (+) v
391.2842 5.0 - .
v" Cig Lipidomics (+) | v/
TBBPA 542.7458 0.44 v HILIC (-) v
42.7474 1.31 - .
S 3 v" Cas Lipidomics (-) | v
TCPP 327.0082 0.46 v/ HILIC (+) v
327.0083 0.88 - .
v" C1g Lipidomics (+) | v/
348.9901° 0.88
v" C1g Lipidomics (+) | v/
TCS 286.9440 0.45 v HILIC () v
286.9443 1.36 v

v" Cis Lipidomics (-)

a[M+H]* in positive ion mode and [M-H]- in negative ion mode
b[M+Na]*

196



Table 5.11 Detection of parent chemicals in rat plasma by manual inspection of raw UHPLC-
MS/MS data.

Name Experimental | RT (min) Parent chemical in treated biological
(abbr.) molecular sample
ion?@ Detected in raw LC- | Detected in LC-
(m/z) MS! data (assay) MS" data
BPAF 335.0512 0.45 v HILIC (-) X
335.0510 0.80 - .
v" Cig Lipidomics (-) | vV
DEHP 391.2844 0.43 v HILIC (+) X
391.2844 5.11 - .
v" Cig Lipidomics (+) | X
TBBPA 542.7457 0.76 v  HILIC () X
' ' X Cis Lipidomics (-) | X

X

TCPP - - X HILIC (+)

327.0081 0.86 . .
v" Cus Lipidomics (+) | X

TCS 286.9439 0.34 v HILIC (-) v

286.9439 0.74 v Cyg Lipidomics (-) | X

a[M+H]* in positive ion mode and [M-H] in negative ion mode

5.3.3 Defining mass ppm errors for each UHPLC-MS/MS dataset

Thermo Fisher Scientific technical guidance stipulates that the Orbitrap ID-X Tribrid
mass spectrometer consistently achieves sub +1 ppm mass measurement accuracy
when using internal calibration1%%:263 In line with metabolomics best practices32%!, the
initial assessment of UHLPC-MS/MS data quality was performed by interrogating the
ppm error distributions in each of the four datasets to derive mass error tolerance

thresholds. Figure 5.7 shows histograms plotted for features retained after applying an
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initial £5 ppm mass error filter to each assay in Compound Discover (CD). This initial
filter yielded a different number of putative xenobiotic-related features for each assay,
as shown in Table 5.11. The optimal ppm error threshold was subsequently derived for
each dataset (corresponding to the four UHPLC-MS/MS assays) in order to maximise
the potential to gain insights into xenobiotic metabolism and metabolic fate in rat
plasma. Using these optimised thresholds, the filtering of m/z features generated
between 50 (HILIC positive) and 986 (positive RP Cais lipidomics) putative annotations,
summarised in Table 5.12. After examining the histograms of ppm error distributions
(Figure 5.7), the Cas lipidomics positive assay was considered problematic due to the
relatively high ppm errors observed. However, it was still included in further analysis
and, for consistency, a similar error threshold was applied to retain only the high-quality

xenobiotic-related features in this dataset.
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Figure 5.7 Histograms summarising the m/z measurement error (ppm) across all xenobiotic-
related features (putative annotations) detected in UHLPC-MS/MS assays: (a) HILIC (+)
metabolomics, (b) HILIC (-) metabolomics, (c) RP Cis (+) lipidomics and (d) RP Cis (-)
lipidomics. Abbreviations: (+) positive ion mode, (-) negative ion mode.
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Table 5.12. Summary of xenobiotic features (putative annotations) retained in each UHLPC-

MS/MS dataset after applying the optimised data-driven mass error thresholds in Compound

Discoverer.
Assay Features within Selected mass Features retained after
original £5 ppm accuracy threshold filtering by optimised
mass (ppm) derived from ppm error tolerance
measurement Figure 5.7
error (putative
annotations)
HILIC (+) 844 -1.25t0 1.25 528
HILIC (-) 58 -1.25t01.25 50
Lipids (+) 2539 -1.5t01.5 986
Lipids (-) 144 -1.00to 1.5 108

5.3.4 Parent chemicals and biotransformation products discovered
by Compound Discoverer

The numbers of xenobiotic-related features (putative annotations) detected by
Compound Discoverer per chemical, per assay, after applying the initial filtering
parameters (i.e. MS depth = 2, FISh Coverage = 10%, peak Area (Max.) = 1e5 and a
ppm error threshold specific to each dataset, as shown in Table 5.12) are summarised

in Table 5.13.
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Table 5.13 Summary of the number of biotransformation products (putative annotations)
detected in each mass spectrometry assay after [1] applying the Compound Discoverer (CD)
filtering parameters (i.e. = MS?, FISh Coverage = 10%, peak area = 1e5 and approx. 1 ppm
error threshold) followed by [2] manual inspection of the data (considering all adducts listed in
CD).

Name (abbr.) | HILIC (+) HILIC (-) Lipids (+) Lipids (-)

(1] (2] [1] (2] [1] [2] [1] [2]
BPAF 11 2 5 3 9 4 41 1
DEHP 371 308 30 10 65 122 626 282
TBBPA 2 0 2 28 1 1 0 0
TCPP 139 514 0 0 7 62 253 343
TCS 4 0 13 11 26 10 29 1
Total per | 527 85 50 26 108 33 949 64
assay

4nclusive of parent chemical.

The highest number of biotransformation products was detected in the HILIC positive
dataset and RP Cais lipidomics negative dataset, which revealed between 85 and 64
putative xenobiotic-related features, respectively after manual examination of the

chromatograms and mass spectra.

The sections below describe major xenobiotics parents and/or any biotransformation
products (BTPs) discovered in rat plasma by applying the automated CD workflow to
each assay and inspecting accurate mass MS?, chromatographic peak retention time
(RT) and MS" fragments for each m/z feature. The xenobiotic-related features revealed
by the analysis were assigned a ‘high’, ‘medium’ or ‘low’ level of confidence based on

the specific criteria defined in section 5.2.6.3.2 for this purpose.
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5.3.5 BPAF

BPAF parent was detected in both analytical reference standard and rat plasma in the
RP Cis negative lipidomics dataset, eluting at 0.803 min. The injection and analysis of
BPAF analytical standard (final concentration 10 pg mL™? in water: iso-2-propanol 1:3
v/v) under the same LC-HRMS conditions aimed to confirm the identity of parent in the
biological sample, using accurate m/z, RT and MS? spectral match. This yields the
highest level of confidence in identification, corresponding to Schymansky et al. (2014)
confidence Level 11, Figure 5.8 shows the comparison of RT and MS?in the biological
sample and BPAF analytical standard. However, MS" fragmentation data were missing
(or grouped incorrectly in the Compound Discoverer mass spectral tree) for the parent
peak of interest in the reference standard, therefore a spectral match could not be
ascertained for the biological sample. In the absence of MS" fragmentation data for
both peaks, a high confidence match of the biological sample to the corresponding
entries in the mzCloud (99.7%, within -0.51 ppm mass error) and ChemSpider library
entries (within -0.50 ppm) was used to confirm the identity of BPAF parent in the RP
Cis negative lipidomics dataset, as shown in Figure 5.8. The fragments at 265 m/z,

315 m/z and 335 m/z represent the structural fragments of BPAF parent.

BPAF parent was also detected in analytical standard in the HILIC negative assay (not
in rat plasma), but with a lower confidence in identification (FISh score: 3.70%) and
automatically matched to the ChemSpider library (based on exact mass and chemical

formula/elemental composition).
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Figure 5.8 Confirming BPAF parent identity in rat plasma Cis negative lipidomics. (a)
Extracted ion chromatograms of BPAF parent peak in rat plasma (top) and reference
standard (bottom) from the RP Cjs lipidomics analysis. (b) Full scan MS? data showing the
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isotope pattern fit for BPAF at [M-H] 335.05099 m/z in rat plasma (top) and reference

standard (bottom), shown on different m/z scales on the x-axis.

a RAWFILE(top): BPAF_ID_01 (F14) #292, RT=0.844 min, MS2, FTMS (-), (HCD, DDA, 335.0511@(20;40;130), -1)
REFERENCE(bottom): mzCloud library, Bisphenol AF, C15 H10 F6 02, MS2, FTMS, (HCD, 335.0512@(10;30;50)
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b Structure Name Formula Molecular We » | AMass [Da] | AMass [ppm] | Confidence | Match | Tree Match | Best Match | Best Sim. Match | Type
NN f
YA\ s
WIOA
- Bisphenol AF C15H10F6 02 336.05850 0.00017 0.51 82 64.0 58.0 99.7 629 Identity
AL
A
Structure Name Formula Molecular Weight | AMass [Da] | AMass [ppm]
.
X Bisphenol AF C15H10F6 02 336.05850 0.00017 0.50

Figure 5.9 BPAF parent identity match in rat plasma resulting from an MS? spectral match
against the mzCloud library (a) Mirror plot of the MS" fragmentation spectrum in rat plasma
(top) and match against the mzCloud reference spectrum (bottom). Three overlapping product
ions are shown, including the precursor ion and lower molecular weight ions. (b) High

confidence match for BPAF parent in mzCloud (top) and ChemSpider (bottom) libraries.

A total of five BTPs (M1 to M5) were identified for BPAF as listed by ascending RT in
Table 5.14. Two of those BPAF-related features detected in the HILIC positive assay
were assigned a ‘medium level of confidence’ in identification (M2, M5) (Table 5.14,

Figure 5.10b and d, respectively).
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Table 5.14 BPAF metabolic biotransformation products identified in UHPLC-MS/MS datasets with assigned levels of confidence in
identification: yellow — ‘low confidence’, blue — ‘medium confidence’, green — ‘high confidence’. Abbreviations: FISh — Fragment ion search

scoring, MW — molecular weight, RT — retention time.

Annot. mzCloud
Composition |DeltaMass RT FISh Area Best |Reference
ID Assay |Formulal Transformations Change [ppm] Calc. MW m/z [min] |Coverage| (Max.) | Match lon
C15
H10 F6
M1 [HILIC neg| O5S Sulphation +(03S) -0.61 | 416.01506 |415.0078|0.354| 8.57 4.01E+06 [M-H]-1
Hydration, Oxidative
Defluorination,
Cc22 Glucuronide
H23 F5 Conjugation, -(F) +(C7 H13
M2 |HILIC pos| 010 Methylation 08) 0.57 542.12145 |543.1287| 0.43 10.2 |1.83E+05 [M+H]+1
Cci18 Cc21
Lipidomics| H18 F6 Glucuronide
M3 neg 08 Conjugation +(C6 H8 06) 0.47 512.09083 [511.0835|0.602| 5.56 [2.82E+07| 85.6 [M-H]-1
C18 c21 Dehydration,
Lipidomics| H16 F6 Glucuronide
M4 neg o7 Conjugation +(C6 H6 O5) 1.81 494.08092 |493.0736|0.644 | 22.22 [4.11E+05 [M-H]-1
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mzCloud

Annot.
Composition |DeltaMass RT FISh Area Best |Reference
ID Assay |Formulal Transformations Change [ppm] Calc. MW m/z [min] |Coverage| (Max.) | Match lon
Ci18 Ci15
Lipidomics| H10 F6
P neg 02 BPAF parent -0.5 336.05833 |[335.0511{0.803| 11.11 [1.34E+09 64 [M-H]-1
Cc21
H18 F6 Glucuronide
M3 [HILIC pos| O8 Conjugation +(C6 H8 0O6) 0.07 512.09062 |511.0833|5.258| 7.69 [2.69E+06 95.6 [M-H]-1
c21 Glucuronide
H18 F6 Conjugation,
M5 |HILIC neg| O11 S Sulphation +(C6 H8 09 S) -0.22 592.04727 |591.0400|5.393| 10.2 |[1.35E+06] 97 [M-H]-1
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These m/z features ([M+H]* at 543.1287 m/z and [M+H] 591.0400 m/z, respectively)
represented phase | modifications observed in this dataset, specifically hydration and
oxidative defluorination (M2), while phase Il modifications were glucuronide
conjugation (M2) followed by methylation (M2) or sulphation (M5). M2 resulted from
several (five) phase | and phase Il reactions. M5 (predicted by both SyGMa and
Compound Discoverer) eluted at 5.393 min and was generated through glucuronide
conjugation (+176 Da mass shift) at one of the phenolic hydroxyl groups followed by
(phase II) sulphation of another hydroxyl group, as suggested by a +80 Da shift from
BPAF parent. M5 fragmentation pattern contained four major product ion fragments of
similar intensity (335 m/z, 415 m/z, 511 m/z and 591 m/z). In addition, this particular
m/z feature was also automatically identified by mzCloud and ChemSpider libraries,
based on accurate mass, chemical formula and observed fragmentation pattern

(Figure 5.10d).
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Figure 5.10 Structure annotations from FISh scoring on MS" spectra of major BPAF
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metabolites discovered in rat plasma: (a) M1, (b) M2, (c) M4 and (d) M5. Green — indicates

direct match fragments, blue — transformation shifted fragments.

