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General introduction and scope
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Introduction

Parkinson’s disease

Parkinson’s disease (PD) is a common neurodegenerative disorder of the central nervous
system that mainly affects the motor system, finally leading to symptoms such as
bradykinesia, rigidity, resting tremor, and postural instability. As the disease worsens,
patients can further develop cognitive and behavioral problems such as depression, anxiety,
apathy, and dementia [1]. It is generally regarded as a disease of old age and affects roughly
1% of the population over the age of 60 and up to 5% of the population over the age of 85
[2]. However, 4% of patients present early-onset PD symptoms before the age of 50 [3].
The majority of these early-onset cases are linked to various forms of genetic mutations,
such as dominantly inherited mutations including SNCA, LRRKZ2, recessively inherited
mutations including Parkin, PINK1, DJ-1 and GBA [4,5]. In addition, epidemiological
research indicates environmental factors associated with an increased risk of PD, such as
herbicides and pesticides (e.g., paraquat, rotenone, and maneb), metals (e.g., manganese
and lead), head trauma, and well water [6]. The etiological discoveries have prompted
subsequent research questions about how these risk factors contribute to the loss of
dopaminergic neurons in the mid-brain, notably targeting the substantia nigra (SN). Two
major hypotheses have been proposed regarding the pathogenesis of the disease. One
hypothesis claims that neuron demise can be triggered by protein misfolding and
aggregation, whereas the other hypothesis proposes this process is provoked by
mitochondrial dysfunction and the consequent oxidative stress [7].

To address the underlying pathogenic mechanism, associated PD studies have been carried
out using patient biofluids, postmortem tissue, in vitro cell models and animal models. In
vitro patient-derived neuronal models using human induced pluripotent stem cells (iPSC)
technology are still young, yet they offer unique advantages for studying specific neuronal
subtypes represented by human genetics [8]. Disease modeling in either genomic or
epigenetic base helps to reveal unique or common routes leading to the consequences of
clinical PD symptoms. The convergence and interactions of genetic predispositions,
advancing age, and environmental factors on the impairment of metabolism network can
play a crucial role in progressive neurodegeneration. | believe investigating the affected
metabolism network caused by various individual risk factors and their interactions can
provide new insights into disease cause and hint at potential treatment strategies or possible
early-intervention therapies (Figure 1).
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Figure 1. A graphic overview of PD risk factors associated with genomic predispositions and
epigenetic factors (due to e.g. environmental stress and aging) that cause unique and common clinical
PD symptoms through various metabolism dysregulations. Studies on patient blood or patient-derived

neuron analysis can be performed with the goal of identifying disease biomarkers or understanding
neuron death mechanisms. Metabolic network adapted from Cao et al [9].

System biology

System biology integrates experimental and computational approaches to perform a
comprehensive and systematic analysis and evaluation of complex biological systems
[10,11]. Constructing a hierarchical molecular network topology is a fundamental key to
understanding cellular function in disease-specific or cell-specific conditions at the
molecular level, which also requires knowledge of diverse biological components and
sufficient collection of biological data [12,13]. Advanced developments in quantitative
measurement technology covering genomics, transcriptomics, proteomics, and
metabolomics in a high-throughput manner highly improve the quality and efficiency of
metabolic model construction [14,15]. Recon3D is the latest updated and expanded human
metabolic network reconstruction, accounting for 3,288 open reading frames, 13,543
metabolic reactions involving 4,140 unique metabolites, and 12,890 protein structures [16].
With multi-layers of biological data integration into a generic human metabolic model,
context-specific models at the genome scale can be generated and characterized for a certain
cell or tissue type. Applications have been shown for hepatocytes [17], liver cancer stem
cells [18], fibroblasts [19], and peripheral blood mononuclear cells [20,21]. This
comprehensive modeling approach can also be utilized to help in PD research, thereby, our
group generated a comprehensive, high-quality, thermodynamically constrained model
named iDopaNeuro, representing the normal metabolism in iPSC-derived human
dopaminergic neurons [22]. The iDopaNeuro model can simulate changes in metabolic
phenotypes brought on by any neurotoxin or drug intervention, providing directions for new
biochemical experiments and insights into a systematic understanding of PD pathogenesis.
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The metabolic process involves thousands of metabolites that are exchanged or transformed
through biochemical reactions in a metabolic network. It can be greatly influenced by
genetic or environmental factors and reflects the global outcomes of gene expression,
protein kinetics, and regulations in a biological system [23]. Tracking the changes in the
dynamic metabolism pattern is currently of great interest [10]. Metabolomics has emerged
as a powerful tool to target the changes in metabolism at its sources, intermediates, and
products. Furthermore, it can offer metabolite-relevant data as constraints used for genome-
scale modeling analysis; Alternatively, it can also be utilized as a validation dataset to assist
biological interpretation and refine the model's predictive fidelity.

Metabolomic analysis

Metabolomics is focused on the systematic analysis of small biochemical molecules in
biological organisms [24]. These small molecules, also referred to as metabolites, are
characterized by a molecular weight below 1500 Da, diverse physicochemical properties
and a broad concentration range from millimolar to picomolar [25,26]. Based on the
compound partition coefficient, represented by LogP, metabolites can be categorized into
three groups: polar (LogP < 0); medium-polar (0 < LogP < 5); non-polar (LogP > 5) [27].
Polar metabolites generally include amino acids, nucleotides, carbohydrates, and carnitines.
Medium-polar metabolites are represented by classes of fatty acids, steroids, benzenes,
prenol lipids, ketones, some of the amino acids, and glycerophospholipids. Non-polar
metabolites generally include glycerolipids, sphingolipids, steroids, some of the prenol
lipids, and glycerophospholipids [27].

Metabolomics measurement is generally achieved using two main analytical techniques:
mass spectrometry (MS) and nuclear magnetic resonance (NMR) spectroscopy. MS is more
widely used than NMR due to its superior detection sensitivity, wide dynamic range, and
capacity for accurate metabolite identification [28]. Recent advancements of mass
spectrometry technology in ionization versatility, detector sensitivity and resolution
intimately promote high-throughput metabolome analysis [29,30]. MS can be coupled with
different chromatography separations. According to the physico-chemical properties of
metabolite targets, suitable chromatography among gas chromatography (GC), liquid
chromatography (LC), and capillary electrophoresis (CE) can be selected for sufficient
metabolite separations. GC is suitable for volatile and thermally stable metabolites
(eventually after derivatization), and CE is robust for polar and charged metabolite analysis
[31]. Compared to them, LC has the widest metabolite coverage, with a combined utilization
of hydrophilic interaction chromatography (HILIC) and reversed-phase liquid
chromatography (RPLC). On top of these, a recent innovative technique of coupling ion
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mobility spectrometry to mass spectrometry allows supplementary chromatographic
separation on the basis of compound size, shape, charge, and mass [32].

A query performed across various human metabolome databases reported that around 3278
metabolites have been detected via LC-MS analysis and collected with experimental spectra.
The most frequent biological sample types used in LC-MS-based metabolomics analysis
are blood (plasma or serum), tissue, cells, urine, and feces [27]. Blood carries diverse
metabolites through vessels and maintains a homeostatic correspondence with tissues and
cells in the body [33]. Typically, receiving nutrients or hormones from the blood, tissues
and cells release metabolic waste products, organic waste, or send hormone signal
regulation to neighboring tissues. This also describes the role of blood as a crucial hub for
metabolite exchange throughout the body [34]. The study of paired arterial and venous
plasma profiling shows additional benefits for revealing subtle changes related to tissue-
specific metabolism [33]. Unsurprisingly, the metabolome composition of plasma and cells
was found with considerable overlap, except for the lipids, which are found in higher
enrichment in cells due to the need for composing membrane structure [27]. From an
analytical perspective, sample preparation and the LC-MS method, with minor tweaks, can
be shared between these two sample types. From a biological perspective, global metabolic
profiling for plasma and cell samples can offer a data-driven research approach to disease
biomarker discovery. While targeted analysis of metabolites belonging to specific
compound classes, metabolic pathways, or modules, especially for tissue and cell samples,
can provide a hypothesis-driven research approach in disease mechanism study [35].
Selecting the appropriate approach and sample type depends on the biological questions
that need to be answered in any metabolomics study.

Use of stable isotopes in metabolite quantification and identification

Stable-isotopes have an unreplaceable role in targeted metabolite quantification.
Instrumental variations and complex matrix effects are inevitable issues and easily lead to
signal suppression during LC-MS analysis. To circumvent this, stable-isotope labeled
metabolites possessing with the same retention and ionization behavior can be used as
internal standards (Figure 2.a). This method is known as the stable-isotope dilution and has
already become the gold standard for accurate quantification. However, due to the high cost
of stable-isotope labeled standard, it is not practical to get an internal standard for each
individual metabolite in targeted metabolomics analysis. Many alternative strategies have
been implemented, for instance, 1) select a single or small number of internal standards per
metabolite class [36,37] (Figure 2.b). 2) generate labeled intracellular metabolome as
internal standards reference by culturing with labeled substrates, applicable for
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metabolomics study not only in cell level, but also in plant, animal and human level [38-
41] (Figure 2.b). 3) prepare internal standards by derivatizing standards with isotope
labeling reagents, only applicable for the derivatization strategy [42,43] (Figure 2.c).

One major challenge that hinders biological interpretation based on global metabolic
profiling is metabolite identification. For untargeted MS-based metabolomics analysis,
detected features generally consist of biological signals, contaminants, non-metabolite-
related noise, and background signals [44,45]. Unique biological features were reported to
account for approximately 10% of the signals in the electrospray ionization mode [46,47]
This adds difficulties to the reliable feature extraction and annotation of putative
metabolites of biological origin. To tackle this problem, stable-isotope labeling becomes a
novel approach for feature identification. The basic principle is a cultivation of an organism
group with highly isotopic labeling and a group with isotopic natural abundance. The
labeled samples are extracted and mixed into a whole labeled metabolome pool, later
divided into aliquots, and added to a non-labeled metabolome extract [48]. The analysis of
mixtures of native and labeled metabolome leads to labeling-specific isotopic distributions
of both the non-labeled and labeled metabolite ions in the mass spectra, which helps to filter
biologically derived metabolites [49-51] (Figure 2.d). Studies have reported a
comprehensive identification of true metabolite-related features in microorganisms [49,52—
54], plants [49-51] with the help of feeding fully *3C labelled nutrients. However, the same
approach is not often utilized in mammalian organisms since mammalian cells require a
complex mixture of nutrients and rarely reach full *C labeling. A proof-of-principle study
on human cancer cells managed to realize "deep labeling"” using a custom growth medium
where glucose and all amino acids were fully *C labeled, while vitamins and serum
components were *2C. Due to the fact that the isotopic distributions of metabolites can be
in a non-fully carbon-labeled state, there is difficulty in determining the carbon numbers for
unknown metabolic features. But more importantly, endogenous metabolic features from
de novo synthesis can be fully identified via *C incorporation [55].

Either through improving metabolite quantification or metabolite identification towards full
metabolome annotation in a given cell or tissue type, it can be highly beneficial in gaining
a broader and deeper picture of human metabolism. Additionally, it will also help refine a
context-specific genome-scale model to achieve more accurate metabolic prediction and
comprehension of mechanisms. More effort has to be made to reach this ultimate goal since
the analytical challenges still remain. In this thesis, we aim to make efforts focusing on the
fundamental evaluation of a robust HILIC-MS method for polar metabolome analysis with
high feature coverage and excellent separation that is applicable for global metabolite
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profiling and transferable to metabolite quantification, as demonstrated in Chapter 2 and
Chapter 3.
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Figure 2. Different strategies for using stable isotopes to assist metabolomics studies. a. 1°C, 1N, and
34S-enriched substances are not chromatographically separated from the corresponding natural
isotopologues, thus the non-labeled (blue) and the labeled isotopologues (red) elute at the same
retention time with identical peak profiles. b. Absolute compound quantification using an authentic,
labeled standard or relative quantification using a stock of globally labeled sample extract of the same
organism for inter-experiment comparison. The extracts are subsequently mixed and measured with
high resolution LC-MS (LC-MSHR). c. Derivatization using non-labeled and labeled derivatization
agents enables rapid recovery of many metabolites belonging to the same chemical groups (e.g.
alcohols, acids ...). d. For non-targeted annotation of an organism’s metabolome, the organism can
be cultivated in parallel using differently isotopologue-enriched nutrition sources (e.g., ?C and 3C
glucose as sole carbon source). The resulting data pattern helps in the extraction of true biological
signals. e. Metabolism experiment using natural and fully labeled tracer substances enables
metabolism studies and greatly helps to separate products of metabolism from other biological signals.
In contrast with metabolism studies, fluxomics (tracer-based metabolomics) experiments only spike
with the labeled tracer. Referred to Bueschl et al [56].

Stable-isotope labeling in tracing cellular metabolism activity
(Tracer-based metabolomics)
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Cellular metabolism is a self-maintenance and regulation process that provides energy,
generates building blocks, and tunes signaling pathways for cell survival and growth.
Metabolism also supports cell-to-cell communication, helping to maintain an active
microenvironment and contributing to the whole organism's survival. Due to the intrinsic
network feature of metabolic pathways complexity, redundancy and reaction reversibility,
metabolite concentrations generally exhibit strong robustness to any genetic or enzymatic
changes [57]. Many uncertainties remain for the interpretation of cell metabolism based on
the static metabolic phenotype data. Metabolic flux, also known as metabolite turnover over
time or metabolic reaction rate, starts to gain more attention because of its ability in
representing functional pathway activities. Stable or radioactive isotope labeling shows a
unique advantage in studying metabolic fluxes and elucidating the structure of metabolic
pathways and networks. A given isotopic tracer fed to living cells can be metabolized via
enzymatic reactions. In a reaction process, a number of molecular bonds broken and
reformed, the isotopic atoms are rearranged and incorporated into downstream metabolites
within the metabolic network [58]. The specific labeling pattern of intermediate metabolites
derived from stable isotopic tracer can be measured by mass spectrometry (Figure 2.e).
Mass isotopologues refers to molecules that differ only by the number of isotopic
substitutions [59]. Mass isotopologue distribution (MID) records the relative abundance for
all mass isotopologue peaks. Here, we will introduce qualitative and quantitative
applications involving metabolite isotopologue data interpretation and modeling for
exploring cellular metabolism, as well as the remaining challenges for tracer-based
metabolomics.

Probing pathway activity

With stable isotopic labeling, we can quantify the utilization of certain carbon or nitrogen
sources in the targeted downstream products. '3C-glucose, *C-glutamine and *°N,-
glutamine have been frequently used to monitor the nutrient dependence of tumor tissue.
Through infusing *Cs-glucose into human lung cancer patients, higher *3C-enrichment in
lactate, alanine, succinate, glutamate, aspartate, and citrate was observed in the tumors
compared to non-cancerous tissues, suggesting more active glycolysis and the tricarboxylic
acid cycle relying on glucose in the tumor tissues [60]. Glutamine was reported to be an
important nutrient for most cancer cells in culture [61]. However, an in-vivo lung tumor
study in mice showed low **C-glutamine utilization by both tumors and normal tissue.
Genetic deletion and pharmacological inhibition of glutaminase showed no influence on the
tumor growth [62]. 1C labeled substrates can also be used to determine their contribution
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to lipogenic acetyl-CoA production by measuring the isotopic enrichment in fatty acids
(palmitate, stearate, oleate, etc.) [63].