FISh scoring was used to define product ions by structural annotations for the detected
BTPs. Specifically, FISh scoring algorithm was applied to the chemical structures of
M2 and M5 and associated with the MS" fragmentation spectrum of the corresponding
precursor masses at 543.1287 m/z and 591.0400 m/z. In the spectra, over 10 % of the
possible product ions assessed can be structurally related to the BTPs of interest

(Figures 5.10b and d, respectively).

One BPAF-related feature formed by dehydration followed by glucuronidation (M4,
494.08909 m/z eluting at 0.644 min in the negative RP Cais lipidomics dataset, peak
area: 4.11e5) was marked as ‘low confidence’ as it was outside the ppm error tolerance
window of +1 ppm (1.81 ppm). Figure 5.10c shows MS? fragmentation spectrum of M4
with structure annotations (from FISh scoring: 22.22%), two product ions were
sufficiently matched to theoretical fragment ion masses. The site of transformation can

be elucidated from MS?2 fragmentation.

Additionally, two ‘low confidence’ tentative BPAF metabolites discovered in rat plasma
were predicted by both SyGMa and Compound Discoverer. Sulphation BTP (M1,
415.0079 m/z eluting at 0.354 min and peak area of 4.01e6) was detected in the HILIC
negative assay with a lower FISh score value (8.57%) and sub =1 ppm error (-0.61
ppm). Structure annotations of MS" mass spectra of the sulphated BTP (M1) are shown

in Figure 5.10a.
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BPAF glucuronide conjugates (M3) were discovered in two assays (HILIC positive and
Cis lipidomics negative) with a lower FISh score (7.69% and 5.56%, respectively), sub
+1 ppm error (0.07 ppm and 0.47 ppm, respectively) and automatically matched to the
mzCloud spectral library with high confidence (95.6% and 85.6%, respectively). M1
(sulphated BPAF) and M3 (BPAF glucuronide) are also BPAF metabolites with the
most intense signal in rat plasma, with a chromatographic peak area (4.01e6 and
2.69e6, respectively). These findings are consistent with published literature that
reported BPAF glucuronide as the main BTP formed in in vivo studies!??273:282-284

BPAF glucuronide sulphate was also detected in vivo'?273,

No BTPs were discovered for BPAF in the positive RP Cis lipidomics assay. The BTPs
(M1 to M5) identified across the three UHPLC-MS/MS datasets (ranked in ascending
RT order) are summarised in Table 5.14 above with levels of confidence assigned

according to the criteria described in section 5.2.6.3.2.

Proposed biotransformation map for BPAF is shown in Figure 5.11. Chemical
structures were generated from canonical SMILES using the ChemDraw Professional

software (v22.0.0.22; PerkinElmer).
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Figure 5.11 BPAF suggested metabolic pathway for major BTPs discovered in the UHPLC-MS/MS datasets. Plain arrow — phase | reaction,

dashed arrow — phase Il reaction.
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5.3.6 DEHP

DEHP parent was detected in both analytical reference standard sample and rat
plasma in the HILIC positive dataset (391.2844 m/z, RT: 0.418 min). The injection and
analysis of DEHP reference standard (10 pg mL? in water:acetonitrile:methanol
1:1.5:1.5 v/v/v) under the same LC-HRMS conditions aimed to confirm the identity of
parent, whereby the RT and MSn fragmentation pattern matched those observed in
the biological sample (Figure 5.12). The
[M+H]* was detected in both rat plasma and analytical standard. However, in the
absence of MS" fragmentation data for the DEHP precursor ion in rat plasma possibly
due to lower intensity of the shoulder peak (only MS" data for the reference standard
are available), the highest confidence spectral match (equivalent to Schymansky et al.
(2014) confidence Level 1) could not be performed, and the feature was annotated
based on accurate mass (within 0.33 pm mass error), matching retention times (RTS)
and high confidence match to the mzCloud spectral library (98.6%) (Figure 5.12d). The
mirror plot of the MS" fragmentation spectrum in rat plasma and match against the
mzCloud reference spectrum shows several overlapping product ions, including the

precursor ion and lower molecular weight ions.

213



Bis(2-ethylhexyl) phthalate C24 H38 04
File: DEHP_FS.raw (F21) FTMS (+) MS1

lon: M+HJ<1
&
S
ST 0414
£
£
ERE
= 0.464 0.485
@ T“/‘
§ 00 T T T T T
2 RT [min]
Bis(2-ethylhexyl) phthalate C24 H38 04
File: DEHP-STD_FS raw (F5) FTMS (+) MS1
n lon: M+H]+1
&
S
S 4 0416
E
220
=
§ 0 T T T T T
= 0.40 045 0.50 0.55 0.60
RT [min]
DEHP_FS (F21)#56, RT=0414 min, MS1, FTMS (=)
Bis(2-ethylhexyl) phthalate C24 H38 04, MW: 390.27718, Area: 1188051
12 4
39128445
[M+H]+1
10
2 08 ]
o
7
=
§ 06 4
=
5
£ 04
39228778
0.2 4
waer Ml Mass . 393.29065 -
00 T L T T L - T l T T .
390 391 392 393 394 395
miz
DEHP-STD_MSn (F6) #182, RT=0.407 min, MS1, FTMS (+)
Bis(2-ethylhexyl) phthalate C24 H38 04, MW: 390.27714, Area: 114571411
10 1 39128485
[M=H]=1
8 4
@
S
Z 6 A
=
3
o
=,
=
z 4
g
=
B
AR
e 41326639
o i [M+Na]+1
0 T | T T T T L T
390 395 400 405 410 415
miz
C

| Structure Name

\/”\(\/\

@:T; Bis(2-ethylhexy) phthalate
20
O\L\/

Formula

C24 H3804

Molecular Weight | AMass [Daj | AMass [ppm] | CSID

390.27701| 000013

214

033 21_1%20_5‘



Figure 5.12 Confirming DEHP parent identity in rat plasma HILIC positive assay. (a) Extracted
ion chromatograms of DEHP parent peak in rat plasma (top) and reference standard (bottom)
from the HILIC positive analysis. (b) Full scan MS! data showing the isotope pattern fit (shown
on different m/z scales on the x-axis) for DEHP at [M+H] 391.2844 m/z in rat plasma (top) and

reference standard (bottom). (c) High confidence match for DEHP parent in mzCloud library.

In addition, data processing and analysis using Compound Discoverer revealed 17
metabolic biotransformation products of DEHP in rat plasma extracts detected across
all four assays. These BTPs (M1 to M17) are listed in Table 5.15 according to
ascending RT. Four dealkylated BTPs resulting from desaturation (M8),
glucuronidation (M9), oxidation followed by glucuronide conjugation (M5), and
reduction followed by glycine conjugation (M3) were discovered across multiple

UHPLC-MS/MS assays.

Major phase | metabolic modifications included dealkylation for 16 features (M3 to M10
and M12 to M17), desaturation (M1, M4, M5, M9, M11, M12, M13, M14) and oxidation
(M4, M5, M6, M7, M11, M13, M16); reduction (M3) and nitro reduction (M17) were a
minor phase | reactions. Four BTPs underwent glucuronide conjugation (M5, M6, M10,
M14) while methylation (M17) was a minor phase Il reaction. Metabolic transformations
for DEHP (accurate m/z, elemental composition, RT and chromatographic peak areas)
are summarised in Table 5.15. Dehydration reactions (M1, M2) previously reported in
DEHP metabolism in vivo were generally infrequent with lower peak areas. Mass
accuracy was below =1 ppm error for DEHP-related features across all UHPLC-MS/MS

assays, increasing confidence in these annotations.
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The detection of various oxidation and glucuronide metabolites is consistent with
literature findings postulating that DEHP is rapidly metabolised, MEHP and 2-ethyxanol
(2-EH) in vivo followed by oxidation and/or glucuronide conjugation?’>28 MEHP, 5-
OH MEHP followed by 5-Oxo MEHP were also major metabolites produced in
vitro?75276, A 279.1591 m/z feature eluting at 2.813 min and corresponding to mono(2-
ethylhexyl) phthalate (MEHP, M15) was discovered in the HILIC positive dataset
suggesting that DEHP was metabolised via hydrolytic cleavage to another phthalate
ester, MEHP. This was also confirmed by a positive match to mzCloud (88.7%, within
0.07 ppm) and ChemSpider libraries. MEHP peak area was 9.35e6 in the HILIC

positive assay, representing one of the most abundant DEHP-derived BTPs.

Three additional MEHP-derived hydrolytic metabolites were detected in UHPLC-
MS/MS datasets. Mono(2-ethyl-5-carboxypentyl) phthalate (5-carboxy MEPP) was
discovered in both RP Cis negative lipidomics and HILIC negative assay following
dealkylation, desaturation and double-oxidation (M13, 371.25812 m/z, RT: 0.824 min)
and automatically matched to a ChemSpider library entry (within -0.09 ppm and -0.19
ppm, respectively). Over 40% (FISh score: 41.51%) of the possible product ions
(seven matching major fragments including 159 m/z and 121 m/z) can be structurally
related to the corresponding precursor ion in the MS? fragmentation data collected for
M13 in the RP Cis negative lipidomics dataset (Figure 5.13b). This is also the most
abundant DEHP-related feature (peak area: 2.2e8) and showed higher signal intensity
compared to the parent discovered in the other HILIC assay, thus increasing

confidence in identification.
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Mono(2-ethyl-5-hydroxyhexyl) phthalate (5-OH MEHP) following dealkylation and
oxidation (M16, 295.15408 m/z, RT: 4.772 min) was confirmed by a ChemSpider match
in the HILIC positive assay (within 0.26 ppm). Mono-(2-ethyl-5-oxohexyl) phthalate (5-
Oxo MEHP) was identified in the HILIC positive assay (M4, [M+Na]*at 315.12036 m/z,
RT: 0.562 min) following dealkylation, desaturation and oxidation. These features were
assigned ‘medium confidence’ in identification (Table 5.15). Structural characterisation
of the MS" patterns for these representative DEHP-derived features (using FISh
scoring to define products ions) is shown in Figure 5.13. No further MEHP-derived
metabolites reported in literature were detected in the UHPLC-MS/MS datasets,

however.