Specific enzyme activation over certain pathways can be characterized through labeled
enrichment analysis of intermediate metabolites or quantification of particular isotopologue.
Pyruvate carboxylase (PC) catalyzes an important anaplerotic reaction that creates
oxaloacetate from pyruvate. The resulting presence of *Cs-citrate, 13Cs-citrate, 3C3-malate,
and ¥Cs-aspartate from *Cg-glucose indicates high PC activity in human lung tumors
[60,64]. The last step of glycolysis, converting phosphoenolpyruvate to pyruvate, is
catalyzed by the M2 isoform of pyruvate kinase (PKM2). By quantifying the labeled
abundance of *Cg-glucose-derived metabolite isotopologues (**Cs-phosphoenolpyruvate,
13Cs-pyruvate, 3C,-citrate, *Cs-serine, 3Co-glycine, **Cs-lactate), human colon carcinoma
HCT116 cells demonstrated PKM2 silencing in response to serine deprivation, shown with
more pyruvate diverted into mitochondria and shifting more carbon flux into serine
biosynthesis [65]. Similar approaches were employed for reporting a highly activated
phosphoglycerate dehydrogenase in some cancer cells, which largely diverts glycolytic flux
carbon into serine and glycine metabolism [66].

Many enzymatic reactions are bidirectional, reaction reversibility adds more flexibility to
metabolic network regulation. By feeding cells with a designed tracer, a reversible reaction
direction can be identified when the expected labeling pattern is observed in certain reaction
products [67]. In addition, stable-isotope tracing shows its advantages in studying
compartment-specific pathways. By tracing the isotope labeled hydrogen (?H) in
compartmentalized reactions that use NADPH as a cofactor and produce 2H-labeled 2-
hydroxyglutarate by mutant isocitrate dehydrogenase enzymes, Lewis et al. successfully
differentiated pathway-specific NADPH production in the cytosol and mitochondria [68].
Delineating the metabolite labeling pattern associated with two relevant pathways can help
determine their relative pathway flux activity. One classical application is determining the
relative flux through glycolytic versus pentose phosphate pathway (PPP) catabolism using
1,2-13C,-glucose [69]. The ratio of lactate with M+1 labeling and M+2 labeling implies the
ratio of PPP overflow to glycolysis. A relative contribution of oxidative PPP to non-
oxidative PPP to ribose-5-phosphate and thus nucleotide synthesis can be quantified by a
relative comparison of M+1 and M+2 labeling [70]. A similar approach was employed for
reporting the flux contribution of glutamine to palmitate synthesis derived from two distinct
pathways, the glutaminolysis and reductive carboxylation pathways, in brown adipocyte
cells [71].

Discovering novel pathways
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Isotope tracing through known pathways or metabolome-wide analysis may facilitate the
discovery of novel metabolic flux routes [57,72]. Tracing the carbon conversion of 3Ce-
glutamine in the tricarboxylic acid (TCA) cycle resulted in the identification of a novel
pathway for tumorigenesis, which is the reductive carboxylation of transforming a-
ketoglutarate into citrate, followed by a conversion into acetyl-CoA for lipid synthesis
[73,74]. Another breakthrough discovery found in lung and pancreatic cancer studies
showed *C-lactate extensively labels TCA cycle intermediates, indicating a lactate
oxidation flux into the TCA cycle [75,76]. However, tracing targeted pathways using
specifically designed tracers is generally slow and random in discovering new pathways
that have important physiological relevance. Very few studies have performed a
metabolome-wide analysis with stable isotope labeling due to the difficulties in complex
data analysis and interpretation. Puchalska et al. combined stable isotope tracing with
untargeted metabolomics and identified a set of mitochondrial and cytoplasmic metabolic
pathways related to the utilization of ketone bodies, acetoacetate in macrophages. They
revealed an acetoacetate shuttle that connects the metabolism of hepatocytes to neighboring
macrophages and protects the liver from high-fat diet-induced fibrosis [77]. To fully exploit
their ability to discover new pathways based on broad-scope metabolomes, ongoing efforts
should be made in the areas of unknown feature identification and dedicated data analysis
pipelines for labeled data processing [78].

Quantitative metabolic flux analysis

For a metabolic network, metabolite concentrations and metabolic fluxes are regarded as
the integrated functional response to the intertwined regulations at the genetic, protein
modification, allosteric, and Kinetic levels [79]. Quantifying network-flux distributions
gives a complementary characterization of metabolic phenotypes in cells under particular
conditions. The intracellular reaction rates are not measurable directly but can be inferred
computationally using stable-isotopically labeled isotopologue distribution data. *3C-based
tracers are most commonly used for experimental flux quantification, known as *3C
metabolic flux analysis. The network model scope is basically determined based on specific
research hypotheses. Most studies so far have focused on the central carbon metabolism and
the related amino acid and fatty acid metabolism. A curated network model including
metabolic reactions of interest and the respective carbon atom transitions is needed to be
built as a prerequisite. Following an isotope labeling experiment, the isotope labeling
distribution of intermediate metabolites, and external rates of substrate uptake and product
secretion are measured and used as model constraint inputs. The model flux simulation
generally starts with a set of free fluxes with random initial values. The simulated labeling

10
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distribution is then compared with the experimental labeling distribution. This
computational fitting step restarts continuously until it reaches the minimized differences
between simulated and experimental measurements, thereby, the final simulated flux
distribution is approaching the in vivo fluxes [80].

Simulation of the 3C metabolic flux is typically based on several assumptions [81]. For
example, cultured cells are maintained under a metabolic steady state with constant
metabolic fluxes and metabolite pools during the labeling experiment. It is also assumed
that enzyme activity displays no kinetic differences between natural substrate and
isotopically labeled substrate. When isotopic steady state is reached, the labeling
distribution data can be used for stationary metabolic flux analysis. While in many cases, it
takes rather long time to reach constant labeling distribution for some metabolites.
Isotopically non-stationary metabolic flux analysis can be performed with additional inputs
of intracellular metabolite pool size together with dynamic labeling distribution at multiple
sampling time points [82,83]. The precision and accuracy of metabolic flux estimation are
statistically evaluated by verifying the goodness of fit and determining confidence intervals
for the fluxes, also called sensitivity analysis.

Quantitative metabolic flux analysis has helped in characterizing metabolic rewiring and
understanding disease phenotypes [84,85]. During the process of detachment from
monolayer culture and growth as anchorage-independent tumor spheroids, Jiang et al
quantified the reduction in glycolysis, pyruvate dehydrogenase flux, and glucose/glutamine
oxidation but enhancement in reductive isocitrate dehydrogenase flux in spheroids [85].
Metabolic flux quantitative analysis also helped guide cell bioengineering to produce
valuable products from renewable resources [79]. For instance, 3C flux analysis was
performed in Chinese hamster ovary cells to evaluate the effectiveness of a newly designed
medium variant in reducing ammonia production. The metabolic effect showed an effective
reduction of toxic product (ammonia) production and no significant alteration in the
bioenergetic fluxes [86].

Challenges in tracer-based metabolomics

A well-established metabolic pathway for a particular cell type is crucial for compelling
interpretation of either metabolite concentrations or MID data toward pathway activity. For
a well-studied metabolic pathway, for instance, metabolite connection and transformation
in the classical central carbon metabolism are usually taken for granted. New reactions or
unknown reaction reversibility can be confirmed using a designed tracer. In other words,
this also means the labeling information can help support and validate the metabolic
pathway reconstruction. Technically, time-of-flight (TOF) or Orbitrap mass spectrometry

11



Chapter |

analysis at high mass resolution could obtain the labeling information, including the labeled
atom number and total isotopic enrichment, based on the intact structure level. However,
the positional labeling information embedded in the metabolite substructure or moiety can
be missed. Although a tandem quadrupole-based mass spectrometry analysis using multiple
reaction monitoring (MRM) can offer partial substructure information, it has the significant
drawback of losing detection sensitivity with increased metabolite targets and paired ion
transitions [87-90]. Tandem MS-based approaches via parallel reaction monitoring
(PRM/MRM"R) [91], SWATH [92], and all-ion fragmentation techniques (MSA") [93] in
high resolution have shown their advantages in terms of recording the entire fragmentation
spectrum and increasing sensitivity by reducing the detection cycle time. Application based
on ultrahigh-resolution MSA!" on an Orbitrap Fusion Tribrid MS has been shown to confirm
the reconstruction of purine and pyrimidine metabolism using not only the MID of an intact
metabolite but also the MID of its moiety [93]. Changes in intact and moiety MIDs could
also be collectively used to infer specific enzyme activity [94]. A labeled metabolite
containing the same number of isotopes but with different labeling positions can indicate
distinct enzyme regulations. This method, however, lost the specific link between fragments
and their given precursor isotopologue, making it impossible to distinguish different
labeling positions for the same precursor isotopologue. Thereby, further method
development is required to improve the part of LC-MS measurement (step 1 in Figure 3)
in order to fully capture labeled metabolite information at the intact molecule and moiety
level with good sensitivity in a single analytical run.

Quantitative metabolic flux analysis into understanding human cellular metabolism still has
relatively few applications. One bottleneck can be the tedious work related to tracer-based
metabolomics data processing (step 2 in Figure 3). The other bottleneck is that the model
scope is often limited to the central carbon metabolism with established methods for *3C
metabolic flux analysis. It is faced with highly challenging computation in order to integrate
tracer-based MID data into a larger network model and further to a genome-scale level (step
3 in Figure 3). A recently developed mathematical and computational method, named
moiety fluxomics, has shown its ability to infer metabolic reaction flux at genome scale,
given mass isotopologue distribution data [95]. This remains to be tested in the iDopaNeuro
model for human dopaminergic neurons. Flux outputs have to be viewed with skepticism
until the model has passed many rounds of flux estimates, flux accuracy assessment, and
experimental study validation. This can be a lengthy cycle before finally reaching a
compelling biological conclusion.

12
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Figure 3. In a typical *3C metabolic flux analysis workflow, in-vitro labeled samples can be measured
using LC-MS techniques (step 1), MS raw data needs to be processed metabolite by metabolite (step
2), and the calculated MID data, together with exometabolomic constraints, are next fed into a
constructed metabolic model for estimating the optimal flux distribution (step 3). The obtained flux
results can guide the next tracer experiment design (step 4). Metabolic network model adapted from
Long et al [81].

Scope of this thesis

Based on the hypothesis that mitochondrial dysfunction and the resulting oxidative stress is
one of the drivers of Parkinson's disease (PD), the basic goal of our research is to study the
role of mitochondrial dysfunction in the onset of Parkinson's disease through monitoring
the underlying molecular events. Both variations in metabolite pool size and metabolite
transformation or transport (turnover) rate should be taken into account for a comprehensive
characterization of metabolic regulation over biochemical pathways. However, as was
discussed in the introductory section, there is currently still a lack of suitable analytical
measurement, computational processing, and modeling techniques. The study of
mitochondrial dysfunction requires (i) the robust measurement of polar metabolites, (ii) the

13



Chapter |

study of metabolic fluxes at a larger scale. For the latter, sensitive MS/MS analysis coupled
with high-resolution MS analysis and a proper computational workflow for tracer-based
mass spectrometry data processing and quantitative flux analysis in an atomically resolved
genome-scale model are needed.

Therefore, the aim of this thesis was to develop a robust LC-MS method to analyze a wide
range of polar metabolites, a tracer-based metabolomics analytical method, and a
computational workflow for metabolic flux analysis within a human-specific genome-scale
metabolic model. The other aim of this thesis was to apply these methods to investigate
metabolic dysregulation of dopaminergic neurons due to genetic and environmental factors.
The aim in Chapter 2 was to systematically evaluate polar stationary phases for global
polar metabolome analysis, moreover, to offer valuable guidance on determining an optimal
chromatography column for various biological matrices. We compared the neutral phase of
the Waters BEH-amide column with the zwitterionic phase of the Merck ZIC-cHILIC
column for 9 classes of polar compounds using 54 authentic standards at three pH conditions.
The ZIC-cHILIC column outperformed BEH-amide in terms of chromatographic peak
performance and selectivity of critical isomers. Investigation into the retention mechanism
demonstrated mixed mode interactions in neutral and zwitterionic phases, specifically with
a strong electrostatic interaction present in ZIC-c at neutral pH condition. A matrix-related
assessment covering matrix effect, salt effect, intra- and inter-batch repeatability was
carried out using human plasma, which was followed by a practical metabolomics study
using plasma samples with diverse phenotypes. ZIC-c enhanced plasma feature coverage
and improved their retention distribution, which is highly advantageous for global profiling
of plasma samples and assisting new biomarker discovery. In the following chapters, we
validated, adapted, and further applied the established ZIC-c HILIC-MS method to cellular
metabolomics analysis.

To achieve a comprehensive picture of metabolic dysregulation related to individual and
combined effects of genetic and environmental factors (PINK1 mutation and rotenone) for
PD and facilitate the pathogenesis mechanism understanding, Chapter 3 employed multiple
targeted metabolomics platforms covering polar and non-polar metabolomes covering
central carbon metabolism, acylcarnitine and polyunsaturated fatty acid metabolism. The
patient-specific and isogenic human induced pluripotent stem cell (iPSC)-derived mid-brain
neurons with and without PINK mutation were utilized as the in vitro experimental model,
which received additional treatments with rotenone exposure or NAD+ supplementation.
The study revealed overlapping and compensating metabolome disturbances induced by
individual factors and their contributions to a broad metabolic dysregulation indicative of
neurodegeneration. The supplementation of NAD+ to the dual factor-influenced neurons
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was evaluated with limited improvement in neuronal energy production relying on the
enhanced branched chain amino acid metabolism.

In Chapter 4, a new LC-MS method is proposed for stable-isotope labeled mass
isotopologue analysis at both MS! and MS? level. Given the fact that the detection duty
cycles for the orthogonal injection TOF-MS are typically less than 30%, this unavoidable
cause of sensitivity loss always exists for current high-resolution tandem TOF-MS methaod.
A recent revolutionary technique, Zeno-pulsing, has been reported to increase the duty cycle
up to 100%, thus achieving significant detection improvement [96]. The combination of
HILIC separation coupled to high-resolution MRM detection with Zeno trap pulsing
allowed for wide coverage of polar metabolome analysis and excellent sensitivity at the
MS? level. In comparison with the conventional SWATH and MRM"R methods, the HILIC-
Zeno MRMHR method achieved a higher sensitivity gain. Meanwhile, it maintained isotope
fidelity for precursor and fragment isotopologue distribution as well as specificity linking a
given precursor isotopologue to its generated fragments. Tracing labeled atoms at the
moiety level clearly illuminates the reaction connections through metabolite transformation.
The method was applied to a human-derived mid-brain neuronal model and revealed a new
elucidation of glutathione metabolism regulation in response to rotenone stress via
interpreting labeling pattern changes from both intact metabolites and moieties. Aside from
capturing the static metabolite level or concentration, dynamic pathway activity provides a
complementary perspective for a more complete understanding of metabolic phenotyping.
Quantitative flux inference from metabolite labeling patterns remains a big challenge,
especially at a genome-scale. Besides, there is still a lack of an automated processing
pipeline to make this procedure more efficient and turn it into a standardized workflow.
Chapter 5 aims to construct an automated data processing pipeline for quantitative flux
analysis in a genome-scale model, termed fluxTram. The pipeline is composed of two
essential modules: the processing of tracer-based mass spectrometry data into standardized
mass isotopologue distribution and the generation of metabolite structure and reaction
databases over a genome-scale model. As a demonstration of the pipeline, fluxTram
processed *C-labeled metabolomics data collected from an in vitro iPSC-derived mid-brain
neuron model, which assisted a conventional **C metabolic flux analysis within a central
carbon (core) metabolism model. In parallel, fluxTram resolved the atom mappings of a
genome-scale, dopaminergic neuronal metabolic model (iDopaNeuroC). The combination
of the fluxTram outputs allowed us to conduct a moiety fluxomics analysis in the
iDopaNeuroC model. An integrative metabolic flux analysis involving core model flux
solution, moiety flux solution, and results from two other in silico genome-scale flux
analysis methods: entropy flux solution and flux balance analysis became possible, enabling
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a comparison of neuronal metabolic function inference and prediction using competing
methods. Furthermore, atom mapping assisted in determining the labeling configuration of
a tracer used in a subsequent tracer experiment.

Finally, in Chapter 6 a general conclusion of the studies described in this thesis is provided.
Perspectives and recommendations on future improvements and applications of the
proposed LC-MS methods and data processing pipelines are also discussed.
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Chapter I1

Abstract

Polar hydrophilic metabolites have been identified as important actors in many biochemical
pathways. Despite continuous improvement and refinement of hydrophilic interaction
liquid chromatography (HILIC) platforms, its application in global polar metabolomics has
been underutilized. In this study, we aimed to systematically evaluate polar stationary
phases for untargeted metabolomics by using HILIC columns (neutral and zwitterionic) that
have been exploited widely in targeted approaches. To do so, high-resolution mass
spectrometry was applied to thoroughly investigate selectivity, repeatability and matrix
effect at three pH conditions for 9 classes of polar compounds using 54 authentic standards
and plasma matrix. The column performance for utilization in untargeted metabolomics was
assessed using plasma samples with diverse phenotypes. Our results indicate that the ZIC-
¢ HILIC column operated at neutral pH exhibited several advantages, including superior
performance for different classes of compounds, better isomer separation, repeatability and
high metabolic coverage. Regardless of the column type, the retention of inorganic ions in
plasma leads to extensive adduct formation and co-elution with analytes, which results in
ion-suppression as part of the overall plasma matrix effect. In ZIC-c HILIC, the sodium
chloride ion effect was particularly observed for amino acids and amine classes. Successful
performance of HILIC for separation of plasma samples with different phenotypes
highlights this mode of separation as a valuable approach in global profiling of plasma
sample and discovering the metabolic changes associated with health and disease.
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Introduction

Metabolomics is rapidly becoming a powerful approach in its application to system biology-
based studies. It enables characterizing the profile of small molecules in biological samples
and thereby discovering metabolites that discriminate across phenotypes [1,2]. In-depth
investigations of metabolic pathways highlighted polar and ionic compounds such as amino
acids, carboxylic acids, phosphorylated compounds, nucleotides, sugars etc., as key
modulators of physiological and pathophysiological processes [3,4]. Metabolomics studies
are typically performed using liquid chromatography (LC) hyphenated to mass
spectrometry (MS), and reversed-phase (RP) LC is the most widespread choice in
bioanalytical separation as it generates reproducible data for a large set of metabolites.
However, the analysis of polar and ionic compounds continues to challenge this mode of
chromatography as they are poorly retained on the stationary phase of RPLC columns [5].
Even though chemical derivatization of these compounds is an active research area,
disadvantages of this approach include partial derivatization and increased sample
complexity. Moreover, tedious derivatization steps make it a time-consuming method, and
additional experimental steps may influence the recovery rate, accuracy and repeatability
of the result [6]. To that end, hydrophilic interaction liquid chromatography (HILIC) has
grown in popularity for the chromatographic retention and separation of polar compounds
[7]. In HILIC, the high organic content mobile phase prolongs retention time, and improves
mass spectral detection of polar metabolites by increasing the ionization efficiency [8]. The
separation mechanism includes a combination of various hydrophilic, electrostatic, and
ionic interactions; however, the dominant mechanism depends on the physicochemical
property of the stationary phase (neutral, charged and zwitterionic) and the structure of the
analytes [7]. Among all commercially available stationary phases, the neutral stationary
phase of Acquity-Waters (UPLC BEH-amide) and the zwitterionic (ZIC) stationary phases
of SeQuant® Merck (HPLC Phosphorylcholine and Sulfobetaine) have often been
exploited for the separation and targeted analysis of polar metabolites. For instance, BEH-
amide has recently been utilized for effective separation of 24 amino acids from cell culture
[9] and could successfully cover key metabolite classes such as sugars, amino acids,
nucleotides and organic acids in plasma samples [10]. Arase et al. [11] reported the
phosphorylcholine type ZIC-cHILIC as the most appropriate column for the separation of
nucleotides. In another study, ZIC-HILIC has been applied for determination of organic
acids in plasma and urine for the assessment of acidosis in patients with severe malaria [12].
Despite the increased interest in HILIC in the last decade for targeted profiling of polar
metabolites, the potential of HILIC in untargeted metabolomics is underestimated due to
low reproducibility, complex retention mechanisms and low peak capacities [13]. Even
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though several comparison studies investigated the metabolic coverage and retention
mechanisms involved in different HILIC columns, the lack of a practically helpful guide
has resulted in no consensus on the utilization of the appropriate column and analytical
procedure. In a recent study, Contrepois et al. [14] reported that, at neutral pH, a superior
separation and higher metabolic coverage in plasma and urine were achieved by ZIC-HILIC
when testing five columns, including BEH-amide and BEH-HILIC (charged). In another
study, Sillner et al. [15] observed better performance of BEH-amide at basic pH compared
to a zwitterionic column in terms of peak width, isomers separation, and the number of
detected features in fecal samples.

In addition to the metabolic coverage, matrix effect and batch repeatability are crucial
factors that need to be considered in untargeted metabolomics studies of biological samples.
Inorganic ions such as sodium, potassium and chloride are among the major electrolytes in
different body fluids. These ions are well known to affect electrospray ionization by
promoting adduct ions with sample analyte and cluster ion formation with mobile phase
additives, and leading to ion suppression [16]. The use of RP-LC often diminishes these
problems as salts generally elute with the void volume. However, when employing HILIC,
these inorganic ions can be retained by the chromatographic system and impact the
detection of coeluting polar analytes [17]. Most previous studies have only focused on the
effect of buffer salt on the retention mechanism [18,19], while far too little attention has
been paid to the matrix salt effect on the analysis of diverse polar metabolites.

This study set out to systematically explore the selectivity of HILIC interaction and
coverage for two popular HILIC columns; BEH-amide and ZIC-c HILIC. We scored the
performance of two stationary phases (zwitterionic and neutral) for nine different classes of
compounds at three different pH conditions (acidic, neutral, basic). Parameters were
evaluated in terms of number of detected metabolites, peak shape, retention factor,
resolution and sensitivity. To assess the intra- and inter-batch column repeatability in
measuring biological samples, we monitored the peak area variation and retention time shift
using plasma samples. Plasma matrix effect, particularly salt effect on neutral and
zwitterionic stationary phases, was also evaluated. Finally, we assessed the column
performance for utilization in untargeted metabolomics using plasma samples with diverse
phenotypes. Comparison based on the total feature numbers and retention distribution of
detected features was carried out to determine the optimal HILIC stationary type. Since
plasma matrix contains different polar metabolites, many of which elute close to the solvent
front in RP chromatography, HILIC separation can enhance plasma metabolome coverage
and provide an enhanced view on plasma composition.

Materials and methods
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1. Chemicals and Materials

Analytical grade solvents acetonitrile, methanol, chloroform and formic acid (98%) were
purchased from Biosolve (Biosolve BV, Valkenswaard, The Netherlands), whereas
ammonium formate (>99.995%), ammonium hydroxide (28—30 wt % solution of ammonia
in water) sodium chloride (>99.0%) and sodium hydroxide were obtained from Sigma
Aldrich (Sigma-Aldrich, Burlington,WV, USA). MilliQ water was obtained from a Merck
Milli-pore A10 purification system (Raleigh, USA). Chemical standards and stable isotope-
labelled standards were purchased from Sigma-Aldrich (St. Louis, USA) unless otherwise
mentioned. The complete information of the (stable isotope-labelled) standards and
suppliers are provided in the supporting information Table S1. An EDTA pooled plasma
(June 2020) was used for the column performance, matrix effect, and repeatability
evaluation and purchased from Innovative Research (Peary Court Novi, MI, USA). Four
diverse EDTA plasma samples (categorized as Dutch, American, fasted and non-fasted)
were used for untargeted analysis. American, fasted and non-fasted pooled plasmas were
purchased from Innovative Research (Peary Court Novi, MI, USA) and Dutch pooled
plasma was purchased from Sanquin (Sanquin, Amsterdam, The Netherlands).

2. Standard Solutions

A total number of 54 authentic standards were used during the experiment covering a wide
range of polar metabolic classes including amino acids (17), amines (4), sugars (2), sugar
phosphates (3), nucleosides (7), nucleotides (5), acyl-carnitines (2), coenzyme A (1) and
organic acids (13). Stock solutions of the analytes were prepared at a concentration of
10mM in milliQ water, except for aspartic acid, adenosine, adenine, uracil which were
prepared in methanol and water (1:1, v/v). For certain standards, addition of 0.05% formic
acid (aspartic acid, adenosine, adenine, uracil) or 0.1M sodium hydroxide (hypoxanthine,
uric acid) was needed to assist dissolution. Stock solutions were stored in Eppendorf tubes
at—80°C. A standard mix solution was prepared by mixing 54 individual standard solutions
at a final concentration of 160uM. The standard mix solution was aliquoted in separate
Eppendorf tubes and also stored at —80°C. Standard working solutions were prepared at a
final concentration of 20uM by dilution of the standard mix solution in acetonitrile/milliQ
water (9:1, v/v).

Stable isotope-labelled standards (SILs) used in the study include U-3C,4, U-D3, **N-
aspartate, U-'Cs-glutamine, 2,3,3-Ds-leucine, Ds-choline, U-*Cs-glucose, U-*N,-UMP,
Ds-carnitine, ¥Cs-pyruvate, 2,2,3,3-D4-succinate, 2,2-D,-glycine, 2,3-D,-fumarate, U-*3Cyy,
U-BN,-tryptophan, U-3C4, U-15N,-asparagine, U-1*Cs, U-Ds, **N-glutamate, U-*3Cs-valine,
U-BCg-lysine and U-'*N>-UMP. The SILs stock solution was prepared at concentration of
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10mM in milliQ water and stored at —80°C. Together with the quality control sample, this
mix was used for day-to-day analysis to monitor the process and analytical variation.

3. Sample Preparation

Plasma samples were extracted using chloroform/MeOH/water solvent system (2.6/2.0/2.4,
v/v/v) according to Sostare et al. [19]. Briefly, 100uL of plasma was quenched using 75%
ice-cold methanol (400uL MeOH+132puL milliQ water) and 200uL of chloroform. The
mixture was subsequently vortexed for 3 min and centrifuged for 10min (13,000xg, 4°C).
The upper layer of supernatant (~600uL) was transferred into a new Eppendorf tube and
then mixed with 200uL of chloroform and 230uL of milliQ water. The mixture was vortex
mixed for 3min and centrifuged for 10min (13,000xg, 4°C) for a second liquid-liquid
extraction (LLE). The final upper layer (~900uL) was collected and evaporated to dryness
in a Labcono SpeedVac (Labcono, Kansas City, MO, United State). The residue was then
reconstituted with 100uL of acetonitrile/ milliQ water (9:1, v/v). In order to increase the
quenching and minimize the residual enzymatic activity, all solvents for extraction in this
study were used ice-cold. To improve the sensitivity for untargeted analysis, those plasma
samples were processed in the same manner only reconstituted in 50pL of reconstitution
solution.

A Quality control (QC) sample was prepared by pooling 50uL of every study sample, spiked
with standard mixture solution and SILs solution at a final concentration of 20 and 40uM
respectively. This QC sample was used for monitoring the stability, precision, random
errors and correcting for instrument fluctuations during the analytical run.

4. Instrumentation and LC-MS Acquisitions

HILIC chromatography was performed using a Waters Acquity UPLC Class Il (Waters
Chromatography Europe BV, Etten-Leur, The Netherlands) with the oven temperature set
at 30°C. Two HILIC columns were investigated in this study, the Acquity BEH-amide
column (2.1mm x 100mm, 1.7um, Waters, Irland) and the SeQuant® ZIC®-cHILIC
column (2.1mm x 100mm, 3.0um- Merck, Darmstadt, Germany). The mobile phase
composition was the same for both columns. Mobile phase A consisted of 90% acetonitrile
and 10% 5mM ammonium formate. Mobile phase B consisted of 10% acetonitrile, 90%
5mM ammonium formate. The acidic and basic pH of the agueous 5mM ammonium
formate were adjusted using formic acid and ammonium hydroxide respectively. The BEH-
amide column is composed of neutral ethylene bridge hybrid (BEH) particles which enables
the stability of the column over a wide range of pH (2-11). Therefore, BEH-amide column
was operated at 3 different pH values of mobile phase; acidic (pH 3), neutral (pH 7) and
basic (pH 10). The ZIC-c column is composed of silica-based particles (1:1 charge-balanced
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phosphorylcholine functional group) which lose stability in pH above 8. Therefore, the ZIC-
¢ was operated only at acidic and neutral conditions.

For each HILIC column, the gradient and flow rate were optimized based on the standards
retention (Table S2). The flow rate used with SeQuant® ZIC®-cHILIC column was 0.25
mL/min and the starting gradient condition was 0% B for 2 min, changing linearly to 40%
B over the next 20 min, after which the solvent composition returned to starting condition
over 0.1min, followed by re-equilibration for 10min prior to the next injection. The flow
rate applied on Acquity BEH-amide column was 0.5 mL/min and the starting gradient
condition was 0% B for 1.2min, changing linearly to 40% B over the next 14min, ends up
with 0% B from 14.2-18min.

Mass spectrometry experiments were carried out on a quadrupole-TOF (SCIEX 5600
TripleTOF, AB SCIEX, Foster City, CA). Electrospray ionization (ESI) was operating at
both positive and negative ion mode. The ESI source parameters were as follows
(positive/negative ion mode): spray voltage £4.5 kV, capillary temperature 550°C, sheath
gas 50, auxiliary gas 65, curtain gas 25. The full scan mode was applied for data acquisition
over a m/z range of 50-900Da. The complete compound list with observed mass adducts
and m/z ratios is shown in Table S1. In total, five LC conditions were analysed with both
positive and negative ESI TOF-MS.

5. Matrix effect

Matrix effect (i.e., suppression and enhancement of metabolite signal in [M-H] or [M+H]*)
was evaluated by the post extraction addition method which is based on a quantitative signal
comparison between a plasma matrix spiked with standard mix solution (20uL) after the
sample clean-up versus a neat standard. To evaluate the sodium and chlorine influence
among the general matrix effect, saline (NaCl) solution in three different concentrations
(6.0,7.5 and 9.0g/L milliQ water) spiked with standard mix solution were used as controls.
A schematic workflow of the matrix effect experiment is given in Figure S1. The reported
matrix effect values are an average of three replicates obtained from independent sample
preparations within each sample group. Matrix effect was calculated according to equation
(2) if metabolite was detected with a basal level in plasma, otherwise using equation (1).