Proposed biotransformation map for DEHP is shown in Figure 5.14. Chemical
structures were generated from canonical SMILES using the ChemDraw Professional

software (v22.0.0.22; PerkinElmer).
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Figure 5.13 Structure annotations from FISh scoring on MS" spectra of major DEHP
metabolites discovered in rat plasma (a) M4, (b) M13, (c) M16. Green — indicates direct match

fragments, blue — transformation shifted fragments.
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Table 5.15 DEHP metabolic biotransformation products identified in UHPLC-MS/MS datasets with assigned levels of confidence in

identification: yellow — ‘low confidence’, blue — ‘medium confidence’, green — ‘high confidence’. Abbreviations: FISh — Fragment ion search

scoring, MW — molecular weight, RT — retention time.

Annot.
Compositi| DeltaM mzCloud
on ass RT FISh Area Best |Reference
ID| Assay | Formula |Transformations| Change | [ppm] [Calc. MW m/z [min] |Coverage | (Max.) | Match lon
C24 H38
P [HILIC pos 04 0.33 |390.277 | 391.2844 |0.418| 47.37 |[1.15E+08| 99.3 [M+H]+1
Dehydration,
C24 H32 Dehydration,
M1 |HILIC pos 02 Desaturation -(H6 0O2) | 0.93 |352.241 | 353.2478 |0.491| 23.08 |1.09E+06 [M+H]+1
C24 H34 Dehydration,
M2 |HILIC pos 02 Dehydration -(H402) | 0.33 |354.256 | 355.2633 | 0.492| 57.89 |2.30E+05 [M+H]+1
Dealkylation,
Reduction,
C18 H27 N Glycine -(C6 H11)
M3 |HILIC pos 05 Conjugation +(N O) 0.18 | 337.189 | 338.1963 | 0.558| 41.67 |3.35E+06 [M+H]+1
Dealkylation,
C16 H20 Desaturation, |-(C8 H18)
M4 |HILIC pos 05 Oxidation +(0) 0.19 |292.131 | 315.1204 |0.562| 43.48 [2.37E+07| 97.2 |[M+Na]+l
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Annot.

Compositi| DeltaM mzCloud
on ass RT FISh Area Best |Reference
ID| Assay | Formula |Transformations| Change | [ppm] [Calc. MW m/z [min] |Coverage| (Max.) | Match lon
Dealkylation,
Desaturation,
C18 Oxidation,
Lipidomics| C22 H28 Glucuronide -(C2 H10)
M5 neg 011 Conjugation +(07) 0.45 | 468.163 | 467.1561 | 0.594 | 28.57 |4.91E+06 [M-HJ-1
Dealkylation,
C18 Oxidation,
Lipidomics| C22 H30 Glucuronide -(C2 H8)
M6 neg 011 Conjugation +(07) 0.53 |470.179 | 469.1718 | 0.597 | 23.08 |2.29E+06 [M-H]-1
C18 Dealkylation,
Lipidomics| C16 H22 Oxidation, -(C8 H16)
M7 neg 06 Oxidation +(02) 0.52 |310.142 | 309.1345 | 0.643| 19.05 |2.90E+06 [M-HJ-1
C18 Dealkylation,
Lipidomics|C18 H27 N [Hydration, Glycine| -(C6 H11)
M8| pos 06 Conjugation +(N 02) | -0.04 |353.184 | 354.1911 | 0.715 40  [1.59E+07 [M+H]+1
Dealkylation,
C18 Reduction,
Lipidomics|C18 H27 N Glycine -(C6 H11)
M3 pos 05 Conjugation +(NO) | -0.28 | 337.189 | 338.1961 | 0.724 60 5.00E+07, 90.6 [M+H]+1
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Annot.

Compositi| DeltaM mzCloud
on ass RT FISh Area Best |Reference
ID| Assay | Formula |Transformations| Change | [ppm] [Calc. MW m/z [min] |Coverage| (Max.) | Match lon
Ci18
Lipidomics| C16 H20 Dealkylation,
M9 pos 04 Desaturation |-(C8 H18) | 0.13 | 276.136 | 277.1435 | 0.734 37.5 |1.99E+06 [M+H]+1
C18 Dealkylation,
Lipidomics| C22 H30 Glucuronide -(C2 H8)
M10 neg 010 Conjugation +(06) 0.1 |454.184 | 453.1767 |0.766| 26.67 |[1.57E+07| 57.9 [M-H]-1
Dealkylation,
C16 H20 Desaturation, |-(C8 H18)
M11HILIC neg] O5 Oxidation +(O) 0.16 |292.131|291.1238 |0.775| 17.19 |[7.92E+07| 70 [M-H]-1
Ci18
Lipidomics| C24 H34 Dehydration,
M12|  pos 03 Desaturation -(H40) | 0.12 |370.251 | 371.2581 |0.824| 23.33 |3.83E+05] 92.5 [M+H]+1
Dealkylation,
C18 Desaturation,
Lipidomics| C16 H20 Oxidation, -(C8 H18)
M13  neg 06 Oxidation +(02) -0.09 | 308.126 | 307.1187 | 0.85 4151 |1.35E+06| 81.3 [M-H]-1
Dealkylation,
C40 H62 Desaturation, |+(C16 H24 [M+NH4]+
M14/HILIC pos O11 Glucuronide o7) -0.78 | 718.429 | 736.4625 | 0.859| 34.55 |[1.85E+06| 100 1
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Annot.

Compositi| DeltaM mzCloud
on ass RT FISh Area Best |Reference
ID| Assay | Formula |Transformations| Change | [ppm] [Calc. MW m/z [min] |Coverage| (Max.) | Match lon
Conjugation,
Stearyl
Conjugation
Dealkylation,
C16 H22 Oxidation, -(C8 H16)
M7 |HILIC pos 06 Oxidation +(02) 0.36 |310.142 | 333.1310 |0.919| 39.29 |7.69E+06| 99.4 |[M+Na]+1l
C18
Lipidomics| C16 H20 Dealkylation,
M9 neg 04 Desaturation |-(C8 H18) | -0.13 | 276.136 | 275.1289 | 1.001 20 6.23E+05 [M-H]-1
C16 H22
M15/HILIC pos 04 Dealkylation -(C8 H16) | 0.07 |278.152|279.1591 |2.813| 16.67 |9.35E+06| 89.6 [M+H]+1
Dealkylation,
C22 H30 Glucuronide -(C2 H8)
M10HILIC neg 010 Conjugation +(06) -0.71 | 454.184 | 453.1763 |3.749| 17.74 |4.66E+07| 86.8 [M-H]-1
Dealkylation,
Desaturation,
C16 H20 Oxidation, -(C8 H18)
M13HILIC neg 06 Oxidation +(02) -0.19 | 308.126 | 307.1187 |4.412| 23.26 |2.02E+08| 81.4 [M-H]-1
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Annot.

Compositi| DeltaM mzCloud
on ass RT FISh Area Best |Reference
ID| Assay | Formula |Transformations| Change | [ppm] [Calc. MW m/z [min] |Coverage| (Max.) | Match lon
Dealkylation,
Oxidation,
C22 H30 Glucuronide -(C2 H8) [M+NH4]+
M6 |HILIC pos 011 Conjugation +(07) 0.42 | 470.179 | 488.2128 |4.771 35.9 |4.05E+06| 74.4 1
C16 H22 Dealkylation, |-(C8 H16)
M16|HILIC pos 05 Oxidation +(0) 0.26 | 294.147 | 295.1541 | 4.772 40 1.80E+06 [M+H]+1
Dealkylation,
Oxidation,
C22 H30 Glucuronide -(C2 HB)
M6 [HILIC neg| O11 Conjugation +(07) 0.16 |470.179 | 469.1716 |5.008| 19.54 |[3.37E+06 [M-H]-1
Dealkylation, Nitro
C18 Reduction, Nitro
Lipidomics Reduction, -(C7 H10
M17| pos C17 H28 Methylation 04) -0.06 |232.219 | 233.2264 | 9.39 25 3.80E+06 [M+H]+1
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Figure 5.14 DEHP suggested metabolic pathway for major BTPs discovered in the UHPLC-MS/MS datasets. Plain arrow — phase | reaction,

dashed arrow — phase Il reaction.
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5.3.7 TBBPA

TBBPA parent chemical was detected in rat plasma extracts analysed in the HILIC
negative assay ([M-H]  at 538.7501 m/z, RT: 0.460 min). The peak identity could not
be confirmed by full spectral comparison with the reference standard for TBBPA (10
ug mL? in water:acetonitrile:methanol 1:1.5:1.5 v/v/v), analysed using the same
analytical method and identical instrument conditions due to the absence of MS" data
for the biological sample. As a result, the comparison was based on chromatographic
peak retention time (11 s shift compared to the standard), isotopic pattern, exact mass
and a high confidence match to both mzCloud and ChemSpider libraries. TBBPA
parent was also detected with ‘lower confidence’ in the chemical reference standard
only in the RP Caislipidomics dataset (1.61 ppm error). In addition, TBBPA parent peak
was automatically matched to the spectral libraries (mzCloud and ChemSpider) with

high confidence (within 0.61 ppm).

227



Tetrabromobisphenol AC15 H12 Br4 02
File: TBBPA_FS.raw (F28) FTMS (-) MS1

lon: [M-HJ-1
@
s
P e
E N\
S22
=
go : . ; .
z RT [min]
Tetrabromobisphenol AC15 H12 Br4 02
File: TBBPA-STD_FS.raw (F7) FTMS (-) MS1
" lon: [M-HJ-1
[
S
=60 0.449
€ 40
g
E 20
c 0 T T T T
= 0.40 0.45 0.50 0.55
RT [min]
TBBPA-STD_MSn (F8) #201, RT=0.445 min, MS1, FTMS ()
Tetrabromobisphenol AC15 H12 Brd 02, M\W: 539.75741, Area: 143691737
60 4
50 4
g
= 40
Z
3
= 30
=
2
£
£ 20
538.75037
[M-H}-1
10
0 T T 1 T T T T
538 539 540 541 542 543
miz
TBBPA_FS (F28)#59, RT=0.453 min, MS1, FTMS (-}
Tetrabromobisphenol AC15 H12 Br4 02, MW: 539.75728, Area: 7472480
54
542.74579
4 4
=)
s 540.74792
= 3]
=
[=
3
g
=
w 24
c
@
=
14
541.756116
539.756330 g
0 T T 1 T T T T .
538 539 540 541 542 543
miz

Figure 5.15 Confirming TBBPA parent identity in rat plasma in the HILIC negative assay. (a)

Extracted ion chromatograms of TBBPA parent peak in rat plasma (top) and reference
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standard (bottom). (b) Full scan MS! data showing the isotope pattern fit for TBBPA at [M-H]

538.7501 m/z in rat plasma (top) and reference standard (bottom).

Eight TBBPA metabolites were reported in literature from in vivo rat studies
(specifically, detected in rat bile2’4), resulting from reductive or oxidative debromination
(phase 1) or glucuronidation (phase Il). All of these earlier reported BTPs were also
predicted by Compound Discoverer. However, no additional BTPs were discovered in
the UHPLC-MS/MS datasets when applying the initial filtering, suggesting that TBBPA
is either rapidly metabolised by rat or that rat plasma extracts are not suitable
biomarkers of exposure for this xenobiotic. TBBPA sulphate (M1, [M+H]* at 618.7064
m/z, RT: 0.453 min) was also discovered in the HILIC negative dataset within -0.30
ppm error. However, it did not meet the initial filtering criteria (FISh score > 10.0%) and
is, therefore, reported as a ‘low confidence’ in identification feature (FISh score:
7.14%). MS? and MS2 fragmentation spectra of M1 with structure annotations resulting

from applying FISh scoring are presented in Figure 5.16.