ME= Peak area of analyte in spiked plasma matrix ( )
Peak area of analyte in neat standard solution
ME= Peak area of analyte in spiked plasma matrix-Peak area of analyte in unspiked plasma matrix (2)

Peak area of analyte in neat standard solution
Matrix effect in the range of + 20% (0.80 < ME < 1.20) were considered as negligible and

labelled as “no matrix effect”, since it is the common variability accepted in bioanalysis
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[13]. ME values below 0.80 were considered as ion suppression, and those above 1.20 as
ion enhancement.

6. Repeatability

To evaluate the repeatability, intra- and inter-batch analysis were performed at optimal
chromatography condition of each column. Therefore, ZIC-c and BEH-amide were
operated at pH 7 and 10 respectively coupled with negative ESI-MS. Prior to batch analysis,
the column was equilibrated with the initial mobile phase gradient and subsequently
conditioned with 20 pooled lab QC plasma injections. The intra-batch analysis included
consecutive injection of 200 plasma QC samples. The inter-batch analysis included three
batches, comprising injections of 20 plasma QC samples per batch with an interval of two
days in between. The inter-and intra-batch variation were assessed by calculating the
relative standard deviation.

7. Data analysis

The identification and integration of the analytes from LC-MS raw data was performed
using AB Sciex PeakView™ 2.0 and MultiQuant™ 3.0.1. Related chromatographic peak
parameters including retention time, peak height, peak width, tailing factor were also
calculated by MultiQuant automatically. Predicted logD, charge state and hydrogen bond
number under pH 3, 7, 10 for each analyte were calculated using Marvin Sketch software
version 20.10.0, ChemAxon (http://www.chemaxon.com/) and shown in Table S3. To
achieve good comparison between different chromatography conditions over all analytes, a
chromatographic performance scoring system was defined to assign a score for each
individual metabolite [14,21]. The scoring system was defined based on following
parameters: metabolite retention, peak sensitivity (as indicated by natural log of the signal-
to-noise ratio), peak sharpness (as indicated by natural log of the peak height), and peak
symmetry (as indicated by the tailing factor). Details of scoring parameters are presented in
the supporting information Table S4. The total score for each compound was calculated
according to the formula (3).

Scoreiotal = SCOre€retention + Scoresharpness + Scoresymmetry + Scoresensitivity 3

A simple linear regression model was used to analyse the relationship between metabolites
polarity at different pH conditions and elution order. The model was built in R (version
3.6.2), and plotted a fitting line across all data points. Based on the linear model, the
Pearson's correlation coefficient (r) was calculated. For untargeted analysis, the raw data
sets were converted to mzXML files and subsequently centroided using Proteo Wizard
MSConvert version 3.0 [21]. Metabolite features were extracted from converted data sets
using XCMS package (version 3.10) in R (version 3.6.2) [28]. Data were processed as a
multi-group experiment and the parameter settings were as follows: centWave algorithm
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for feature detection (Am/z = 5 ppm, minimum peak width = 5 s and maximum peak width
= 100 s, S/N threshold = 10, mzdiff = 0.01, integration method = 1, prefilter peaks = 3,
prefilter intensity = 100, noise filter = 100); obiwarp settings for retention time correction
(profStep = 1); and parameters for chromatogram alignment, including mzwid = 0.01,
minfrac = 0.5 and bw = 5. The resulting XCMS peak table was further processed to preserve
only peaks that were not present in technical blanks while being present in at least one
plasma phenotype. For recognition and removal of erroneous features in the datasets, MS-
FLO (http://msflo.fiehnlab.ucdavis.edu) was used [29]. To obtain an overview of the
metabolic data, abundance profiles of metabolites were glog (generalized logarithm)
transformed and subjected to principal component analysis (PCA) using MetaboAnalyst
version 5.0 (https://www.metaboanalyst.ca) [30]. The retention factor (K) was calculated
according to formula (4), where tR is the retention time of the feature in minutes and the t0
is the void volume of the column in minutes.

K = th:)tO (4)

Results and discussion

1. Column selectivity and performance

Two prominent HILIC columns (BEH-amide and ZIC-c) were tested for selectivity and
performance for nine classes of compounds comprising 54 polar metabolites (Table S1).
Previous studies [14] often utilized the same separation gradient while comparing different
HILIC columns. However, the different structure of stationary phases might require
different chromatography conditions for obtaining a good performance [20]. Therefore, we
used a specified gradient for each column that could retain most of the tested analytes. We
aimed at using a scoring approach that allows to compare the performance of different
chromatographic conditions for the analytes of interest based on the following parameters:
metabolite retention, peak sensitivity, peak sharpness and peak symmetry [14,21]. The
metabolite performance was considered as good, acceptable, or bad, based on the calculated

total score (see Table S4, supporting information). Metabolites scored as “good” exhibit
long retention (void time x 4) and avoid the ion suppression zone. In addition, their narrow
peak profile together with minimal tailing and high sensitivity provide more reliable
metabolite identification and quantification. Metabolites evaluated as “acceptable” can be
used for qualitative purposes, but might introduce problems during quantitative analysis.
Metabolites evaluated as “bad” are not recommended to be measured using the
corresponding HILIC method due to either broad peak profile, early elution or low peak
intensity [14].

Figure 1a shows the performance cumulative score per chromatographic condition for each
individual metabolite. The ZIC-c column operated at neutral pH was superior in coverage
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and peak performance, as the majority (96%) of tested standards achieved a good or
acceptable performance score. In comparison, the BEH-amide showed the best performance
at basic condition with 74% of metabolites obtaining good or acceptable score. From the
standard working solution (20uM), most compounds were detected by ZIC-c at both acidic
and neutral pH, except for citric acid, glycerate-3-phosphate and malic acid, which were
only detected under the neutral condition. In contrast, BEH-amide resulted in bad
performance for the above-mentioned organic acids, as well as for 6-phosphogluconic acid,
ribose-5-phosphate, ADP and ATP. Regardless of the pH, both columns exhibited good
chromatographic performance for amines, nucleosides and acyl carnitines, but sugar
phosphates, nucleotides and coenzyme-A only performed well on ZIC-c.

Figure 1b presents the column selectivity and chromatographic peak performance of
representative metabolites from different classes under the five different LC method
conditions. Baseline separation of the isomers, leucine and isoleucine, fructose and glucose,
glucose 6-phosphate and fructose 6-phosphate could be achieved with the ZIC-c column
only.

This finding is consistent with that of Contrepois et al. [14] who reported a superior
separation and higher metabolic feature coverage in plasma and urine using a zwitterionic
column (ZIC-HILIC) at neutral pH among five tested columns, including BEH-amide and
BEH HILIC (charged). Similarly, among six different HILIC stationary phases, Tufi et al.
[22] proposed ZIC-c for simultaneous analysis of neurotransmitters in cell extracts. In fecal
samples, Sillner et al. [15] also compared the performance of silica, amide, and zwitterionic
columns for fecal polar metabolites and concluded that the zwitterionic column (ZIC-c)
provided superior coverage and selectivity.
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Figure 1. Overview of performance score and selectivity under chromatographic conditions. (a)
Individual score of column performance for polar metabolites from different classes of compounds.
(b) Column selectivity and chromatographic peak performance of representative metabolites from
different classes under five different LC method conditions. Anomer mutarotation causes the glucose
signal to split into two separate peaks as shown on both columns. Blue: ZIC-c HILIC at pH 3; Red:
ZIC-c HILIC at pH 7; Green: BEH Amide at pH 3; Purple: BEH Amide at pH 7; : BEH Amide
at pH 10.

2. Retention mechanism

HILIC separation is generally regarded as a mixed-mode mechanism. Partitioning of solutes
occurs between the surface aqueous layer and the relatively non-polar organic mobile phase
based on the polarity of the solutes. Electrostatic attractions or repulsions are created
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between charged solutes and the stationary phase. In addition, molecules with hydrogen-
donor or hydrogen-acceptor groups can interact through the hydrogen bonds with the
stationary phase [23]. To gain a better insight into the interaction of metabolites with
zwitterionic and neutral stationary phases under different pH values, correlation analysis
was performed between the physical and chemical properties of a variety of compounds and
their retention on each column. Physical and chemical properties including logD value,
charged state and hydrogen bonding of 54 metabolites under acidic, neutral and basic pH
are listed in Table S3. As depicted in Figure 2, a linear relationship was observed between
metabolites polarity (as indicated by logD) at different pH conditions and elution order (as
shown by the percentage of water phase). The impact of charge state is displayed as different
dot colours, and the size of the dot reflects the influence of hydrogen bonding. At pH 3,
both columns showed a relatively high correlation between logD and water fraction, which
indicates that under acidic conditions, the separation mechanism is mainly governed by the
partitioning of the analytes between the organic-rich bulk and water-rich layer. However,
as pH increases, the correlation factor between logD and water fraction decreases.
Increasing the pH from 3 to 7 converts the charge of organic acids from neutral to anionic,
and nucleotides from zwitterionic to anionic (Table S3). Therefore, in the ZIC-c column at
pH 7, anionic compounds such as 2-hydroxybutyric acid and lactic acid provoke more
electrostatic attraction with the positively charged quaternary ammonium part of the
phosphorylcholine functional group, indicating that a higher percentage of water is needed
for elution. However, this effect was minimal for nucleotides such as AMP and NAD* that
required a higher percentage of water for elution in pH 3 as well. This can be explained by
the fact that although these compounds are zwitterionic at pH 3 and demonstrate no net
charge, they are still able to participate in electrostatic interactions with zwitterionic
functional groups of the column.
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Figure 2. Analysis of the relative contribution to the retention mechanism on different HILIC columns.
(a) Correlation analysis on ZIC-cHILIC and (b) Correlation analysis on BEH-amide. Individual
metabolites are shown as a: 2-hydroxybutyric acid; b: lactic acid; c: AMP; d: NAD*.

Compared to ZIC-c, BEH-amide shows relatively higher involvement of partitioning at neutral pH
with a higher correlation coefficient. However, at basic pH, partitioning is decreased by electrostatic
interactions due to ionization of residual silanol groups, that causes even less retention or exclusion
of anionic compounds [8,13]. In terms of polar interactions, hydrogen bonding also influences
compound retention on both BEH-amide and ZIC-c HILIC columns. For each charge group, it was
observed that compounds with higher total hydrogen donors and acceptors retain longer on the column.
In line with previous studies [23,24], our results also demonstrated the mixed mode of retention
mechanisms in neutral and zwitterionic HILIC. Hydrophilic partitioning interaction plays a primary
role in separation. In addition, both BEH-amide and ZIC-c columns exhibited hydrogen-bonding
interaction, whereas ZIC-c showed stronger electrostatic interactions than BEH-amide.

3. Matrix effect

Inorganic ions such as sodium (Na*) and chloride (CI) are undeniably part of the plasma
matrix. These ions are known to interfere with the electrospray ionization and affect the
sensitivity in mass spectrometry [25]. This effect can be incremental in HILIC separation
since these ions can be retained by the polar stationary phase and interact with the mobile

33



Chapter I1

phase additive [26]. To investigate the effect of matrix inorganic ions in untargeted HILIC-
MS analysis, chromatographic separation and ionization of analytes of interest were
compared with sodium chloride solution spiked with the standard mix. Blood plasma
contains approximately 135-145 mmol/L sodium while the amount in 0.9% saline solution
is 154 mmol/L. In order to closely mimic the plasma salt composition, we used sodium
chloride solution at three concentrations: 0.6% and 0.75% and 0.9%. A major elution peak
of sodium cluster series with the mobile phase component, formate, was detected as
[Na(n+1) + HCOOn]* in the positive mode and [Na(n) + HCOO(n+1)]" in the negative mode
around the highest water fraction (40%) during the HILIC gradient for both columns (Figure
S2). Therefore, the coeluting metabolites arginine and lysine are directly influenced due to
competition with the sodium cluster (Table S5-S6). Along with the increasing level of
sodium chloride in samples, an increased signal of the [M+Na]* adduct was observed on
citrulline, glutamine (eluting around 10mins) and adenosine, ocatanoyl-carnitine, creatinine,
which eluted at around 4mins on the ZIC-c column. Similarly, a slight increased [M+Na]*
adduct signal was detected for glutamine on the BEH-amide column at around 6mins (Table
S7, Figure 3). No chloride ion cluster was directly detected, but a significantly increased
adduct signal of [M+CI]- was detected for the indicated analytes in the sodium chloride
sample on the ZIC-c column at around 5.7-6.0, 10 mins, and on the BEH-amide column at
around 1.45-1.8, 2.4-2.9 mins (Table S7, Figure 3). Most compounds that eluted around
these periods exhibited ion suppression due to adduct formation (Table S5-S6).

In addition to the matrix effect caused by inorganic ions, the overall effect of plasma matrix
on ionization was investigated as well. Table 1 summarizes the statistics for the entire
plasma matrix and sodium chloride effect on representative metabolite classes. A
comparable plasma matrix effect was observed on both columns, with 73% of 51
representative metabolites influenced on ZIC-c, and 68% of 47 representative metabolites
influenced on BEH-amide. ZIC-c showed more susceptibility to the effect of sodium
chloride than BEH-amide regarding the total number of affected metabolites as well as the
measurement precision as shown in Table S5-S6. In particular, amino acids and amines
showed more numbers affected by the presence of sodium chloride on ZIC-c. This
significant ion suppression or enhancement caused by sodium chloride might be attributed
to the constant competition between Na*, Cl- and the zwitterionic amino acids, positively
charged amines during the electrostatic interaction at pH 7 condition (Table S3).
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Figure 3. Extracted ion chromatogram of metabolites influenced by sodium chloride on the ZIC-c

HILIC and BEH-amide columns. Citrulline and glutamine showed the increased MS responses of

sodium adducts in plasma and salt sample (pure sodium chloride solution) versus neat sample (no

sodium chloride). Tryptophan and adenosine showed the increased MS responses of chloride adducts

in plasma and salt sample (pure sodium chloride solution) versus neat sample (no sodium chloride).
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Table 1. Summary of plasma matrix effect and sodium chloride effect on representative metabolite

classes.
ZIC-c (51 metabolites detected) BEH (47 metabolites detected)
Metabolite classes Matrix effect Salt effect Matrix effect Salt effect
Amino acids 11 (16) 11 (16) 14 (17) 4(17)
Amines 2(4) 3(4) 2(4) 1(4)
Sugar & Sugar phosphate 5(5) 4 (5) 4(4) 2(4)
Nucleoside & Nucleotide 10 (13) 10 (13) 8 (11) 7(11)
Acylcarnitines 12 0(2) 0(2) 1(2)
Organic acids 8 (11) 8 (11) 6 (9) 6 (9)

“Numbers within brackets represent the total metabolite number for each class. Numbers before brackets represent
the number of affected metabolites. For metabolites that were measured in both positive and negative modes,

matrix/salt effect is marked when either mode showed ion suppression/ enhancement.

For both columns, there was no significant increase in matrix effect value with increased
sodium chloride concentration. lon suppression with low matrix effect value was observed
only in 0.9% group for a few metabolites. However, this still suggests that high-salt matrices
can have a significant impact. Existing research attempted depletion of salt during sample
preparation by methods such as cation and anion solid phase extraction, thereby enhancing
the sensitivity [15]. However, repeatability and coverage of such methods needs more
validation for biological samples with high concentrations of various salts. Overall, our
results indicated that regardless of the column type, inorganic ions have affinity for the polar
stationary phase in HILIC chromatography. Further investigation on depletion of these ions
during sample preparation while having a high metabolic coverage is needed.