Proposed biotransformation map for TBBPA is shown in Figure 5.17. Chemical
structures were generated from canonical SMILES using the ChemDraw Professional

software (v22.0.0.22; PerkinElmer).
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Table 5.16 TBBPA metabolic biotransformation products identified in UHPLC-MS/MS datasets with assigned levels of confidence in

identification: yellow — ‘low confidence’, blue — ‘medium confidence’, green — ‘high confidence’. Abbreviations: FISh — Fragment ion search

scoring, MW — molecular weight, RT — retention time.

Annot. mzCloud
Composition|DeltaMass| Calc. RT FISh Area Best |Reference
ID | Assay | Formula |Transformations| Change [ppm] MW m/z [min] | Coverage | (Max.) | Match lon
HILIC | C15H12 619.713 1.78E+0
M1| neg Br4 O5 S Sulphation +(039) -0.3 7 618.706 | 0.359 7.14 6 [M-H]-1
HILIC | C15 H12 539.757 1.44E+0
P neg Br4 O2 0.61 4 538.75 |0.453 37.5 8 [M-H]-1
Cis
Lipidomic| C15 H12 539.758 2.46E+0
P | sneg Br4 O2 1.61 0 538.751 |1.294| 53.85 8 95.1 [M-H]-1
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Figure 5.16 Structure annotations from FISh scoring on MS" spectra of TBBPA sulphation
metabolite (M1) discovered in rat plasma. Green — indicates direct match fragments, blue —

transformation shifted fragments.
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Figure 5.17 TBBPA suggested metabolic pathway for major BTPs discovered in the UHPLC-MS/MS datasets. Plain arrow — phase |
reaction, dashed arrow — phase Il reaction.
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5.3.8 TCPP

The identity of TCPP parent detected in the RP Cis lipidomics positive assay ([M+H]*
at 327.0083 m/z, RT: 0.843 min) could not be validated by a spectral match to the
reference standard due the absence of MS" fragmentation data for the precursor ion
detected in rat plasma. MS? scan was not triggered likely due to a lower shoulder peak
intensity for TCPP parent. As a result, the identification (‘high confidence’) was based
on accurate m/z, chromatographic retention time, and isotopic pattern in MS?* data only
with no ChemSpider library match, however. The peak corresponding to TCPP parent
was also detected (with ‘lower confidence’ in identification) in the reference standard

only analysed in the HILIC positive assay.
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Figure 5.18 Confirming TCCP parent identity in rat plasma RP Cig positive lipidomics. (a)
Extracted ion chromatograms of BPAF parent peak in rat plasma (top) and reference standard

(bottom) from the RP Cis lipidomics analysis. (b) Full scan MS! data showing the isotope
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pattern fit for 327.0083 at [M+H]* 335.05099 m/z in rat plasma (top) and reference standard
(bottom).

In addition, Compound Discoverer workflow revealed 22 metabolic biotransformation
products for TCPP, the majority of them being detected in the HILIC positive assay, as
summarised in Table 5.17. No BTPs were annotated within the HILIC negative dataset.
Over half of the BTPs underwent oxidative dechlorination (M1, M4, M6, M10, M12,
M13, M14, M16, M17, M18, M19, M20, M22). Other major phase | modifications were
dealkylation (M3, M7, M8, M9, M11, M13, M16, M17, M21), oxidation (M1, M6, M9,
M10, M18, M21), nitro reduction (M2, M3, M7), reductive dechlorination (M2, M15,
M19) and desaturation (M1, M7, M10, M16, M18). The most prevalent phase Il
modifications were acetylation (M4, M6, M9, M13, M17, M17), methylation (M1, M4,
M6, M9, M13, M17), glucuronide conjugation (M2, M20, M22), glucoside conjugation
(M3, M7, M11, M19, M21) and glycine conjugation (M15, M19). Ornithine conjugation
(M21) was a minor metabolic pathway of TCPP detoxification mechanism. One feature
(M9) was consistently discovered across all three assays and six features were
reported in two UHPLC-MS/MS assays (M3, M4, M10, M14, M15, M16), thus

enhancing confidence in these annotations.

One TCPP biotransformation product of dealkylation followed by oxidation, acetylation
and methylation (M9, [M+H]* at 323.0214 mz, RT: 0.489 min) was measured across
multiple UHPLC-MS/MS assays with a high FISh score (50%) and a positive match to
mzCloud library. Half of the possible product ions assessed in the MS? data collected
for M9 in the HILIC positive and RP Cis negative lipidomics datasets (five matching

fragments including 98 m/z, 171 m/z and 124 m/z direct match fragments) can be
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structurally related to the corresponding precursor ion, increasing confidence in

identification of this TCPP-derived feature.

Another TCPP-related feature corresponding to dealkylation followed by dehydration,
nitro reduction and glucosidation (M3, [M+H]* at 365.0684 m/z, RT:0.476) was
revealed by examining the HILIC and RP Cis lipidomics (positive ion mode) datasets
(FISh score: 28.57% and 25.93%, respectively) with five matching m/z fragments.
Extracted ion chromatograms, full scan MS? data and structural annotations of these

BTPs (M3, M9) using FISh scoring are shown in Figures 5.18 and 5.19, respectively.
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TCPP_ID_01 (F43)#364, RT=0.941 min, MS2, FTMS (+), (HCD, DDA, 365.0684@(20:40;130), +1)
UNII:CRT22GFY70 + (Dealkylation, Dehydration, Nitro Reduction, Glucoside Conjugation) C12 H23 CI2 O6 P. MW: 364.06114, Area: 46997429
FISh Coverage: 5 Matched, 16 Unmatched, 7 Skipped

8 4
7 1
Z 64
o
Z 54 L
(=4
3
b=3
2 4
= ci
73 —t 3
& 3y
0
£ 3 H»?opo Ho, 0
5 0
2.1 124.99977 ’
C2 H6 04 P [M-g]+1 503
6 P
14 on, Glucoside Conjugation)
" : ; s g : 365.0688
T T T T T T
100 150 200 250 300 350
miz

TCPP_ID_01 (F43) #367, RT=0.950 min, MS3, FTMS (+), (CID, DDA. 171.0053@40, +1)
UNII:CRT22GFY70 + (Dealkylation, Dehydration, Nitro Reduction, Glucoside Conjugation) C12 H23 CI2 06 P. MW: 364.06114, Area: 46997429
FISh Coverage: 2 Matched, 2 Unmatched, 8 Skipped

500 98.98347
H4 04 P [M-¢]+1
® —
HO. PO

400 - Ho ©
) 124.99902
& 1 C2 H6 04 P (M-g]+1
- 300 1
z
=%
o
=
=
% 200 -
=
2
=

100 -

o it ) ; . . L . . ; :
60 80 100 120 140 160 180 200
miz

Figure 5.19 Confirming identity of a major TCPP metabolite (M3) discovered in two UHPLC-
MS/MS assays. (a) Extracted ion chromatogram of M3 [M+H]+ peak in rat plasma (b) Full scan
MS! data showing the isotope pattern fit for M3 ion in rat plasma, (c) Structure annotations
from FISh scoring on MS? spectrum. (d) Structure annotations from FISh scoring on MS?

spectrum. Green — indicates direct match fragments, blue — transformation shifted fragments.
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TCPP_ID_01 (F36) #239, RT=0.550 min, MS2, FTMS (+), (HCD, DDA, 323.0214@(20;40;130), +1)
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Figure 5.20 Confirming identity of a major TCPP metabolite (M9) discovered in multiple
UHPLC-MS/MS assays. (a) Extracted ion chromatogram of M9 [M+H]+ peak in rat plasma (b)
Full scan MS? data showing the isotope pattern fit for M9 ion in rat plasma, (c) Structure
annotations from FISh scoring on MS? spectrum. (d) Structure annotations from FISh scoring
on MS? spectrum. Green — indicates direct match fragments, blue — transformation shifted
fragments.
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The major TCPP BTP reported in one study?’’, namely bis(1-chloro-2-propyl) 1-
hydroxy-2-propyl phosphate was not discovered in any of the datasets. However, a
sodium adduct (M12, 313.05774 m/z, RT: 0.664 min) corresponding to tetraethyl
pyrophosphate (TEPP) was also identified in the positive Cis lipidomics dataset
following double oxidative dechlorination, and matched to the mzCloud and
ChemSpider libraries (within 0.4 ppm, 77.4%). The application of FISh scoring
revealed major fragment peaks at 159 m/z, 174 m/z and 233 m/z representing

substructures of TEPP, as shown in Figure 5.21.
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Figure 5.21 Confirming identity of a major TCPP metabolite (M12) discovered in multiple
UHPLC-MS/MS assays. (a) Extracted ion chromatogram of M12 [M+H]+ peak in rat plasma
(b) Full scan MS! data showing the isotope pattern fit for M9 ion in rat plasma, (c) Structure
annotations from FISh scoring on MS? spectrum. Green — indicates direct match fragments,
blue — transformation shifted fragments. (d) High confidence match for M12 in mzCloud (top)

and ChemSpider (bottom) libraries.

A proposed biotransformation map for TCPP is shown in Figure 5.22. Many of these
TCPP-related features revealed by UHPLC-MS/MS analyses of rat plasma extracts
are the result of a several phase | and phase Il modifications. Chemical structures were
generated from canonical SMILES using the ChemDraw Professional software

(v22.0.0.22; PerkinElmer).
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Figure 5.22 TCPP suggested metabolic pathway for major BTPs discovered in the UHPLC-MS/MS datasets. Plain arrow — phase | reaction,

dashed arrow — phase Il reaction.
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Table 5.17 TCPP metabolic biotransformation products identified in UHPLC-MS/MS datasets with assigned levels of confidence in

identification: yellow — ‘low confidence’, blue — ‘medium confidence’, green — ‘high confidence’. Abbreviations: FISh — Fragment ion search

scoring, MW — molecular weight, RT — retention time.