4. Repeatability evaluation

A key prerequisite for obtaining good metabolic profiles is repeatability. In terms of this,
HILIC is recognized to be more challenging in long batch analysis than in RP columns due
to the complex retention mechanism. Therefore, we further evaluated two HILIC columns
for intra- and inter-batch repeatability using retention time (RT) and peak area stability of
42 representative polar compounds in a pooled plasma QC sample. The detailed results are
summarized in Table S8, and supplemented by Figure S4 and Figure S5. The distribution
of relative standard deviations (RSD) for RT and peak area in intra- and inter-batch analysis
are visualized in Figure 4.

4.1. Intra-batch repeatability

RSD values below 30% for peak area define a high-quality dataset for untargeted analysis
and reflects good method stability over runs with plasma matrix [27]. The intra-batch peak
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area repeatability of both columns was excellent; of 42 tested analytes, all showed an RSD
< 20% on the ZIC-c HILIC except for arginine (21%), while for BEH-amide, all metabolites
showed an RSD < 20% with exception of arginine (22%), adenosine (34%) and malonic
acid (22%). Both columns also exhibited a good RT stability for all tested analytes with
variation < 5% RSD, within 200 consecutive injections of pooled plasma QC sample.

4.2. Inter-batch repeatability

Similarly, the inter-batch analysis revealed high RT stability in both columns with RSD <
5% for most of the analytes, with the exception of malonic acid (12%) on BEH-amide. The
peak area analysis evaluations also showed satisfactory repeatability; on the ZIC-c HILIC,
all metabolites showed an RSD below 20%, with the exception of arginine, lysine, fructose-
6-P with relatively high RSD, ranging from 20% to 30%. On the BEH-amide, 40
metabolites showed an RSD below 20% while this value was relatively high for cytidine
and uric acid ranging from 20% to 35%.

Although we performed a pre-batch run with 20 QC plasma samples on both HILIC
columns, malonic acid showed improved peak shape after more sample injections on BEH-
amide (Figure S3). Similarly, increased peak responses were observed for arginine, lysine,
fructose-6-P, and adenosine. In contrast, decreased peak responses were observed for
cytidine and uric acid on BEH-amide. The accumulated matrix that remained in the ion
source might cause changes in the peak response as well. This can be alleviated through MS
ion source cleaning between batches. Nucleosides eluting in the early stage of the gradient
on the BEH-amide column showed less peak area repeatability than on the ZIC-c HILIC
column. Although the chromatographic repeatability has been considered a common
challenge in HILIC technology, our results demonstrate that the deviation of peak areas and
retention times across inter- and intra-batch analysis did not vary significantly, which
reflects good method stability and enables reliable chromatogram alignment and peak
matching across different samples.
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Figure 4. Repeatability evaluation of peak areas and retention times of 42 representative compounds
during inter- and intra-batch analysis using ZIC-c HILIC and BEH-amide columns. Metabolite names
with an RSD above 20% are listed on the right side of the cut-off line.

5. Untargeted metabolomics analysis for human plasma

Untargeted metabolomics analysis of plasma samples from four different phenotypes were
utilized to estimate and compare the metabolic coverage of each column. The quality of
generated chromatographic peaks has a great effect on the coverage output. When using
HILIC for global metabolomics, one drawback is the presence of poor chromatographic
peaks (broad peaks, multiple peaks and tailing peaks). The total ion chromatograms of the
plasma samples and some examples of poor peak shapes are presented in supplementary
Figure S6 and Figure S7. During data processing of this type of peaks, many features with
the same m/z could be generated by the peak extraction algorithm while multiple features
are generated by a single metabolite. Therefore, following untargeted HILIC-MS analysis,
data were extensively pre-processed using XCMS, MS-FLO and in-house tools, followed
by strict rules of feature removal to omit isotopes, background peaks (in procedure blank
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per method), and also unreliable retention areas (which restricted the inclusion of peaks
with broad tailing). The different steps of the data pre-processing and the feature yield per
step are summarized in Table S9. Two-dimensional PCA score plots (Figure 5a) revealed a
visible separation in metabolic profiles induced by different plasma phenotypes (Dutch,
USA, fasted and non-fasted) on both HILIC columns. The first two principal components
respectively explain 47.6% and 25.0% of the total variance of the data for ZIC-c HILIC,
while those for BEH-amide explain 45.3% and 26.5% respectively. In addition to the
successful separation, replicates of each phenotype are clustered together in the plot
showing good repeatability in the HILIC-MS. The lower intra-group variation on BEH-
amide can be explained by the lower number of covered features. In total, 720 and 1003
m/z features were detected on the ZIC-c column respectively under negative and positive
ESI modes, while a total of 562 and 602 m/z features were detected on the BEH-amide
column using negative and positive ESI modes respectively. In addition to the higher
coverage, ZIC-c HILIC was more successful in isomer separation which is another
necessary evaluation in LC condition optimization for untargeted metabolite profiling. For
example, among the negative and positive features, 18 and 39 pairs of putative isomers were
detected respectively on ZIC-c column, while 10 and 13 pairs were detected respectively
on BEH-amide column. The successful isomer separation by ZIC-c might be attributed to
the selectivity of the positively charged stationary phase for acidic isomers, which are
negatively charged at neutral pH.
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Figure 5. (a) Principal component analysis (PCA) score plot of pre-processed untargeted features in
ZIC-c and BEH-amide. Each phenotype was subjected to a triplicate sample analysis; (b) Retention
factor (K) distribution of detected features on each column.

Investigation of the column retention mechanisms revealed partitioning as a major retention
mechanism in both ZIC-c and BEH-amide columns. This may have resulted in an overall
similar retention distribution of plasma features detected in the untargeted analysis in both
columns (Figure 5b). Features eluting in the early volume zone are represented in K [0,1];
they accounted for the highest percentage in both columns, with an average 44.5% of total
features on BEH-amide, compared to an average of 36.8% on ZIC-c HILIC. In contrast, the
number of features with longer retentions, represented in K> 1, obviously decreases. Due
to the presence of strong electrostatic interactions in ZIC-c HILIC, more balanced retention
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profiles were observed in the range of K> 2, which is important for untargeted analysis to
reduce co-elution and selectively cover more features.

Conclusions

The performance of two widely used HILIC columns, BEH-amide and ZIC-c HILIC, for
global metabolomics were systematically evaluated using metabolite standard solutions and
human plasma samples. Mobile phase pH is the most critical parameter since it affects
metabolite charge and its retention behaviour, thereby impacting the column selectivity and
the quantity of detected metabolic features in untargeted analysis. Our data indicate the
highest performance for ZIC-c when operated at pH 7 and for BEH-amide at pH 10. the
ZIC-c HILIC column exhibited several advantages, including superior performance for
different classes of compounds, better isomer separation, high repeatability and high
metabolic coverage. Regardless of the column type, the retention of inorganic ions in
plasma leads to extensive adduct formation and co-elution with analytes and, as a result,
ion-suppression particularly for amino acids and amine classes on ZIC-c HILIC, while it
acts as minor contributing factor to the overall plasma matrix effect. Further investigation
on depletion of these ions during sample preparation while maintaining a high metabolic
coverage is needed. Our evaluation proved high repeatability in retention time and detected
peak area is achieved with the complex plasma matrix. The repeatability test also indicates
that adequate equilibration and conditioning of both ZIC-c and BEH-amide columns is
required prior to batch analysis, which is essential for the interpretation of untargeted data.
Apart from these specific results, this work provides guidance on systematically evaluating
a chromatography column performance for global plasma metabolomics studies, which is
highly valuable in the future evaluation of (novel) HILIC stationary phases applied to other
types of matrices.
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Supplementary Materials

Data Availability Statement: The data presented in this study are accessible through EBI
Metabolights repository accession number MTBLS4157 (www.ebi.ac.uk/metabolights/ MTBLS4157)
[31]
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Figure S1. A schematic workflow of the matrix effect evaluation. Each group has three replicates
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Figure S2. The major elution profile of sodium as a sodium formate cluster on the ZIC-c HILIC
column and BEH Amide HILIC column. The extracted ion chromatograms of [Na(n) + HCOO(n+1)]
are shown below. The corresponding mass spectra at the elution time range are shown above.
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Figure S3. Extracted ion chromatograms of metabolites with a high RSD deviation (above 20%) in

peak area reproducibility evaluation.
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independently. (Red for Dutch, Blue for USA, Green for fasted, Purple for non-fasted)
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Figure S7. Bad feature showcase from untargeted plasma analysis.
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Systematic evaluation of HILIC stationary phases

Table S2. Columns and mobile phase conditions for ZIC-c HILIC and BEH Amide column

Column name

SeQuant ZIC-cHILIC

Acquity BEH Amide UPLC

Column
Stationary type Zwitterionic Neutral
Funcf‘ilérr:cglcgroup Phosphorylcholine Amide
Dimensions/mm 2.1*100 2.1*100
Particle size/um 3 1.7
Column
temperature/°C 30 30
Flow
rate/uL*min* 0.25 0.5
Mobile phase A 90% aceto_nitrile, 10% 90% aceto_nitrile, 10% water
water with 5 mM with 5 mM
Mobile phase B 10% acetonitrile, 90% 10% acetopitrile, 90% water
water with 5 mM with 5 mM
min — %B min — %B
0-0 0-0
2-0 1.2-0
4-15 9.2-40
Gradient 10-21 14 - 40
15-26 142-0
20-40 18-0
20.1-0
30-0
Sample injection 3 3

volume/ulL
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Table S3. Physical and chemical properties of polar target compound under pH=3, 7, 10

Compound Log D Value Charge State (%) Hydrogen donor
pH3 pH7  pH10 | pH3 pH7 pH10 Total
Arginine - -5.21  -3.19 | 78.00(++-) 98.92(++-) 90.99(+-) 15
Asparagine - -4.3 -5.39 | 90.03(+-) 95.06(+-) 98.11(-) 12
Aspartic acid -35 537 -7.47 | 93.85(+-) 98.40(+--)  78.32(--) 13
Betaine - -3.72  -3.72 | 65.59(+) 99.98(+-) 100.00(+-) 5
Citrulline - -3.93 -465 |83.10(+)  99.13(+)  89.68(-) 13
GABA -3.6  -289 -3.08 | 97.09(+) 99.57(+-)  51.80(+-) 8
Glutamine - -4 -4.67 | 86.60(+-)  99.29(+-)  87.72(-) 12
Glycine - -341  -412 | 81.82(+) 99.16(+-) 89.36(-) 8
Histidine - -3.7 -4.18 | 92.64(++-) 75.48(+)  84.33(-) 10
Isoleucine - -151 -2 60.15(+-)  99.61(+-)  79.18(-) 8
Leucine - -1.59  -2.13 | 60.35(+-) 99.55(+-) 81.75(-) 8
Lysine - -5.32  -3.21 | 62.99(++-) 99.46(++-) 4L.77(+-) 11
Ornithine - -5.76  -3.66 | 66.68(++-) 99.45(++-) 41.79(+-) 11
Proline -26 257 -259 |91.15(+-)  99.99(+-)  93.04(+-) 7
Taurine - -2.62 -3.28 | 100.00(+-) 99.34(+-) 86.93(-) 10
Tryptophan - -1.09  -1.7 72.52(+-) 99.41(+-) 85.53(-) 9
Valine 21 195 -2.44 | 64.08(+)  99.62(+)  78.89(-) 8
Choline - -4.66 -4.66 3
Creatinine -1.3 021 015 | 99.99(+) 56.91(+) 77.62(-) 7
Histamine - -3.2 -0.84 | 99.99(++)  50.80(++)  70.82(0) 5
Urea - -1.36 -1.36 6
Glucose - -2.93  -2.95 | 100.00(0)  99.99(0) 94.25(0) 17
Fructose - -2.76  -2.94 |100.00(0)  99.93(0) 59.82(0) 17
Glucose-6-P - -6.24  -7.81 | 98.08(-) 85.87(--) 94.24(--) 22
Fructose-6-P - -6.07 -7.8 98.09(-) 85.85(--) 59.81(--) 22
Ribose-5-P - -6.04 -7.78 | 96.61(-) 76.85(--) 99.97(--) 20
Acetyl-CoA - - - 32.92(+--)  92.47(---)  99.99(----) 40
Adenine - -0.563  -0.83 | 72.65 (+) 99.89 (0) 60.85(0) 7
Adenosine - -2.09  -2.09 | 84.42(+) 99.92(0) 99.51(0) 17
ADP - -751 -956 | 80.45(--+) 69.83(--) 99.28(--) 27
AMP - -5.4 -6.65 | 82.47(+-)  85.17(--) 99.50(--) 22
ATP - - - 30.5(+---)  69.34(--)  99.77(----) 32
Cytidine -28 -28 -2.8 93.22(+) 99.86(0) 99.61(0) 17
Hypoxanthine - -0.36  -0.91 | 84.58(0) 99.53(0) 82.35(-) 7
Inosine - -1.57 -1.58 | 66.31(0) 99.98 (0) 86.63(0) 17
NAD+ - -8.57 -8.59 | 77.77(++  99.28(+--)  94.72(+--) 37
NADH - -8.57 -859 | 77.65(+--)  99.29(--) 100(--) 37
Uracil - -0.86  -2.01 | 100(0) 98.16(0) 93.97(-) 6
Uric acid - -2.09  -2.09 |99.9(0) 60.45(0) 47.7(--) 10
Acetylcarnitine - -3.68 -3.68 | 92.53(+) 99.8(+-) 100 (+-) 7
Ocatanoylcarnitine - -0.75  -0.75 | 94.29 (+) 99.84(+-) 100(+-) 7
2-Hydroxybutyric acid 0.01 -2.84 -3.48 | 96.48(0) 99.73(-) 100(-) 8
3-Phosphoglyceric acid - -7.87 -9.89 | 74.33(-) 78.43(---)  99.93(---) 16
6-phosphogluconic acid - -9.69 - 71.34(-) 72.73(---)  99.61(---) 25
Citric acid -16 -863 - 53.37(0) 97.46(---)  99.98(---) 18
Fumaric acid - -6.06 -7.1 68.61(0) 99.83(--) 100(--) 10
Glyceraldehyde 3- - -4.85 -6.53 | 97.23(-) 80.38(--) 99.98(--) 13
Glycolic acid - -4.24  -457 | 77.59(0) 99.97(-) 100(-) 8
Isocitric acid - -8.74  -12 54.43(0) 97.56(---)  99.98(---) 18
Lactic acid - -352 -4 86.15(0) 99.94(-) 100(-) 8
Malic acid - -6.33  -8.15 | 62.02(0) 98.72(--) 99.99(--) 13
Malonic acid - -4.94  -7.28 | 77.73(-) 92.69 ()  99.99(--) 10
Oxaloacetate - -6.72  -7.1 43.51(-) 99.94(--) 96.57(--) 12
Pyruvic acid - -3.35  -3.46 | 72.23(0) 99.97(-) 99.31(-) 7
Succinic acid - -4.92  -7.39 | 78.44(0) 95.55(--) 100(--) 10
a-Ketoglutaric acid - -6.58 -7.17 | 55.12(-) 99.92(--) 100(--) 12
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Systematic evaluation of HILIC stationary phases

Table S4. Scoring criteria for the evaluation of compound chromatography performance

Parameter criterion Score value
4.0%t0 <RT 1
) 1.5%t0 < RT < 4.0%t0 0
Retention
0.5%t0 <RT < 1.5*t0 -1
0 <RT <0.5*%t0 -2
W< 0.1 min
0.1 min <W <0.2 min
Peak sharpness ) )
0.2 min < W < 0.4 min 0
W > 0.4 min -2
0.85<TF<15
15<TF<2506<TF<0.85
Peak symmetry
25<TF<35 0
TF > 3.5 -2
100000 <H

10000 < H < 100000
1000 < H < 10000
H <1000 -2

*In the table above, H refers to peak height. W refers to peak width at 50% of the maximum peak height. TF means
tailing factor, RT means retention time and t0 refers to time for void volume.

Peak sensitivity

Overall evaluation:
Scoretotal = scoreretention + Scoresharpness + SCoresymmetry + scoresensitivity
a. Good: Score total > 4
b. Acceptable: 0 < Score total < 4
c. Bad: Score total <0
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Systematic evaluation of HILIC stationary phases

Table S8. Intrabatch and interbatch reproducibility analysis of peak retention time and peak

area
BEH amide-%RSD ZIC-C-%RSD

Compounds Interbatch Intrabatch Interbatch Intrabatch

Area RT Area RT Area RT Area RT
Arginine 529 296 22.10 0.79 29.76 1.83 21.22 2.63
Asparagine 212 244 2.05 0.62 0.60 0.17 1.30 0.48
Asparticacid | 17.41 2.83 10.43 0.94 5.53 0.84 8.98 0.24
Betaine 533 234 1.43 0.32 3.76 0.05 5.19 0.30
Citrulline 330 1.98 3.58 0.17 4.07 0.37 8.67 0.50
GABA 840 1.78 4.40 0.20 5.42 0.44 9.06 0.47
Glutamine 412 199 2.06 0.29 0.59 0.30 1.00 0.47
Glycine 465 197 3.98 0.28 2.27 0.35 2.55 0.43
Isoleucine 331 166 091 0.29 0.71 0.06 2.06 0.35
Leucine 331 166 213 0.29 0.61 0.06 0.82 0.32
Lysine 585  3.15 5.75 0.77 27.84 0.77 4.20 2.37
Ornithine 294 198 2.66 0.17 4.82 0.37 17.35 0.50
Proline 3.06 1.79 1.65 0.17 2.69 0.13 10.35 0.34
Taurine 6.03 1.36 3.24 0.13 6.05 0.30 7.45 041
Tryptophan 7.95 1.67 1.13 0.29 0.48 0.04 212 0.30
Valine 271 234 1.54 0.32 1.70 0.05 4.94 0.40
Choline 442 178 4.75 0.19 5.33 0.44 7.46 0.47
Creatinine 816 145 15.88 0.33 10.89 0.36 5.49 0.52
Fructose 797 111 458 0.27 5.75 0.12 12.43 0.35
Glucose 502 097 5.42 0.18 6.11 0.18 9.03 0.38
Fructose-6-P 1431 2.85 7.87 0.22 20.87 151 11.33 0.18
Glucose-6-P 1431 2.85 7.87 0.22 8.92 1.52 9.76 0.21
Acetyl-CoA 556  3.69 11.96 0.93 11.59 2.60 13.81 0.46
Adenine 260 1.69 15.87 0.31 5.24 0.46 6.31 0.46
Adenosine 1591 1.59 34.10 0.23 14.66 0.54 14.87 0.53
AMP 354 294 4.35 0.32 7.80 1.18 4.50 0.15
Cytidine 2047 154 15.37 0.20 11.49 0.07 13.56 0.29
Hypoxanthine |12.35 1.3 9.66 0.29 6.17 0.52 4.85 0.58
Inosine 466 1.8 14.59 0.23 13.39 0.10 13.94 0.26
NAD+ 6.26 231 12.75 0.45 19.38 1.27 14.32 0.23
NADH 15.04 2.69 13.32 0.41 11.93 1.85 13.42 0.40
Uracil 1431 08 14.69 0.21 6.95 0.69 6.56 0.24
Uric acid 22.07 143 19.14 0.28 8.47 0.49 5.72 0.29
2-
Hydroxybutyri | 11.19  1.63 5.33 3.98 8.30 0.78 7.37 0.50
c acid
Fumaricacid |550 1.9 4.68 0.26 1.53 161 0.94 0.42
Glyceraldehyd
e 3-phosphate 490 31 10.92 0.33 5.34 1.62 6.31 0.21
Glycolicacid [4.09  3.12 511 2.75 8.95 0.82 5.44 0.45
Lactic acid 1712 353 6.33 2.39 6.97 0.60 5.56 0.32
Malonicacid | 14.96 12.31 21.70 492 9.01 2.32 14.54 1.40
Pyruvic acid 2.55 131 0.90 1.20 0.67 1.19 3.44 0.39
Succinicacid [ 4.35  3.73 6.61 0.16 3.22 0.81 1.58 0.93
Z(;'iéetog'”ta“c 6.84 203 3.98 0.22 453 1.04 6.94 0.19
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Table S9. Process of untargeted feature filtering

Cleaning process ZIC-c Neg ESI  ZIC-c POS ESI BEH-amide Neg ESI BEH-amide POS ESI

Total features detected

by XCMS 1975 2366 1460 1731
Removal of peaks eluted

in void-volume time e 22 ZE 03
Removal of isotopes 256 280 154 150
Removal of non-

biological peaks (by 432 563 360 441
blank)

Consollde}tlng_features 454 234 104 33
per retention time

Final features 720 1003 562 602
Putative isomeric feature 18 39 10 13
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Abstract

Parkinson’s disease (PD) is a complex neurodegenerative disease and can be triggered by
multiple risk factors, such as genetic alterations, environmental or occupational exposures,
and aging. It is characterized by the loss of dopaminergic neurons. However, until now, no
clear molecular mechanism driving neuronal death has been well understood and no
intrinsically effective therapy is available. In this study, we used human induced pluripotent
stem cell (iPSC)-derived mid-brain neuronal models to investigate the separate and
combined effects of a phosphatase and tensin homolog-induced kinase 1 (PINK1) mutation
and rotenone exposure by comparative metabolomics of central carbon metabolism,
acylcarnitine and polyunsaturated fatty acid metabolism. Neurons with PINK1 mutation or
rotenone exposure both revealed varying extents of metabolic disturbances in terms of
energy imbalance, mitochondrial respiratory impairment, oxidative stress and neuronal
inflammation. Moreover, rotenone negatively impacted antioxidant capacity. These
overlapping and compensating disturbances ultimately led to a broad metabolic
dysregulation in the mutation model and toxicant exposure. In addition, B-nicotinamide
adenine dinucleotide (NAD+) supplementation to the rotenone-treated PINK1-mutant
neurons improved the branched chain amino acid metabolism, resulting in increased energy
production. These results suggest that gene-environmental interactions contribute to the
complexity of neurodegeneration from a metabolic perspective. NAD+ supplementation for
the in vitro cellular PD model shows its limitations in ameliorating these disturbances.
Overall, our study provides valuable insights into a deeper understanding of parkinsonism
pathogenesis.
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Introduction

Parkinson’s disease (PD), a prevalent neurodegenerative disease in the aging population, is
characterized by severe motor symptoms and developing mental health problems [1]. As
the worldwide aging population grows and life expectancy increases, the continuously
increased prevalence and incidence of PD can pose a big challenge to global health and
economics [2]. PD is a complex and multifactorial disease, with genetic alterations,
environmental or occupational exposures and aging all playing a role [2,3].

Mutations in phosphatase and tensin homolog-induced kinase 1 (PINK1) have been
typically identified in familial early-onset PD cases [4], causing a failure of cellular
mitophagy to remove damaged mitochondria. Patients with this monogenic form of PD
were reported to have symptoms clinically identical to those of patients with sporadic forms
of PD [5,6]. PINK1 deficiency is associated with mitochondrial dysfunction, which is
regarded as a hallmark of PD. Elucidating the relevant molecular mechanisms could also
help to identify the key mechanism underlying the more prevalent sporadic PD [7]. Besides,
PINK1 deficiency was reported incapable to induce neuronal loss, which makes scientists
reconsider its role during neurodegeneration [8,9]. On the other hand, environmental toxins
have been identified that increase the risk of developing PD, such as pesticides paraquat or
rotenone [10]. Rotenone is a classic mitochondrial complex | inhibitor, inducing acute
parkinsonian syndrome [11]. Since mitochondrial defects are commonly found in genetic
and toxin perturbations, the role of genome-environment interactions becomes highly
interesting and generates a possible hypothesis that genetic deficiency involved in
mitochondrial-stress pathways could increase the susceptibility towards neurodegeneration
in response to environmental toxins [12,13]. Expanding the investigation of the mechanisms
from mono-cause to dual-cause intervention can gain more insights into the pathogenesis
of sporadic PD.

Complex interactions between genotype, lifestyle, environmental exposure, and drug
treatment result in diverse metabolic phenotypes in individuals, which fortunately can be
identified and quantified at the level of endogenous metabolites or exogenous small
molecules/metabolites [14]. Metabolomic technologies provide unique advantages in
systematic measurements of metabolic pathway alterations associated with diseased
conditions [15]. In order to probe into the PD pathogenesis mechanism, previous
metabolomics studies majorly focused on measuring brain tissues from toxin-induced PD
animal models (mouse, rat, goldfish, drosophila) and have revealed abnormal metabolic
activities in glycolysis, tricarboxylic acid cycle (TCA), amino acids metabolism,
nucleotides synthesis, fatty acids and lipids metabolism [16—21]. Few transgenic animal
models have been generated that are implemented for PD metabolomics investigation other
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than the alpha-synuclein transgenic mouse model [22,23]. A significant increase of
guanosine level was discovered in the aged PD-related alpha-synuclein A53T transgenic
mice, indicating a protective mechanism against neurodegeneration [23]. In-vitro cellular
models, especially the induced pluripotent stem cell (iPSC)-derived model, give more
flexibility in studying metabolomic perturbations caused by selective toxins or inhibitors
[24,25], or patient-specific gene deficiency [26]. However, limited metabolomics studies at
the cellular level have been carried out, and to our knowledge, there has been no report
showing the metabolomic profile of human iPSC-derived neurons with PINK1 deficiency,
let alone the interaction with toxin perturbations.

Mitochondria act as a major energy source for maintaining cellular functions and are highly
abundant in neurons to support their high-rate energy consumption. Dysfunctional
mitochondria are closely linked to disturbed metabolic energy homeostasis and play an
important role in neurodegeneration [27]. B-nicotinamide adenine dinucleotide (NAD+) is
an essential cofactor in cellular energy metabolism and is also a critical signaling pathway
regulator in cell survival and neuroprotection [28]. NAD+ depletion has been widely
reported in many PD-related animal and cellular models [29]. Current PD treatments are
primarily dopamine-based and symptomatic in order to improve motor outcomes. No
pharmacologic treatments for slowing or ameliorating neuronal degeneration are available.
The supplementation of NAD+ or its precursors has the potential to become a promising
therapeutic strategy [30,31].

In this study, we aimed first to identify metabolic dysregulations in the metabolome of
dopaminergic neurons, aroused by PINK1 mutation, rotenone toxicity, and their interactive
effects, and second, to assess the efficacy of NAD+ supplementation as a treatment for
reversing the aforementioned disturbed metabolic phenotypes. We performed targeted
metabolic profiling on the iPSC-derived mid-brain neuron models cultured from a PINK1-
mutant and its gene-corrected cell line and evaluated changes brought on by rotenone
treatment. Our results revealed systemic metabolic pathway alterations from glucose, amino
acid, nucleotide, acylcarnitine, and fatty acid metabolism related to neuronal energy failure
and oxidative stress. Moreover, for the first time, we showed how impaired mitochondrial
homeostasis in PINK1-mutant neurons responded to rotenone perturbation, which
contributes to a deeper understanding of potential PD pathogenesis mechanisms. In terms
of the identified disturbed metabolism, we further demonstrated the limited ability of NAD+
treatment in energy restoration for PINK1 parkinsonism, which provides valuable hints for
improving future potential therapies in ameliorating neuronal degeneration.

Materials and methods

1. Invitro cell culture
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Information on isogenic pairs of wild-type and mutant human neuroepithelial stem cell
(hNESC) lines from an early-onset PD patient with a PINK1-Q456X mutation can be found
in details in Table S1. The PINK1-mutant and its isogenic control hNESCs (cell line ID:
M826 and GC826) were maintained and generated into midbrain-specific dopaminergic
neurons by following an established protocol [32,33], with some adaptions mentioned in
the sections below. The same adaptions were also applied in our previous work [34].

1.1 N2B27 medium preparation

The culture medium, denoted N2B27 medium, was used as the basis to prepare both
maintenance and differentiation media. N2B27 was prepared by mixing 24 mL Neurobasal
medium (Life Technologies, USA), 24 mL of Dulbecco's Modified Eagle Medium: Nutrient
Mixture F-12 (DMEM/F12) medium (Life Technologies, USA) supplemented with 1%
penicillin and streptomycin (Life Technologies, USA), 0.5 mL of 200 mM L-glutamine
(Life Technologies, USA), 0.5 mL of B27 supplement without Vitamin A and 0.25 mL of
N2 supplement (Life Technologies, USA) to reach a total volume of 49.25 mL.

1.2 Plate coating and culture group design

New cell-culture treated 6/12-well plates (ThermoFisher scientific, USA) were coated with
1% Matrigel (Corning, USA, Catalogue number: Cat #354277) in 1000/600 uL of DMEM
(1X) medium supplemented with knockout serum replacement (ThermoFisher scientific,
USA). Four wells from 6-well plate were used for propagation of each cell line. Each cell
line was next cultured on 12-well plates in five conditions including control, dimethyl
sulfoxide (DMSO) control, rotenone treatment, NAD+ treatment, and combined treatment.
1.3 Cell seeding and maintenance

The medium to maintain the hNESC in culture, denoted maintenance medium, was based
on N2B27 medium with 0.5 uM purmorphamine (PMA, Enzo life sciences, USA), 3 uM
CHIR-99021 (Axon Medchem, The Netherlands) and 150 uM ascorbic acid (Sigma Aldrich,
USA\). Each cell line was propagated on 6-well plates till reaching 80-90% confluency and
enzymatically passaged with Accutase (ThermoFisher scientific, USA) onto precoated 12-
well plates. Recollected cells were seeded in six replicate wells per condition group on 12-
well plates. The cell seeding on 12-well plate was done by preparing 4x10° million cells/mL
in maintenance medium and adding 300 pL of this preparation together with another 300
uL of maintenance medium to reach 1.2x105 cells per well. The plate was incubated at 37 °C
and 5% CO, for 48 h.

1.4 Neuronal differentiation and maturation

The differentiation medium with PMA preparation to induce the differentiation of hNESC
towards midbrain dopaminergic neurons consisted of N2B27 medium with 200 uM ascorbic
acid, 0.01 ng/ pL brain-derived neurotropic factor (BDNF, Peprotech, USA), 0.01 ng/pL
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glial cell line-derived neurotrophic factor (GDNF, Peprotech, USA), 0.001 ng/uL
transforming growth factor beta-3 (TGFp-3, Peprotech, USA), 2.5 uM dibutyryl cyclic
adenosine monophosphate (dbcAMP) (Sigma Aldrich, USA) and 1 uM PMA.. This medium
preparation was completely replaced every 2 days during the next 6 days of culture in the
differentiation process. For the maturation of differentiated neurons, PMA is required to be
absent from the differentiation medium. This differentiation medium without PMA was
used from day 9 onwards and complete media replacement was done every 2 days for 2
weeks.