Annot. mzCloud
CompositionDeltaMass RT FISh Area Best |Reference
ID | Assay |FormulaTransformations| Change [ppm] |[Calc. MW| m/z [min] |Coverage | (Max.) | Match lon
C9 H18
CI3 04
P [HILIC pos P 0.32 326.0009 |327.0082|0.431| 36.36 |4.54E+07| 96.6 [M+H]+1
Desaturation,
Oxidation,
C10 Oxidative
H19 CI2| Dechlorination, | -(Cl) +(C H
M1 [HILIC pos| O6 P Methylation 02) 0.24 336.0297 |337.0370{0.434| 33.33 |[1.94E+08 [M+H]+1
Nitro Reduction,
Reductive
C15 Dechlorination,
H29 CI2| Glucuronide -(CI) +(C6
M2 |HILIC pos| O8 P Conjugation H11 O4) 0.34 438.0979 |439.1051|0.467| 15.00 |[3.27E+05] 83.7 [M+H]+1
C12 Dealkylation,
H23 CI2| Dehydration, |[-(Cl) +(C3 H5
M3 [HILIC pos| O6 P | Nitro Reduction, 02) 0.4 364.0611 |365.0684|0.476| 28.57 |4.65E+05 [M+H]+1
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Annot. mzCloud
CompositionDeltaMass RT FISh Area Best |Reference
ID | Assay |FormulaTransformations| Change [ppm] |[Calc. MW| m/z [min] |Coverage| (Max.) | Match lon
Glucoside
Conjugation
Oxidative
C12 Dechlorination,
H23 CI2| Acetylation, |-(Cl) +(C3 H5
M4 [HILIC pos| O6 P Methylation 02) 0.4 364.0611 |365.0684|0.476 | 28.57 |4.65E+05 [M+H]+1
Dealkylation,
Desaturation,
C12 | Nitro Reduction,
H23 CI2 Glucoside -(Cl) +(C3 H5
M7 [HILIC pos| O7 P Conjugation 03) 0.21 380.0559 |381.0632|0.477| 1250 |4.17E+06 [M+H]+1
Oxidation,
Oxidative
C12 | Dechlorination,
H23 CI2| Acetylation, |-(Cl) +(C3 H5
M6 [HILIC pos| O7 P Methylation 03) 0.21 380.0559 |381.0632|0.477| 31.25 |4.17E+06 [M+H]+1
C6 H13
Cl2 04
M8 |HILIC pos P Dealkylation -(C3 H5 CI) 0.22 249.9929 |251.0002| 0.48 18.18 |[5.03E+05 [M+H]+1
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Annot. mzCloud
CompositionDeltaMass RT FISh Area Best |Reference
ID | Assay |FormulaTransformations| Change [ppm] |[Calc. MW| m/z [min] |Coverage| (Max.) | Match lon
Dealkylation,
C9 H17 Oxidation,
Cl2 06 Acetylation,
M9 [HILIC pos| P Methylation |-(H CI) +(0O2)| 0.43 322.0141 |323.0214(0.489| 50.00 |1.82E+07| 82.2 [M+H]+1
Desaturation,
C9 H17 Oxidation,
Cl2 O6 Oxidative
M1OHILIC pos| P Dechlorination |-(H ClI) +(02)| 0.43 322.0141 |323.0214(0.489| 57.14 |1.82E+07| 82.2 [M+H]+1
Dealkylation,
C18 C12 Hydration,
Lipidomics|H25 CI2 Glucoside -(Cl) +(C3 H7
M1l  neg O10P Conjugation 06) 0.61 430.0565 |429.0492|0.623 | 11.11 |2.49E+05 [M-H]-1
Dealkylation,
C18 C9 H17 Oxidation,
Lipidomics| CI2 O6 | Acetylation,
M9 neg P Methylation |-(H ClI) +(02)| 1.17 322.0144 |321.0071|0.657| 50.00 |[3.34E+06 [M-H]-1
Dealkylation,
C18 C9 H17 Oxidation,
Lipidomics| CI2 O6 | Acetylation,
M9 pos P Methylation |-(H ClI) +(O2)| -0.17 |322.0139 (323.0212|0.663| 30.00 |5.61E+07| 97.2 [M+H]+1
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Annot. mzCloud
CompositionDeltaMass RT FISh Area Best |Reference
ID | Assay |FormulaTransformations| Change [ppm] |[Calc. MW| m/z [min] |Coverage| (Max.) | Match lon
Desaturation,
C18 C9 H17 Oxidation,
Lipidomics| CI2 O6 Oxidative
M10  pos P Dechlorination |-(H Cl) +(02)| -0.17 |322.0139 323.0212|0.663| 33.33 |[5.61E+07| 97.2 [M+H]+1
Oxidative
C18 Dechlorination,
Lipidomics| C9 H20 Oxidative -(CI2) +(H2
M12| pos |CIO6 P| Dechlorination 02) -0.2 290.0685 |313.0577|0.664 | 20.83 |[3.79E+06| 77.4 |[M+Na]+1
Dealkylation,
C18 C9 H19 Reduction,
Lipidomics| CI2 O5 | Acetylation,
M13  pos P Methylation -Ch+HO)| -0.11 |308.0347|309.0420/0.683| 36.36 [4.09E+06 [M+H]+1
C18 |C9H19
Lipidomics| CI2 O5 Oxidative
M14,  pos P Dechlorination | -(Cl) +(HO) | -0.11 |308.0347 |309.0420({0.683| 36.36 [4.09E+06 [M+H]+1
Hydration,
Reductive
C18 Cl1 Dechlorination,
Lipidomics|H24 CI2 Glycine -(Cl) +(C2 H6
M15  pos N O6 P| Conjugation N O2) -0.09 |367.0718|368.0791|0.698| 13.79 |2.18E+06 [M+H]+1
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Annot. mzCloud
CompositionDeltaMass RT FISh Area Best |Reference
ID | Assay |FormulaTransformations| Change [ppm] |[Calc. MW| m/z [min] |Coverage| (Max.) | Match lon
Hydration,
Reductive
Cil1 Dechlorination,
H24 CI2 Glycine -(Cl) +(C2 H6
M15/HILIC pos|N O6 P | Conjugation N 02) 0.15 367.0719 |368.0792|0.774| 17.86 |[1.52E+06 [M+H]+1
C18 |C9H18
Lipidomics| CI3 O4
P pos P 0.55 326.0010 |327.0083|0.843| 27.27 |1.85E+08| 97.5 [M+H]+1
Dealkylation,
Desaturation,
C18 Oxidation,
Lipidomics| C6 H12 Oxidative -(C3 H6 CI2)
M16/ pos |ClO6 P| Dechlorination +(02) 0.11 246.0060 |247.0133|0.916 | 30.77 |1.79E+06 [M+H]+1
Dealkylation,
Oxidative
C18 Dechlorination,
Lipidomics|C9 H18| Acetylation,
M17, pos |CIO6P| Methylation |-(Cl2)+(02) 0.15 288.0530 |289.0603|0.916 | 23.08 [2.49E+06 [M+H]+1
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Annot. mzCloud
CompositionDeltaMass RT FISh Area Best |Reference
ID | Assay |FormulaTransformations| Change [ppm] |[Calc. MW| m/z [min] |Coverage| (Max.) | Match lon
Desaturation,
Oxidative
C18 Dechlorination,
Lipidomics| C9 H18 Oxidative
M18 pos |CIO6 P| Dechlorination |-(Cl2) +(02) 0.15 288.0530 |289.0603|0.916 | 23.08 |2.49E+06 [M+H]+1
Dealkylation,
Dehydration,
C18 C12 | Nitro Reduction,
Lipidomics|H23 CI2 Glucoside -(Cl) +(C3 H5
M3 pos o6 P Conjugation 02) 0.59 364.0611 |365.0684|0.917| 25.93 [4.70E+07 [M+H]+1
Oxidative
C18 C12 Dechlorination,
Lipidomics|H23 CI2| Acetylation, |-(Cl) +(C3 H5
M4| pos o6 P Methylation 02) 0.59 364.0611 |365.0684|0.917| 29.63 [4.70E+07 [M+H]+1
Hydration,
Reductive
C17 Dechlorination,
H34 CI2 Glucoside -(Cl) +(C8
M219HILIC pos|N O11 P| Conjugation, H16 N O7) 0.09 529.1247 |530.1320|1 4.929| 3291 |[1.01E+07| 99.9 [M+H]+1
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Annot. mzCloud
CompositionDeltaMass RT FISh Area Best |Reference
ID | Assay |FormulaTransformations| Change [ppm] |[Calc. MW| m/z [min] |Coverage| (Max.) | Match lon
Glycine
Conjugation
Oxidative
C15 Dechlorination,
H27 CI2| Glucuronide |-(Cl) +(C6 H9
M20/HILIC pos| O11 P Conjugation 07) 0.4 484.0670 |485.0743|5.011| 24.14 |[3.60E+07| 99.5 [M+H]+1
Dealkylation,
C9 H19 Reduction,
Cl2 O5 Acetylation,
M13HILIC pos| P Methylation -(Cl) +(H O) 0.2 308.0348 |309.0421(5.016| 45.00 |1.33E+07| 100 [M+H]+1
C9 H19
Cl2 O5 Oxidative
M14HILIC pos| P Dechlorination | -(Cl) +(H O) 0.2 308.0348 |309.0421(5.016| 45.00 |1.33E+07| 100 [M+H]+1
Dealkylation,
Oxidation,
C17 Glucoside
H33 Cl2| Conjugation,
N2 O11 Ornitine -(Cl) +(C8
M21/HILIC pos| P Conjugation |H15N2 O7)| 0.37 |542.1201 |543.1274|5.274| 19.05 [1.46E+06 [M+H]+1

251




Annot. mzCloud
CompositionDeltaMass RT FISh Area Best |Reference
ID | Assay |FormulaTransformations| Change [ppm] |[Calc. MW| m/z [min] |Coverage| (Max.) | Match lon
Oxidative
Dechlorination,
Oxidative
C15 Dechlorination,
H28 Cl | Glucuronide -(CI2) +(C6
M22/HILIC pos| O12 P Conjugation H10 O8) 0.21 466.1008 |467.1081|{6.088 | 45.83 |1.26E+06 [M+H]+1
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5.3.9 Triclosan

Triclosan parent was detected in rat plasma in the HILIC negative assay and manually
matched against the reference standard in the same assay. The peak identity was also
confirmed by a positive match to a mass spectral ChemSpider library entry (within -
0.63 ppm). However, it was assigned ‘low confidence’ due to not passing the original
filtering criteria in Compound Discoverer (FISh score: 2.6%) and in the absence of a
positive mzCloud match for this feature. Triclosan parent was also annotated within

the negative RP Cis lipidomics dataset, in the reference standard only.

In addition, a total of 9 triclosan-related features were detected in the negative
ionisation mode datasets, predominantly in the HILIC assay. The major phase |
pathways identified were oxidation (M2, M3, M7) and desaturation (M4, M5). Oxidative
dechlorination was a minor phase | modification (M4). The highest responses for phase
II modifications were found for glucuronide conjugation (M6, M7) and sulphation (M1,
M3, M5), with the highest peak areas (6.80e8 and 5.20e8, respectively) reported in the
HILIC negative assay. This consistent with findings reported in literature?’°. Triclosan
glucuronide is reported as a ‘low confidence’ feature due to FISh score < 10%,

however.

Sulphated BTPs for triclosan were also detected in multiple UHPLC-MS/MS assay,
thus increasing confidence in these annotations. No hydroxylated or dealkylated BTPs
were annotated within any of the UHPLC-MS/MS assays. Figures 5.23 and 5.24 show
extracted ion chromatograms, MS! data and annotated MS" spectra resulting from

applying FISh scoring to the major triclosan BTPs (M1, M3; respectively). Fragment
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ion at 366 m/z indicates sulphation (M1), which is consistent with a +80 Da shift from
the parent [M-H] ion at 286 m/z for triclosan. Sulphation followed by oxidation (M3) is
evidenced by the presence of fragment ion at 382 m/z in MS? spectrum and this

modification corresponds to a +96 Da mass shift from the parent.

254



Triclosan + (Sulfation) C12 H7 CI3 05 S
File: Triclosan_FS.raw (F42) FTMS (-) MS1

100

80

N\

%
N

05 06 07 08
RT [min]

Intensity [counts] (10%6)

b

Triclosan_ID_01 (F43)#147, RT=0.380 min, MS1, FTMS (-)
Triclosan + (Sulfation) C12 H7 CI3 05 S, MW: 367.90775, Area: 519907917

3566.90048
M-HJ-1
15 4
&
Z
Z 10
3
o
52
=
2
c
2
c
05
0.0 . : . L . ;
366 367 368 369 370 371

miz

Triclosan_ID_01 (F43) #211, RT=0.500 min, MS2, FTMS (-), (HCD, DDA, 366.9004@(20;40;130), -1)
Triclosan + (Sulfation) C12 H7 CI3 05 S, MW: 367.90775, Area: 519907917
FISh Coverage: 2 Matched, 3 Unmaiched, 4 Skipped

50 4
40 | '
Cl .0
g : :o
= 1
S [
Z 30 ] @
s a
2
= 286.94409
2 20 C12 HB CI3 02 [M+e}-1
s
=
10 4
0 , : . , L ;
100 150 200 250 300 350

miz

Figure 5.23 Confirming identity of a major TCS metabolite (M1) discovered in the HILIC
negative dataset. (a) Extracted ion chromatogram of M1 [M-H] peak in rat plasma (b) Full scan

MS! data showing the isotope pattern fit for M1 ion in rat plasma, (b) Structure annotations
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from FISh scoring on MS? spectrum. Green — indicates direct match fragments, blue —

transformation shifted fragments.
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Figure 5.24 Confirming identity of a major TCS metabolite (M3) discovered in negative Cis
lipidomics. (a) Extracted ion chromatogram of M3 [M-H] peak in rat plasma (b) Full scan MS?*

data showing the isotope pattern fit for M3 ion in rat plasma, (c) Structure annotations from

257



FISh scoring on MS? spectrum. Green - indicates direct match fragments, blue —

transformation shifted fragments.