1.5 Neuron treatment with rotenone or NAD+

After 21 days of neuron differentiation and maturation, neurons in the rotenone group were
exposed to 400 nM rotenone (dissolved by DMSO) for 24 hours, and neurons in the NAD+
group were supplemented with 2 mM NAD+ for 24 hours. Neurons in the combined
treatment group were first treated with 400 nM rotenone for 24 hours. After that, neurons
were cultured for another 24 hours with medium containing 2 mM NAD+ to replace the
used rotenone medium. In the control group, the cells were given differentiation medium
containing no additional compound. In the DMSO control group, the cells were given
differentiation medium with the same amount of DMSO as in the rotenone treatment.

1.6 Cell and medium sample harvest

The spent medium was collected into a 1.5 mL Eppendorf tube. For cell quenching, 200 uL
of ice-cold 80% MeOH in water was used immediately after removing the spent medium
and washing with phosphate buffered saline (PBS, Gibco/Life Technologies, USA).
Quenched cell lysate was harvested into a new Eppendorf tube. All sample tubes were fast
frozen into liquid nitrogen and stored in the -80 °C freezer until LC-MS measurement.

2. Sample preparation and LC-MS measurement

Cell samples were lysed with sonication after one freeze-thaw cycle, vortexed and then
centrifuged at 16000 g 4 °C for 10 min. Cell pellets were collected for measuring the total
protein content later. Supernatants were transferred into clean 1.5 mL Eppendorf tubes and
evaporated to dryness in a Labcono SpeedVac (MO, United State). Each sample was
reconstituted with 75 pL ice cold methanol/water (80%/20%; v/v). 50 puL of the sample
reconstitution volume was collected and transferred into a new Eppendorf tube for polar
metabolome measurement. Next, 10 puL of the sample reconstitution volume was collected
and transferred into a new Eppendorf tube for acylcarnitine measurement. The remaining
volume per sample was pooled together as a quality control (QC) sample pool. In total, 10
QC samples with 50 uL were prepared for polar metabolome measurement, and 10 QC

samples with 10 uL were prepared for acylcarnitine metabolome measurement.
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Polar metabolome: Cell lysate samples aliquoted for polar metabolome measurement
followed a liquid-liquid extraction (LLE) method that was described in our previous work.
5 uL of polar ISTD solution was added into each sample, which was then followed with
LLE extraction by an ice-cold solvent mixed with methanol/water/chloroform. The final
upper phase was transferred into a new Eppendorf tube and taken to dryness. The residue
was reconstituted with 50 pL of ice-cold methanol/water (1:1 v/v). Finally, 45 pL of
reconstitution solution was transferred into an autosampler vial with glass insert for LC-MS
measurement [35].

Acylcarnitines: Cell lysate samples aliquoted for acylcarnitine measurement were
processed using a protein precipitation method. An ice-cold crash solvent was prepared by
mixing 20% acylcarnitine ISTD solution with 80% methanol solvent. 30 uL of the crash
solvent was added into each sample, which was then followed with vortexing for 10 mins,
centrifuging at 16000 rcf, 4 °C for 10 min. Finally, 35 uL of the supernatant was transferred
into an autosampler vial with glass insert for LC-MS measurement.

Signaling lipids: Medium samples aliquoted for signaling lipids measurement followed a
liquid-liquid extraction (LLE) method with minor adaptions that was also described in our
previous work [36]. Medium aliquots (100 uL) were thawed on ice, and then 10 uL
antioxidant  (0.2mg/ml  butylated hydroxytoluene (BHT) and 0.2 mg/ml
ethylenediaminetetraacetic acid (EDTA)) solution and 10 pL of signaling lipid ISTD
solution were added. Samples were briefly vortexed and then acidified with 100 uL of buffer
solution (0.2 M citric acid and 0.4 M disodium hydrogen phosphate buffer at pH 4.5). LLE
was accomplished by adding 800 uL of a butanol (BuOH)/methyl tert-butyl ether (MTBE)
(1:1 v/v) solution. Samples in Eppendorf tubes were settled on ice for 20 mins and
transferred in the bullet blender to mix for 4 minutes at the speed of level 8. After a
subsequent centrifugation at 16000 rcf, 4 °C for 10 min, 700 puL of the upper organic phase
was collected and taken to dryness. The residue was reconstituted with 50 pL of ice-cold
methanol/acetonitrile (7:3 v/v, with 100 nM CUDA). Finally, 45 uL of reconstitution
solution was transferred into an autosampler vial with glass insert for LC-MS measurement.
3. LC-MS measurement

Polar metabolome: Targeted 106 polar metabolites analyses was performed on a SCIEX
tripleTOF 5600 MS system (SCIEX, USA) coupled to a Waters Acquity UPLC Class II
(Waters, USA) equipped with a SeQuant® ZIC®-cHILIC HPLC column (2.1mm x 100 mm,
3.0 um, Merck, Germany). The LC-MS method followed a previously described method.
Mobile phase A consisted of 90% acetonitrile, 10% water with 5 mM ammonium formate,
and mobile phase B consisted of 10% acetonitrile, 90% water with 5 mM ammonium
formate. The injection volume was 3 pL. The flow rate was 0.5 mL/min and the gradient
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was as follows: 0 min-0% B, 2 min-15% B, 5 min-21% B, 7.5 min-26% B, from 10 to 11
min-40% B, from 11.5 to 18 min-0% B. Electrospray ionization (ESI) was operating at
negative ion mode. The following ion source parameters were applied, spray voltage 4.5 kV,
capillary temperature 400 °C, ion source gas 1 20 psi, ion source gas 2 50 psi, curtain gas
25 psi, CAD gas 7 psi [37].

Acylcarnitines: Targeted 50 acylcarnitine metabolites analyses was performed on a SCIEX
QTRAP 6500 MS system (SCIEX, USA) coupled to a Waters Acquity UPLC Class II
(Waters, USA) equipped with an AccQ-Tag™ Ultra C18 column (2.1mm x 100 mm, 1.7
um, Waters, USA). In the LC-MS method, mobile phase A consisted of water with 0.1%
formic acid, and mobile phase B consisted of acetonitrile with 0.1% formic acid. The
injection volume was 5 plL. Separations were performed at 60 °C at a flow rate of 0.7
mL/min using the following gradient: from 0 to 1.10 min-5% B, from 1.11 to 2 min-11% B,
8 min-70% B, from 8.01 to 9.01 min-100% B, from 9.20 to 11 min-5% B. Electrospray
ionization (ESI) was operating at positive ion mode, followed with a multiple reaction
monitoring detection method. The applied ion source and compound parameters were
shown below, spray voltage 4.5 kV, capillary temperature 350 °C, ion source gas 1 80 psi,
ion source gas 1 70 psi, curtain gas 20 psi, CAD gas -2 psi, CXP 10 V, DP 70 V, EP 10 V
[38].

Signaling lipids: Targeted 106 signaling lipid mediators were analyzed at low mobile phase
pH condition. The analyses was performed on a SCIEX Triple Quad™ 7500 MS system
(SCIEX, USA) coupled to a Shimadzu Nexera Prominence LC (Shimadzu, Japan) equipped
with an Acquity BEH C18 column (50 x 2.1 mm, 1.7 um; Waters, USA). In the LC-MS
method, mobile phase A consisted of water with 0.1% acetic acid, mobile phase B consisted
of a mixture of acetonitrile—-methanol (9:1, v/v) with 0.1% acetic acid, mobile phase C
consisted of isopropanol with 0.1% acetic acid. The injection volume was 5 pL. Separations
were performed at 40 °C at a flow rate of 0.7 mL/min using the following gradient: 20% B
and 1% C as starting conditions; changing to 85% B between 0.75 and 14 min and to 15%
C between 11 and 14 min; conditions held for 0.5 min prior to column re-equilibration at
the starting conditions from 14.8 to 16 min. Electrospray ionization (ESI) was operating at
both positive and negative ion mode, followed with a multiple reaction monitoring detection
method. The applied ion source parameters were, spray voltage 4.5 kV, capillary
temperature 600 °C, ion source gas 1 65 psi, ion source gas 2 65 psi, curtain gas 45 psi,
CAD gas 9 psi [36].

4. Immunofluorescence staining

At the end of differentiation stage, immunofluorescence staining was performed on the
matured neurons of each cell line, GC826 and M826. Cells were fixed using 4%
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formaldehyde in PBS for 20 min at room temperature. After removing the fixative, cells
were next permeabilized for 60 min at room temperature with 0.1% Triton X-100 and 10%
fetal calf serum (FCS) in PBS. The cells were washed once with PBS containing 1% FCS
and then incubated with the primary antibody solution overnight at 4°C. Next day, the cells
were washed three times with PBS containing 1% FCS, followed by incubation with
Hoechst (1:1000, 33342, Invitrogen, USA), and the secondary antibody solution at room
temperature for 1.5 hour, protected from light. The cells were finally washed three times
with PBS containing 1% FCS. Primary antibody solution was prepared by diluting mouse
anti-tubulin-BIII (1:500, Cat #801201, BiolLegend, USA) and rabbit anti-tyrosine
hydroxylase (1:500, Cat #abl112, Abcam, UK) in PBS containing 1% FCS. Secondary
antibody solution was prepared by diluting Alexa Fluor 568-conjugated goat anti-mouse
IgG (1:1000, Cat #A11031, Invitrogen, USA) and Alexa Fluor 488-conjugated goat anti-
rabbit 1gG (1:1000, Cat #A11008, Invitrogen, USA) in PBS containing 1% FCS. Images of
the stained cells were acquired using a EVOS™ FL Auto 2 Imaging System (ThermoFisher,
USA).

5. Rotenone-induced neuron viability assay

For the neuron viability assay, we started a new neuron culture in a 96-well plate after
propagation from 6-well plate culture. Neurons from each cell line were maintained and
differentiated by following the same protocol. Matured neurons received rotenone treatment
divided in different concentration groups, including 100, 200, 400, 800, 1000 and 4000 nM,
together with a control and DMSO-treated group. Treatment groups had three sample
replicates. After 24-hour incubation at 37 °C and 5% CO2, 10 uL of alamarBlue™ cell
viability reagent was directly added to cells in culture medium. The culture plate was then
incubated for 3 hours at 37 °C and 5% CO», also protected from direct light. The absorbance
was measured with a microplate reader Infinite M1000 (Tecan, Switzerland) at 570 nm
(detection wavelength) and 600 nm (reference wavelength).

6. Bicinchoninic acid (BCA) assay for protein quantitation

The BCA protein assay was performed on the collected cell pellets according to the
manufacturer’s protocol (Thermo Fisher Scientific, USA). 15 mL of radio-
immunoprecipitation-M (RIPA-M) assay buffer was prepared by mixing 1.5 mL of 500 mM
Tris (Sigma Aldrich, USA), 1.5 mL of 1500 mM sodium chloride (NaCl), 1.5 mL 10 mM
of EDTA, 0.1 mL 1 % IGEPAL CA-630 (Sigma Aldrich, USA), 30 pL protease Inhibitor
Cocktail (Sigma Aldrich, USA), and compensating with Milli-Q water. 10 mL of UREA-T
buffer was prepared by dissolving 4.8 g Urea with 500 pL of 1500 mM NaCl, 1 mL of 500
mM Tris, and Milli-Q water. 150 uL of ice-cold RIPA-M buffer was added to each sample
pellet, which was then followed with vortexing for 10 mins, centrifuging at 16000 rcf, 4 °C
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for 10 min. The supernatant was collected into a new Eppendorf tube. Subsequently, the
left-over pellet was resuspended in 75 pL of UREA-T buffer prior to vortexing, sonication
for 5 min, and centrifuging at 16000 rcf and 4 °C for 10 min. The resulting supernatant was
collected and combined with the previous supernatant. The final sample supernatant was
obtained after vortexing and centrifuging the supernatant mixture at 16000 rcf and 4 °C for
10 min. 25 pL of standard solution or sample supernatant was added in triplicates to wells
of three 96-wells plates and then added with 200 pL of working reagent in each well. The
plates were covered with aluminum foil and incubated at 37 °C for 30 min. The absorbance
was measured with a microplate reader Infinite M1000 (Tecan, Switzerland) at 562 nm
(detection wavelength). Protein content of each sample was quantified based on a standard
curve made from a series concentrations of bovine serum albumin.

7. Data processing and analysis

Metabolite peak integration was carried out using the SCIEX OS Analytics processing tool
(version 2.1.6). MzQuality (https://gitlab.com/lacdr-abs/mzqualr) was used to evaluate
intra-batch variations in which metabolites with a background signal over 40 % or a QC
relative standard deviation over 30 % were removed. The relative abundance of the
metabolite was represented with the peak area ratio of analyte to its internal standard. The
peak area ratio data was first corrected by the sample protein content and normalized using
probabilistic quotient method. For univariate analysis, normalized data was further treated
with cube-root transformation. For multivariate analysis, normalized data was further
processed with cube-root transformation and pareto scaling. Neuron viability assay obtained
the sample absorbance from measurement wavelength then normalized to the absorbance
from reference wavelength. The percentage of viable cells was then calculated using the
sample absorbance against the average absorbance in the control group.

Statistical analysis was performed in R programming software (version 3.6.2). An
independent two-tailed unpaired Student’s t test was performed to evaluate the statistical
difference between two treated groups, in which p-values below 0.05 were considered
statistically significant. A standard Benjamini-Hochberg method was applied to control the
false discovery rate for multiple hypothesis testing in the volcano analysis. Metabolites
found with statistical differences were visualized in heatmap, boxplot and correlation map
also implemented in R programming software (version 3.6.2).

Results

1. Mid-brain specific neuronal differentiation and its response to rotenone
neurotoxicity

A successful in vitro iPSC-derived neuron culture is a prerequisite for our follow-up metabolomics

investigation. Identification of neuron differentiation was performed at the end of the culture stage
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using optical microscopy observation and immunofluorescent staining (Figure 1A-C). Positive
expression of tubulin-pIII confirmed the differentiation of neurons, moreover, positive expression of
tyrosine hydroxylase confirmed the presence of dopaminergic neurons (Figure 1C). The effect of
rotenone concentration to induce neuronal stress but no significant neuronal death was first evaluated
in this study using the alamar blue assay. Treatment with rotenone for 24 h showed a concentration-
dependent decrease in the viability of mutant neurons in a visual rather than a statistical perspective
(Figure 1D). Following experiments used rotenone at a medium concentration of 400 nM because

there was no significant viability loss when compared to the no rotenone-treated control level.
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Figure 1. In vitro cell culture protocol overview, characterization of neuron differentiation, and
viability assay with rotenone exposure. A. Differentiation of human neuroepithelial stem cells
(hNESC) into midbrain-specific dopaminergic neurons. The media composition at the various stages
of cell culture were shown in the below boxes. B. Neuron colony morphology in the phase-contrast
microscopy image acquired on day 23, with a scale bar of 125 um. C. Immunofluorescence
characterization of isogenic PINK1-mutant (M826 cell line) and control (GC826 cell line) mature
neurons. Immunofluorescence staining of mutant and isogenic control neurons showed a large
percentage of tubulin-BIII expression, representing the presence of differentiated neuronal populations
(red), including a population of tyrosine hydroxylase (TH) dopaminergic neurons (green), and nuclei
were identified with hoechst (blue). A merged image of nuclei, tubulin-BIIT and TH stains was shown
at the bottom, with a scale bar of 125 um. D. Cell viability quantification for PINK1-mutant neurons
with 24-hour exposure to rotenone in a range from 100 nM to 4000 nM. Data represent means + SE
of three independent experiments, *p < 0.05, ns: no significant difference.