In addition, a chlorine adduct corresponding to desaturation followed by sulphation was
discovered in the RP Cais lipidomics negative assay (M5, [M+ClI] at 400.8616 m/z, RT:
0.855 min). Half of the m/z fragments in the mass spectra can be explained and

annotated for this triclosan-related feature (FISh score: 50%; Figure 5.25).

Proposed biotransformation map for triclosan is shown in Figure 5.26. Chemical
structures were generated from canonical SMILES using the ChemDraw Professional

software (v22.0.0.22; PerkinElmer).
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Figure 5.25 Confirming identity of a major TCS metabolite (M5) discovered in negative Cis
lipidomics. (a) Extracted ion chromatogram of M5 [M-H] peak in rat plasma (b) Full scan MS!

data showing the isotope pattern fit for M5 ion in rat plasma, (b) Structure annotations from
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FISh scoring on MS? spectrum. Green - indicates direct match fragments, blue —

transformation shifted fragments.
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Table 5.18 Triclosan metabolic biotransformation products identified in UHPLC-MS/MS datasets with assigned levels of confidence in

identification: yellow — ‘low confidence’, blue — ‘medium confidence’, green — ‘high confidence’. Abbreviations: FISh — Fragment ion search

scoring, MW — molecular weight.

Annot.
Composition|DeltaMass RT FISh Area |Reference
ID| Assay Formula |Transformations| Change [ppm] (Calc. MW m/z [min] | Coverage | (Max.) lon
C18
Lipidomics|C12 H7 CI3
P neg 02 1.13 |287.9515| 286.9443 | 1.35 0.00 2.49E+08 | [M-H]-1
C18
Lipidomics|C12 H7 CI3 Oxidation,
M3 neg 06 S Sulphation +(04 S) 1.07 [383.9033| 382.8960 | 0.627 20.00 1.07E+08 | [M-H]-1
Desaturation,
ci18 Oxidative
Lipidomics|C12 H6 CI2| Dechlorination, | -(H Cl) +(O4
M4 neg 06 S Sulphation S) -0.04 |347.9262| 382.8956 | 0.699 30.00 1.84E+07 | [M+CI]-1
C18
Lipidomics|C12 H5 CI3| Desaturation,
M5 neg 05S Sulphation -(H2) +(03S)| -0.43 |365.8922| 400.8616 | 0.855 50.00 6.90E+05 | [M+CI]-1
C18
Lipidomics|C12 H7 CI3
M1 neg 0O5S Sulphation +(03S) -0.18 |367.9079| 366.9006 | 2.558 16.67 1.75E+05 | [M-H]-1
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C12 H7 CI3

P | HILIC neg 02 0.43 287.9513| 286.9440 | 0.435 2.26 7.93E+08 | [M-H]-1
C18 H15 CI3|  Glucuronide
M6 | HILIC neg 08 Conjugation |+(C6 H8 O6)| -0.32 |463.9831| 462.9758 | 3.129 6.21 6.80E+08 | [M-H]-1
Cl12 H7 CI3
M1|HILIC neg O5S Sulphation +(03 S) -0.63 |367.9078| 366.9005 | 0.505 16.67 5.20E+08 | [M-H]-1
Oxidation,
Glucuronide
C18 H15 CI3] Conjugation, |+(C6 H8 O10
M7|HILIC neg| 012S Sulphation S) 0.17 |559.9351| 558.9278 | 5.416 16.84 | 1.14E+07 | [M-H]-1
Oxidation,
Glucoside
C18 H17 CI3] Conjugation, |+(C6 H10 O9
M2 | HILIC neg 011 S Sulphation S) -0.36  |545.9555| 544.9482 | 0.592 13.79 5.54E+05 | [M-H]-1
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Figure 5.26 Triclosan suggested metabolic pathway for major BTPs discovered in the UHPLC-MS/MS datasets. Plain arrow — phase |

reaction, dashed arrow — phase Il reaction.
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5.4 Intra-laboratory comparison of xenobiotic metabolism
predictions and findings with Phenome Centre Birmingham
study

To appropriately address the third objective in this study, the results were compared
with a parallel study conducted by Phenome Centre Birmingham (PCB). In my
ADME/TK study, parent chemical was detected by Compound Discoverer in all
reference standards (both MS! and MS" data) for all five xenobiotics in at least one
UHPLC-MS/MS assay, with ‘high confidence’ in identification (Table 5.10). In addition,
a molecular ion ([M+H]* or [M+H]") corresponding to the parent chemical was also
detected in MS! data from rat plasma samples for each xenobiotic (Table 5.11).
However, due to the absence of MS" data (for BPAF, DEHP, TBBPA and TCPP,
possibly due to low peak intensity) or poor quality of MS? spectra (triclosan) full spectral
match against reference standard could not be performed. Four xenobiotic parents
(specifically, BPAF, DEHP, TBBPA and TCPP) were annotated as ‘high confidence’ in
rat plasma extracts based on the MS?! data and RT, and a positive spectral library
match (to mzCloud or ChemSpider). Triclosan parent was assigned ‘low confidence’

in identification (FISh score: 2.6%, no library match).

In contrast, results from a parallel ADME/TK study using the PCB’s in-house xenobiotic
workflow® show that the parent chemical was also detected in rat plasma for four

xenobiotics, but not for TCPP.

A comparison of the biotransformation products (BTPs) predicted by SyGMa,
Compound Discoverer (CD) and detected in UHPLC-MS/MS datasets is shown in

Table 5.19 below. Compared to SyGMa, Compound Discoverer predicted an
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unexpectedly large number of theoretical metabolites (based on 15 phase | and 19
phase Il reactions) indicating it is rather prone to significant overprediction. These in
silico prediction tools use different sets of rules, but all the major metabolic pathways
were predicted by both software packages. CD did not predict any hydroxylated BTPs,
however. SyGMa was previously reported to have high coverage matching nearly 40%
of predictions generated by other in silico liver metabolism tools to guide analogue

selection for read-across2%6,

Table 5.19 Summary of biotransformation products in published literature (mainly from in vivo

rat studies), predicted by SyGMa and Compound Discoverer (exclusive of parent).

Name Literature search SyGMa CD predictions
(abbr.) predictions
BPAF 5 57 4227
DEHP 30 156 3353
TBBPA 69 4227
TCCP 3 69 6243
TCS 14 42 4218

Untargeted UHPLC-MS/MS experiments revealed different metabolic behaviour for
these five structurally different xenobiotics. While BPAF and triclosan are
predominantly metabolised by phase Il reactions (glucuronidation, sulphation and
methylation), DEHP and TCPP mainly undergo dealkylation and oxidation (phase I).
Glucuronide conjugation and sulphation are the most prevalent metabolic
modifications discovered for all five xenobiotics, which is expected as these constitute
two major phase Il modifications in xenobiotic metabolism and are catalysed by UDP-
glucuronic acid transferases (UGTs) and sulfotransferases (SULTS), respectively?®’.

Glucuronide conjugation (low affinity-high capacity) and sulphation (high affinity-low
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capacity) often compete for a mutual substrate. The balance between the two
pathways is dose- and species-dependent, and is also affected by the availability of

co-substrates and activation or inhibition of the respective transferases?8.

The majority of biotransformation products (BTPs) reported in the literature were also
detected in rat plasma with ‘medium’ to ‘low confidence’ in identification. The highest
overall number of metabolites was discovered for TCPP (22) followed by DEHP (17).
These findings are largely consistent with the PCB results, which showed a rich pattern
of BTPs for these two compounds (Table 5.20). Overall, the CD-based workflow
discovered over 50% more BTPs compared to the equivalent PCB workflow. This can
be attributed to instrumental settings (i.e., using AcquireX versus more ‘traditional’
DDA methods on a Thermo Fisher Scientific Q -Exactive Focus Orbitrap UHPLC-
MS/MS system), different in silico prediction tools used in each workflow (Compound
Discoverer versus SyGMa, which both rely on different fragmentation rules to predict
BTPs) as well as differences in the untargeted xenobiotic data processing and analysis
(commercial software versus open-source packages typically used by the

metabolomics community).
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Table 5.20 Summary of biotransformation products revealed by the Compound Discoverer
(CD) xenobiotic data processing workflow (exclusive of parent) compared to the results from

the equivalent workflow in Phenome Centre Birmingham.

Name BTPs discovered using BTPs reported by PCB from a parallel
(abbr.) ID-X mass spectrometer ADME/TK study (Q Exactive Focus
and Compound mass spectrometer and open-source
Discoverer workflow software

BPAF 5 3

DEHP 17 10
TBBPA 1 1

TCCP 22

TCS 7 4

Total 52 25
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5.5 Key findings and conclusions

The aim of the work presented in this chapter was to evaluate an untargeted UHPLC-
MS/MS metabolomics workflow, using state-of-the-art Thermo Fisher Scientific
hardware and software, to characterise the metabolism and metabolic fate of five

industrial chemicals in rat plasma samples provided to PCB by the US NTP laboratory.

The first objective was to assess the capability of this new technology (specifically, a
Thermo Fisher Scientific Orbitrap ID-X Tribrid mass spectrometer) and a commercial
software package (Compound Discoverer version 3.3.1.111, Thermo Fisher Scientific,
Hemel Hempstead, UK) to discover and confirm identities of parent chemicals in both
analytical reference standards and rat plasma extracts. However, this objective was
only partially achieved as, due to lack of high-quality MS" data for parent peaks in rat
plasma, the highest level of identification (i.e. spectral match against corresponding
reference standards) could not be achieved for these xenobiotics. The absence of
parent MS" data for biological samples needs further investigation, but it may have
been caused by low feature intensity, specific apex triggering and dynamic exclusion
parameters in the UHPLC-MS/MS analytical method, or incorrect grouping of a mass
spectral tree under another m/z feature in Compound Discoverer software (e.g. for

triclosan).

The second objective was to interrogate the same untargeted UHPLC-MS/MS datasets
to discover any biotransformation products (BTPs) for each of the five xenobiotics
under study. The Thermo Fisher Scientific Compound Discoverer workflow provided

insights into metabolism and metabolic fate of these xenobiotics in rat plasma by
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revealing a rich pattern of BTPs for four out of five xenobiotics, whereby between five
(for BPAF) and up to 22 (for TCPP) were detected and annotated. However, out of
eight BTPs reported in the literature, only a single (sulphated) BTP was discovered for
TBBPA. This is consistent with the parallel PCB findings (where a glucuronidation BTP
was detected) and suggests that plasma samples are either not suitable biomarkers of
exposure for this xenobiotic (predominantly rat bile metabolites were previously cited

in literature, see Table 5.9) or that TBBPA is not fully metabolised by rat.

The third objective was to compare these results with the earlier PCB findings to
evaluate the potential ‘added value’ of the newer approach. Overall, the two
approaches generated comparable results and the majority of xenobiotic features
reported by PCB were also detected by this alternative workflow (except for TCPP
dephosphorylation and TBBPA glucuronidation BTPs). However, over 50% more BTPs
were discovered using AcquireX ‘Deep Scan’ intelligent data acquisition and
processing of the UHPLC-MS/MS data using Compound Discoverer. In addition, this
workflow revealed several previously unreported by PCB BTPs resulting from
combinations of multiple phase | and phase Il reactions, particularly for TCPP. Further
data analysis is required, however, to enable a closer comparison of the results
obtained from both workflows, for example by visualising proposed structures for these
xenobiotic features and building detailed biotransformation maps for the xenobiotics
under study, including all the identified metabolites and those postulated as

intermediates.

Compound Discoverer (CD) is a comprehensive commercial tool for automatic data

processing and multiple studies have been published, mainly applying CD for the
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elucidation of drug metabolism?7%289-292 One considerable advantage is its ease of
use compared to multi-step data processing using various publicly available software
tools, which can be time-consuming and may require programming skills. However,
CD offers less scope for optimisation of parameters compared with open-source
packages routinely used by the metabolomics community. Also, the FISh (Fragment
ion search) score feature facilities enable identification and structure elucidation of
predicted BTPs in the same workflow, thereby considerably reducing data processing
time. However, the FISh score may be affected by the quality of MS? (i.e. lower intensity
scans are more likely to results in lower FISh score values based on the lower number
of matched m/z fragments), which may require further optimisation of the peak apex
triggering and dynamic exclusion parameters in the UHPLC-MS/MS analytical

method?28°,

Overall, the above-discussed findings successfully demonstrate the relatively
unexplored potential of untargeted metabolomics (and the ‘added value’ of the state-
of-the-art Thermo Fisher technology) to provide promising insights into xenobiotic
metabolism, thereby addressing the current knowledge gap in ADME/TK

characterisation of data-poor industrial chemicals.
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CHAPTER 6 = CONCLUSIONS AND FURTHER WORK

6.1 Untargeted metabolomics in chemical risk assessment

My thesis aimed to demonstrate the value of untargeted metabolomics in supporting
regulatory toxicology applications for advancing chemical risk assessment, exploring
both toxicodynamics (TD) and toxicokinetics (TK). The work presented here aligns with
the paradigm shift in toxicity testing towards more relevant ‘alternative’ and
mechanistically-based strategies (such as using omics, in vitro and in silico methods;
NAMSs) to improve precision and the rate at which safety assessment can be made of
the ever-increasing number of chemicals in use. Omics are a useful tool for this
purpose due to their ability to comprehensively measure xenobiotic perturbations'
molecular effects in biological systems. Among all omics, metabolomics is particularly
well placed in this regard, as it provides a unique biomolecular snapshot of a metabolic
phenotype at any given time, which makes it the closest approach to the traditional
toxicity testing principles based on observing adverse outcomes in experimental

models319,

It is now widely recognised that both toxicodynamics and ADME/TK (mainly
metabolism) provide important information to support mechanistic/biological
plausibility and aid the elucidation of toxicological modes of actions (MoA) and adverse
outcome pathways (AOPs)1°7293  for improved chemical safety assessment. The
novelty of the approach | employed in this thesis stems from having used untargeted

metabolomics to simultaneously measure these two dimensions of toxicity —
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biomolecular phenotyping and metabolic transformation of xenobiotics — within a single

toxicity assay, ultimately further empowering chemical risk assessment strategies.

However, several limitations currently prevent the timely uptake of this technology in
chemical safety science, despite its regular use in other related applications, such as
drug discovery?®4-2%_ One challenge is the relative scarcity of relevant, solid case
studies focused on the regulatory applications of toxicological metabolomics, ideally
also integrated with other omics (e.g. transcriptomics) to increase the biological validity
and interpretation of the findings. Another challenge is the lack of robust experimental
ADME/TK data for most industrial chemicals on the market, which constraints the
applications of this knowledge in regulatory scenarios. Indeed, insufficient evidence of
xenobiotic metabolism and metabolic fate is often perceived as the most problematic
component of the grouping hypothesis justification. Thus, it often hinders the
implementation of read-across'?3108212 and the use of ADME/TK reference data for

predictive in silico modelling of toxicity2°42%7,

The investigations described in chapters 3-5 were driven by the recognition of this
promising use of mass spectrometry-based untargeted metabolomics in regulatory
toxicology and chemical safety science, yet needing to demonstrate its capabilities at
producing regulatory-relevant information on the toxicodynamics and ADME/TK of
industrial chemicals. Each study appropriately addressed the three objectives set out
at the beginning of the thesis, highlighting the work’s contribution to knowledge and

areas for further exploration that lie outside of the scope of this thesis.
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6.2 Toxicological metabolomics in grouping and read-
across

In chapter 3, my large multi-omics grouping study (G/RAX) on seven data-poor azo
dyes successfully grouped these substances based on their molecular acute (48 h)
toxicity responses in an invertebrate model for aquatic toxicology and an OECD test
species, Daphnia magna. This novel G/RAx workflow demonstrated the capability of
high-throughput (approx. 2,000 analyses) untargeted nESI-DIMS metabolomics
(integrated with complementary reduced-representation transcriptomics data of equal
size) to substantiate chemical grouping of the seven azo dyes (originally based on
structure and physico-chemical properties) by incorporating molecular omics-derived
data into the grouping workflow. Also, the successful integration of the two
metabolomics data streams (i.e. polar metabolomics and lipidomics) with
transcriptomics significantly increased confidence (94%) in the grouping pattern
observed for S1, DY3 and SRG dyes (compared to the transcriptomics data stream
alone, 63%), guiding the selection of a possible ‘source’ dye (S1) for subsequent read-
across (for ‘target’ DY3). This observation emphasizes the importance of including
mechanistic omics-derived evidence alongside traditional structure-based information
for more robust category formation, based on evidence that the omics data are
minimally indicative of shared modes of action among members of a category. Another
important aspect highlighted by this work is the integration of untargeted metabolomics
with complementary transcriptomics, which together may provide a deeper and more
precise evaluation of azo dye toxicity in D. magna to enable elucidation of potential

MoAs for these chemicals.
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The azo dye case study indeed demonstrates the applicability of untargeted
metabolomics for chemical grouping solely based on the similarity of biological
responses (i.e. unidentified MSI Level 4 features) in D. magna, without the need for
rigorous metabolite annotation®. The grouping pattern observed for S1, DY3 and
SRG could be further validated by, for example, attempting to link annotated
metabolites to relevant pathways perturbed by these dyes (e.g. by performing
metabolite set enrichment analysis (MSEA) in MetaboAnalyst), thereby, potentially,
providing a line of evidence to predict azo dye toxicity responses across species when
such pathways are evolutionarily conserved?®. However, the main limitation of this
high-throughput untargeted metabolomics approach is that only putative annotations
(MSI Level 3) can be achieved based on MS! nESI-DIMS data alone. Another
extension of this work could be grouping the dyes using ToxPrint Chemotypes (i.e.
structural fragments that can be correlated with biological functions, MoAs or AOPs)?%°
and mapping it onto the omics-derived grouping to hypothesise structural fragments
that are driving the toxicity for the three dyes of interest. Several proposed caveats and

improvements for future research are discussed in more detail the following sections.

6.3 Toxicological metabolomics for ADME/TK
characterisation

It is postulated that any in vivo toxicity studies should be complemented with relevant
ADME/TK data to inform safety assessment, particularly with regard to low-level
exposure chemicals (i.e. within ng/kg/ per day range)3®. Conducting in vivo ADME/TK

studies is often expensive and time-consuming and, therefore, this conventional
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approach could benefit from the ability to simultaneously measure the biological effects
(endogenous metabolome) and xenobiotic metabolism (ADME/TK) within the same
toxicity assay. However, the challenges of metabolite identification and annotation
(MetID) are now compounded by the same challenge for xenobiotics and their
biotransformation products. In the absence of high-purity chemical standards and
published open-source data on xenobiotic metabolism, identification must heavily rely
on in silico predictions. This ability to comprehensively characterise both
toxicodynamics and ADME/TK processes in a biological system could contribute to a

greater understanding of chemical toxicity and bioaccumulation.

| addressed some of the above challenges in chapter 4 by further interrogating MS*
nESI-DIMS metabolomics datasets from chapter 3. Here, the features normally
discarded from metabolomics datasets were extracted and examined using a novel
xenobiotic workflow® to provide insights into azo dye exposure and metabolism.
Noteworthily, these investigations revealed the presence of the parent chemicals within
the mass spectrometry data for the three dyes of interest (S1, DY3, SRG; as described
in chapter 3) across multiple nESI-DIMS assays, thereby providing confirmation of the
relative internal exposure of D. magna to each of these three azo dyes across the three
dose groups (low, medium and high). In addition, up to five biotransformation products
were discovered for each azo dye, providing further evidence for the uptake (beyond
the passage through the Daphnia gut) and xenobiotic metabolism by the exposed
animals. The discovery of a shared biotransformation product for S1 and SRG

suggests some ADME/TK similarity between the two dyes.
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Chapter 4 also explored TK properties among the dyes. Specifically, the comparison
of relative intensity measurements over the duration of the 48 h toxicity study revealed
some variability in TK processes for the three dyes of interest. For example, DY3
showed relatively rapid clearance and is most substantially metabolised by Daphnia
(five BTPs detected), whereas S1 exhibited low clearance and showed the least
amount of biotransformation (one BTP detected). This ADME/TK characterisation from
the same mass spectrometry data produced for metabolomics substantially adds an
independent element of certainty (weight of evidence support) in the azo dye grouping

hypothesis discussed in chapter 3.

However, there are several limitations associated with this ADME/TK work. First, a
more robust and potentially bespoke experimental design is required to fully
characterise TK metabolic clearance; the nESI-DIMS datasets were not designed
specifically for this purpose, but rather mined to provide additional insights into
xenobiotic exposure and very crude estimation of TK rates. This issue could be further
addressed by adopting a more rigorous systematic framework for the assessment of
TK parameters in future studies, employing multiple time points, as proposed by
Gouliarmau et al. (2018)%%3. Second, there is a high degree of uncertainty associated
with putative annotations (MSI Level 3 or above) for these azo dye-related features
due to the absence of orthogonal data from MS" measurements. Finally, while this
project investigated azo dye metabolism by D. magna, it is largely unclear to what
extent these dyes are metabolised specifically by the exposed animals (directly by host
enzymes) or the gut microbiome, which has capacity to biotransform (chemically
modify) xenobiotics301302, Also, the magnitude of the impact of multiple complex

physico-chemical and environmental factors present throughout the study warrants
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further investigation. However, this work has convincingly demonstrated an ‘added

value’ of untargeted metabolomics in supporting regulatory toxicology applications.

Chapter 5 further builds upon the azo dye case study by conducting a more
scientifically rigorous and comprehensive ADME/TK characterisation of five
xenobiotics (small but diverse group of industrial chemicals) using orthogonal data
from MS" measurements taken from existing rat plasma samples, obtained from the
US National Toxicology Program (NTP) and previously used to study endogenous
molecular responses to these chemicals. Specifically, untargeted metabolomics
UHPLC-MS/MS datasets were interrogated to detect (and annotate or identify) the
parent chemicals and any biotransformation products (BTPs). This was achieved by
employing relatively new state-of-the art analytical and computational technology (i.e.
Thermo Fisher Scientific Orbitrap ID-X mass spectrometer with AcquireX intelligent
data acquisition workflow, and commercial Compound Discoverer software, CD) and
the findings were subsequently compared with the existing PCB workflow (using
identical analytical methods) to evaluate the potential ‘added value’ of this novel
approach. My UHPLC-MS/MS analyses revealed the presence of the parents for all
five xenobiotics (in at least one analytical assay, with varied level of MetID confidence)
in the rat plasma, including TCPP that was previously undetected by the PCB workflow.
However, the highest level of identification (MSI Level 1 or Schymanski et al'?, Level
1) could not be achieved for these xenobiotics due to the absence (or incorrect
grouping by Compound Discoverer) of m/z features resulting from MS" fragmentation

of the precursor ion (an issue that warrants further investigation).
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In addition, a rich metabolism pattern was revealed for four xenobiotics, where
between five (BPAF) and up to 22 (TCPP) distinct BTPs were discovered (often
resulting from a combination of multiple phase | and phase Il reactions), frequently
across multiple UHPLC-MS/MS assays, thus rendering further confidence in these
annotations. The detection of a single BTP for TBBPA is also consistent with the earlier
PCB findings, suggesting that this xenobiotic is either not extensively metabolised in
rat or that rat plasma extracts are not suitable biomarkers to probe TBBPA metabolism

which was previously characterised in rat bile274:303-305,

In conclusion, the workflow employing a Thermo Fisher Orbitrap ID-X mass
spectrometer (with AcquireX) and CD significantly increased BTP coverage from 25
BTPs reported with ‘high confidence’ (based on the presence of MS" fragmentation
data) by PCB to 52 BTPs across all four UHPLC-MS/MS assays for these five industrial
chemicals. Therefore, this study supported and extended knowledge of
biotransformation for these xenobiotics, particularly with regard to TCPP, which lacks
robust (both in vivo and in vitro) biotransformation data and phase Il BTPs were
previously not detected for this chemical3%63%7. However, as previously pointed out,
high confidence metabolite annotation, particularly for xenobiotic-related features,
which are often not present in public mass spectral libraries, remains an ongoing

challenge.

6.4 Further work

To reiterate, knowledge of xenobiotic ADME/TK (when considered with TD properties)

can contribute two important aspects for G/RAx cases: supporting
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mechanistic/biological plausibility of the grouping hypothesis (including deriving
chemical MoA/AOP) and reducing uncertainty'07.293.308 - A recent example of G/RAx
that incorporated (in vivo and in vitro) ADME/TK data is a case study that predicted
repeated-dose toxicity of simple aryl alcohol alkyl carboxylic esters3°. In another study,
the inclusion of high-throughput chemical disposition and TK (Tox21) experimental
data was previously shown to improve the prediction of in vivo pathway responses for

221 data-poor chemicals in rats310,

As extension of the work presented in chapter 5, another project, utilising human-
relevant in vitro approaches, was proposed and designed with my PhD funding partner,
Thermo Fisher Scientific. The overarching aim of this study was to employ state-of-
the-art technology (specifically, Thermo Fisher Orbitrap ID-X mass spectrometer with
AcquireX intelligent acquisition and Compound Discoverer software) to demonstrate
the value of experimental untargeted metabolomics data for simultaneously
characterising the metabolism of a group of industrial chemicals, and the molecular

responses of primary human hepatocytes (PHHSs) to these chemicals.

Primary human hepatocytes were proposed for these investigations as they are well
established in the pharmaceutical industry and are considered the ‘gold standard’ for
assessing human hepatic metabolism (phase | and phase Il), toxicity of drugs and other
xenobiotics3!!. A set of six structurally-related xenobiotics (bisphenols, i.e. bisphenol A
and five BPA analogues) for which their toxicities are relatively well characterised in
literature were selected for the study. Specifically, the six bisphenols can demonstrate
one or both MoAs, depending on structure: 1) endocrine disrupting (ED) effects (via

binding to the a and B estrogen receptors); 2) oxidative stress (via phase | modification

279



of the phenol group, producing free radicals, catechols and ortho-quinones that can

generate reactive oxygen species, ROS)*2.

Through the above investigations, | planned to demonstrate how the measurement of
ADME/TK (xenobiotic metabolism) can be used to directly rationalise modes of action
(MoAs) for these xenobiotics. It was hypothesised that where the toxicity is dissimilar
between two structurally-related compounds, untargeted metabolomics may reveal
differences in metabolic fate that could account for the differences in toxicity among
these chemicals. The project would address three key challenges in toxicological
metabolomics, namely 1) application of high-throughput in vitro assays as an
alternative to animal testing; 2) identification of xenobiotics; and 3) ADME/TK
characterisation of structurally-similar chemicals that may enhance grouping of these

chemicals by potentially revealing shared biotransformation products.

Regrettably, the above study could not be conducted due to Covid-19 restrictions and

post-Covid implications on Thermo Fisher Scientific which withdrew from the project.

Overall, my workflows and results from the case studies presented in chapters 3-5 of
this thesis highlight the power of untargeted metabolomics for improved regulatory
relevant chemical risk assessment. The added value of this type of analysis is its
unique capability to simultaneously profile both xenobiotic-triggered biochemical
effects (TD) and xenobiotic metabolism (ADME/TK), which (when additionally
combined with transcriptomics data) may produce greater certainty in the grouping of

substances based on a mechanistic investigation of their toxicity.
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APPENDIX A

Table A-1 Putatively annotated features which were found to be significantly changing (g-value < 0.1) in the nESI-DIMS lipidomics datasets
for S1, DY3 and SRG azo dyes.

Feature ID| m/z Intensity Molecular formula Adduct Compound name Lipid class | Ppm error
M61 | 693.4465 | 6992.929017 |P||C37H6708P||C37H67 [M+Na]+ sn-glycero-3-phosphate(2- PA 0.11
M62 | 695.4629 | 18032.0542 |P||C37H6908P||C37H69 [M+Na]+ glycero-3-phosphate|| 1-octadecanoyl-2-(9Z)-hexadecenoyl-sn-glycero-3-phosphate(2-)|| 1-oleoyl-2-palmitoyl-sn- PA -0.98
M71 | 723.4938 | 11147.68368 |P||C39H7308P||C39H73 [M+Na]+ glycero-3-phosphate) | 1-oleoyl-2-(6Z)-octadecenoyl-sn-glycero-3-phosphate|| 1-oleoyl-2-stearoyl-sn-glycero-3- PA -0.42
M74 | 730.5386 | 273425.4688 | O8P||CAOH76NOSP||C4 [M+H]+ -0.57
M65 | 706.5388 | 27372.01685 |O8P||C38H76NOSP||C3 [M+H]+ -1.01
M68 | 718.5386 | 6973157813 | O8P||C39H76NO8P]|C3 [M+H]+ -0.64
M37 | 520.3405 | 110958.2109 |O7P||C26H50NO7P||C2 [M+H]+ -1.47
M86 | 746.5698 | 155839.7637 | O8P||CA1HBONOSP||C4 [M+H]+ -0.46
M158 | 1042529 | 1357.77164 C52H83N3013P2 [M+Na]+ CDP-2,3-his-O-(geranylgeranyl)-sn-glycerol(2-) 0.54
M98 | 798.669 | 29259.7168 C15H1014NO4 [M+Na]+ L-thyroxing(1-) -1.17
M58 | 673.1014 | 13064.82935 8 [M+Na]+ Methyl 2,3,6-tri-O-galloyl-beta-D-glucopyranoside||Methyl 3,4,6-tri-O-galloyl-beta-D-glucopyranoside -0.46
M76 | 731.6068 | 60635.64844 |N20GP||C4LH83N206P| [M+H]+ phosphocholine||N-octadecenoylsphinganine-1-phosphocholine||N-oleaylsphinganine-1-phosphocholine| |N- PE/SM -0.84
M67 | 717.591 | 32684.88477 |N206P||CAO0H8IN206P|| [M+H]+ phosphocholing||N-octadecanoyl-15-methylhexadecasphingosine-1-phosphocholine] | PE-Cer(d14:1(4E)/24:0) | |PE- PE/SM -0.73
M85 | 745.6229 | 1412649048 |N20GP||C42HBSN206P|||  [M+H]+ Cer(d14:1(4E)/26:0)||PE-Cer(d16:1(4E)/24:0) | SM(d18:1/19:0) || SM(d19:1/18:0)||sphingomyelin 37:1|20:0 PE/ SM -1.45
M23 | 431.3802 | 11162.98706 |C29H51P||C20H46NB02 [M+H]+ None -0.26
M47 | 593.4544 | 15197.71619 |||C34H6605||C34HE605| [M+H]+||[M+K]+ 21:0/0:0)||DG(10:0/i-21:0/0:0)||DG(12:0/0:0/19:0)||DG(12:0/0:0/- DG -0.64
MIL | 792.4792 | 7457.976563 |NO10P||C41H72NOLOP|| [M+Na]+ 17,147,1727))||PS(15:1(92)/20:3(8Z,112,147))| |PS(L7:0/18:4(62,9Z,127,157))||PS(17:1(92)/18:3(6Z,9Z,12Z))| |PS(1 PS -0.78
M111 | 833.6629 | 14014.61401 |C52H9006]|C52H9006]| [M+Na]+ 52,87,117,147,177))[is06]|| TG(12:0/17:1(9Z)/20:4(52,8Z,11Z,147))[is06]|| TG(12:0/17:2(92,122)120:3(8Z,11Z,147)) TG 0.02
M110 | 83L.6475| 20497.39233 |C52HBBO6]|C52H8B806)| [M+Na]+ 1(92)120:5(5Z,82,112,147,177))is06]| | TG(12:0/17:2(9Z,127)/20:4(5Z,8Z,11Z,147))[is06]|| TG (13:0/14:0/22:6(4Z,7Z, TG -0.25
M125 |861.6943 | 1410847192 |C54HOA0G||C54HO406]||  [M+Naj+  |2)/22:3(10Z,13Z,162))[iso6]]| TG(12:0/19:0/20:5(5Z,82,11Z,14Z,172))[iso]| | TG(12:0119:1(92)/20:4(5Z,82,112,142))| TG -0.05

312




APPENDIX B
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Figure B-1 Normalised peak intensities (relative internal concentrations) of the azo dye parent
chemicals measured across the three treatment doses (L — low, M — medium and H — high)

and three sampling time points (2 h, 24 h, 48 h) in the nESI-DIMS lipidomics dataset.
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Figure B-2 Normalised peak intensities (relative internal concentrations) of the azo dye
biotransformation products (BTPs) measured across the three treatment doses (L — low, M —
medium and H — high) and three sampling time points (2 h, 24 h, 48 h) in the nESI-DIMS polar

lipidomics dataset. High dose group at 48 h is missing for S1 BTP1.
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Figure B-3 Normalised peak intensities (relative internal concentrations) of the azo dye
biotransformation products (BTPs) measured across the three treatment doses (L — low, M —
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positive metabolomics dataset. High dose group at 48 h is missing for S1.
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Figure B-4 Normalised peak intensities (relative internal concentrations) of the azo dye
biotransformation products (BTPs) measured across the three treatment doses (L — low, M —
medium and H — high) and three sampling time points (2 h, 24 h, 48 h) in the nESI-DIMS polar

negative metabolomics dataset.
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Figure B-5 Visualisation of azo dye TK rates. Median relative intensities (relative internal

concentrations) of the azo dye parent chemicals (DO61, DO25, DR1, DR13) measured over

the duration of the 48-h study for the three treatment doses (L — low, M — medium and H —

high) in the nESI-DIMS lipidomics dataset.
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Figure B-6 Visualisation of azo dye TK rates. Median relative intensities (relative internal
concentrations) of the azo dye parent chemicals (DO61, DO25, DR1, DR13) measured over
the duration of the 48-h study for the three treatment doses (L — low, M — medium and H —

high) in the nESI-DIMS polar negative metabolomics dataset.
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