2. Metabolic disturbance in control and PINK1-mutant neurons influenced by
rotenone
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To characterize the individual effect of rotenone exposure or PINK1 mutation, and most
importantly their joint impact on dopaminergic neuron metabolism, a combination of
multiple analytical platforms was adopted to achieve a broad metabolome coverage.
Targeted metabolomics analysis was performed on cell and medium samples from isogenic
control groups (control/control_DMSO), a rotenone-treated control group (Rotenone), a
PINK1-mutant group (PINK1) and a rotenone-treated PINK1-mutant group
(PINK1_Rotenone). Heatmap visualization of individual metabolites was computed based
on the relative metabolite abundance change respectively caused by rotenone exposure
(Rotenone versus control_DMSO), PINK1 mutation (PINK1 versus control), or the
combined influence of rotenone & PINK1 mutation (PINK1_Rotenone versus
control_DMSO).

2.1. Central carbon metabolism

The metabolite changes were projected onto the central carbon metabolism pathways,
including pathway of glycolysis, pentose phosphate pathway, tricarboxylic acid (TCA)
cycle, amino acid metabolism and the connected purine & pyrimidine metabolism (Figure
2).

Lactate (LAC), as a final product of glycolysis, had significantly higher abundance in the
rotenone-treated control group, PINK1-mutant group and rotenone-treated PINK1-mutant
group than in the control group, suggesting an overall active glycolytic activity with either
toxin or mutation influence. Significantly decreased phosphoenolpyruvate (PEP) and
increased pyruvate (PYR) were also detected in the PINK1-mutant group. In contrast,
increased PEP and decreased PYR were detected in the rotenone-treated control group. The
fact that lactate accumulated more in the rotenone-treated group than in the PINK1-mutant
group, along with the change of lactate's precursor, showed that the levels of rotenone and
the PINK1 mutation's effects on active glycolysis were different, and the mutation influence
was relatively minor. The other intermediate metabolites also showed interesting changes,
giving a hint of the relevant enzymatic activities. The rate-limiting enzyme
phosphofructokinase (PFK) can change fructose-6-phosphate (F6P) into fructose-1,6-
phosphate (FDP). The precursor metabolites of F6P, particularly glucose-6-phosphate
(G6P), showed a significant decrease, while the downstream metabolites of FDP,
dihydroxyacetone phosphate (DHAP), glyceraldehyde 3-phosphate (G3P) showed a
significant increase. The results showed an activated PFK enzymatic activity induced by
either rotenone exposure or PINK1 mutation. The PINK1-mutant group showed its
susceptibility to rotenone exposure reflected in the decreased level of ribose-5-phosphate
(R5P), as an important intermediate metabolite of the pentose phosphate pathway. In
addition, the ratio plot of NADPH/NADP+ in Figure 3 showed a significant decrease in
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both rotenone-treated control/PINK1 mutant groups, further indicating an inhibitory role of
rotenone on pentose phosphate pathway activity.

Opposite to the accumulation of lactate, the metabolic flux from pyruvate into acetyl
coenzyme A (Acetyl-CoA) was found to be significantly decreased in both rotenone-treated
control/PINK1 mutant groups. Acetyl-CoA functions as an entry into the tricarboxylic acid
cycle (TCA cycle), and its decreased abundance also resulted in a decreased level of cis-
aconitate (cis-ACO), a-ketoglutarate (aKG), succinate (SUC) in rotenone-treated control
group. Decreased cis-ACO level was also observed in PINK1-mutant group, suggesting a
reduced Acetyl-CoA oxidation in mitochondria. However, the levels of aKG, SUC,
fumarate (FUM) and malate (MAL) significantly increased in the PINK1-mutant group.
Moreover, an elevated aKG level was still maintained under the combined influence of
rotenone&PINK1 mutation (Figure S1). We also found a significant decrease in the level
of glutamine (GLN), glutamate (GLU), and its derived y-aminobutyrate (GABA) in both
rotenone-treated control/PINK1-mutant groups. Further, by looking at the ratio plot (Figure
3), the ratio of aKG/GLU showed a significant increase in the PINK 1-mutant neurons and
as well as in the rotenone-treated PINK1-mutant groups. These results might explain the
abnormal TCA cycle in PINK1-mutant neurons was caused by an increased nutrient fueling
from glutamine except glucose in response to the diversion of pyruvate towards lactate.
Compared to control group, all groups showed a significant energy reduction, reflected in
the levels of ATP, UTP, GTP and CTP. Significantly elevated levels in AMP, GMP were
also observed within the purine & pyrimidine metabolism. Additionally, with PINK1
mutation or rotenone exposure, elevated levels of nucleosides like guanosine, inosine,
adenosine, uridine, and hypoxanthine were partially detected (Figure 2). Taken together,
the disturbed neuron is more prone to degrade nucleotides than produce them by de novo
synthesis due to inhibition of the pentose phosphate pathway. Strikingly, the NADH/NAD
ratio increased more noticeably in the rotenone-treated control/PINK1-mutant groups than
in the PINK1-mutant group alone. Overall, rotenone-treated neurons exhibited a very active
glycolytic activity and nucleotide degradation, but low pentose phosphate pathway activity
and TCA cycle metabolism with potentially inhibited aconitase (ACO2). PINK1-mutant
neurons showed an active glycolytic activity, nucleotide degradation and disturbed TCA
cycle metabolism with potentially inhibited ACO2. Furthermore, PINK1-mutant neurons
showed its high sensitivity to rotenone exposure, resulting in similar metabolome alterations
to mere rotenone perturbation. In addition to the major metabolome alterations found in
central carbon metabolism, other amino acid changes are also interesting, such as an
increased kynurenine level found in the rotenone-treated control group while a decreased
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level found in the PINK1 mutant neuron, an increased tyrosine level found in rotenone-
treated PINK1-mutant neurons.
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Figure 2. The metabolite alterations within central carbon metabolism, related amino acid and purine
& pyrimidine metabolism, which were aroused by rotenone exposure, PINK mutation, or the
combined influence of rotenone&PINK1 mutation. The resultant relative changes of each metabolites
in the relevant experimental groups compared to its control group (1: rotenone-treated control group
versus control_DMSO group; 2: PINK1-mutant group versus control group; 3: rotenone-treated
PINK1-mutant group versus control_DMSO group.) were represented in a single heatmap by order
from left to right. Increased or decreased change, which was calculated by the log2 fold change
between the perturbed group versus the control group, was represented in red color or blue color
respectively. Significant difference between group comparison was marked by an asterisk*. PFK:
phosphofructokinase; PDH: Pyruvate dehydrogenase; PC: pyruvate carboxylase; SDH: succinate
dehydrogenase; ACO2: aconitase.
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Figure 3. Box plot for showing the metabolite level of ATP, AMP, ribose-5-p, NADH, NAD+ and
metabolite ratio level of ATP/AMP, NADPH/NADP+, aKG/GLU, NADH/NAD+ in control groups
(control and control_DMSO), rotenone-treated control group (Rotenone), PINK1-mutant group
(PINK1) and rotenone-treated PINK1-mutant group (PINKZ1_Rotenone). Significant difference
between group comparison was marked by * (p < 0.05), ** (p < 0.01), *** (p < 0.001). No significant
difference was marked by NS.

2.2. Acylcarnitine metabolism

When the glucose-derived energy production is limited, it might trigger neurons to utilize
energy supplementation through fatty acid oxidation, which provides the electron donors to
feed into the electron transport chain, powering oxidative phosphorylation and maintaining
energy homeostasis [39,40]. Carnitine works as a free shuttle by forming into acylcarnitine
substrates to assist long-chain fatty acid transport into mitochondria, while medium-chain
fatty acid can directly permeate the inner mitochondrial membrane, as illustrated in Figure
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4A. To understand more energy substrates and their linked effect to energy metabolism in
PD, we also investigated the profile of acylcarnitines in all experimental groups. In total,
we found 2 long-chain acylcarnitines (LCAC), 8 short-chain acylcarnitines (SCAC) that
showed significant differences under the influence of rotenone or PINK1 mutation. Figure
4B showed an increased level of linoleoyl-carnitine (C18:2-carnitine) observed in rotenone-
treated control/PINK1-mutant groups, and increased level of oleoyl-carnitine (C18:1-
carnitine) in the PINK1-mutant group and rotenone-treated control/PINK1-mutant groups.
However, a decreased free carnitine was only observed in PINK1-mutant group. Malonyl-
CoA is a well-known inhibitor of carnitine palmitoyltransferase | (CPT1) [41]. Increased
level of malonyl-carnitine (C3:1-20H-carnitine) was observed along with rotenone
exposure. To different extent, all the observed alterations showed an impaired capacity for
long-chain fatty acid oxidation with either toxin or mutation influence. On the other hand,
we found increased butyryl-carnitine (C4-carnitine) and acetyl-carnitine (C2-carnitine) with
toxin or mutation influence. To compensate for the energy deficiency, neurons might have
an active medium-chain fatty acid oxidation, forming into increased SCACs. Other
intermediate SCACs with odd carbon atoms, such as isovaleryl-carnitine (C4-3M-carnitine),
2-methylbutyryl-carnitine (C4-2M-carnitine), propionyl-carnitine (C3-carnitine), tiglyl-
carnitine (C5:1-carnitine), methyl-malonyl-carnitine (C3-DC-M-carnitine) are products
derived from branched chain amino acid metabolism. As another nutrient fueling to TCA
cycle, branched chain amino acids (leucine, isoleucine and valine) provide carbons to
support forming into products of acetyl-CoA and succinate. A significant decreased levels
of these SCACs suggested less utilization of branched chain amino acids for energy
production (Figure 4C) [42].
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Figure 4. Metabolic disturbances associated with acylcarnitine metabolism in control and PINK1
mutant neurons influenced by rotenone. A. Illustration of mitochondrial fatty acid p-oxidation in
neurons. CPT1: carnitine palmitoyltransferase I; CPT2: carnitine palmitoyltransferase 11; CACT:
carnitine-acylcarnitine translocase. B. Metabolite heatmap showing the relative changes of linoleoyl-
carnitine (C18:2-carnitine), oleoyl-carnitine (C18:1-carnitine), malonyl-carnitine (C3:1-20H-
carnitine), butyryl-carnitine (C4-carnitine) and acetyl-carnitine (C2-carnitine) in three experimental
groups compared to the control group (1: rotenone-treated control group versus control_DMSO group;
2: PINK1-mutant group versus control group; 3: rotenone-treated PINK1-mutant group versus
control_DMSO group.). C. Metabolite heatmap showing the relative change of isovaleryl-carnitine
(C4-3M-carnitine), 2-methylbutyryl-carnitine (C4-2M-carnitine), propionyl-carnitine (C3-carnitine),
tiglyl-carnitine  (C5:1-carnitine), methyl-malonyl-carnitine  (C3-DC-M-carnitine) in three
experimental groups compared to the control group. Increased or decreased change, which was
calculated by the log. fold change between the perturbed group versus the control group, was
represented in red color or blue color respectively. Significant difference between group comparison
was marked by an asterisk*.

3.2.3. Signaling lipid mediators

More than energy balance, fatty acids also play distinct roles in neuroinflammatory
regulation, especially poly unsaturated fatty acids (PUFA) and their bioactive eicosanoid
and docosanoid metabolites [43]. To investigate further into alterations associated with
neuroinflammation in the situation of energy deficiency, we examined PUFAs and signaling
lipid mediators secreted into medium samples from all experimental groups. Figure 5A
showed an illustrated pathway for the lipid mediators' derivation from the turnover of
membrane phospholipids. Among 40 metabolites detected, Figure 5B depicts the metabolite
differences observed for PUFAs-n3, PUFAs-n6, PUFAs-n9 and their derived 10 lipid
mediators. In the free PUFA group, gamma-linolenic acid (GLA, C18:3, n6), arachidonic
acid (AA, C20:4, n6), eicosapentaenoic acid (EPA, C20:5, n3) showed significant increased
levels in not only in individual-factor but also in joint-factor group. Interestingly,
significantly decreased adrenic acid (AdA, C22:4, n6), docosapentaenoic acid (DPA, C22:5,
n6) and increased docosahexaenoic acid (DHA, C22:6, n3) was shown in the PINK1-mutant
group. In contrast, the opposite expression of DPA was shown in the rotenone-treated
control group. Several signaling lipid mediators were detected with significant alterations
from enzymatic-oxidation of linoleic acid (LA, C18:2, n6), AA, EPA and DHA via
cytochrome P450 (CYP), cyclooxygenase (COX), lipoxygenase (LOX) or auto-oxidation.
A ratio plot can better explain the oxidative metabolism. As can be seen in Figure 6, an
increased trend in the ratios of 9,10,13-TriHOME/LA, 9,12,13-TriHOME/LA and 13-
HODE/LA, while a decreased level in the ratio of 16-HDoHE/DHA were observed in
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individual-factor and joint-factor group. The results suggested an active LOX- and COX-
mediated oxidation of LA compared to an inactive DHA oxidation. On the other hand,
decreased ratio of 14,15-DiHETrE/AA, 14,15-DIHETE/EPA, 5-HEPE/EPA and 9-
HEPE/EPA was only found in rotenone-treated control/PINK1-mutated groups. By
analyzing the oxidative stress in neurons with the indicators of glutathione (GSH) and
ascorbic acid, we found a similar expression pattern, especially for the rotenone-treated
control/PINK1-mutant groups. A correlation analysis between lipid mediators and
antioxidant markers (GSH, ascorbic acid, NADPH/NADP+) further explored the
relationship between oxidative stress and PUFA oxidations (Figure 7). We found a strong
positive correlation of antioxidants to AA-, EPA- and DHA-derived oxylipins, while a
strong negative correlation to LA-derived oxylipins. Decrease in antioxidants indicates an
increased oxidative stress, which may cause an overactive peroxidation of LA in
comparison to the other PUFAs.

A. Extracellular medium B.
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Figure 5. Metabolic disturbances associated with poly unsaturated fatty acid (PUFA) metabolism in
control and PINK1 mutant neurons influenced by rotenone. A. An illustration of the production of
free PUFAs in neurons from membrane phospholipids upon stimulation of the enzyme phospholipase
A (PLA) by oxidative stress. Three main enzymatic pathways are responsible for the formation of
eicosanoid and docosanoid metabolites, involving cyclooxygenases (COXs), lipoxygenases (LOXs),
and epoxygenases of the cytochrome P-450 family (CYPs). ROS: reactive oxygen species. B.
Metabolite heatmap showing the relative change of PUFAs and their derived lipid mediators in three
experimental groups compared to the control group (1: rotenone-treated control group versus
control_DMSO group; 2: PINK1-mutant group versus control group; 3: rotenone-treated PINK1-

mutant group versus control_DMSO group.). Increased or decreased change, which was calculated
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by the logz fold change between the perturbed group versus the control group, was represented in red
color or blue color respectively. Significant differences between group comparisons were marked by

an asterisk*.

9,10,13-TriHOME/LA 9,12,13-TriHOMEI/LA 13-HODE/LA
e 08
© 12 oM °
/4 < 2
] NS. 3 —r— 8 _—
s ©1.07 807
§10 ki K
& = ! = ! =
5 s 5
3 509 B
809 S 206 %I
g | _ o g = g
el =— = 08 =0 =3 @
o5 EE
control PINK1 control PINK1 control PINK1
control DMSO Rotenone PINK1 ROtEHOHE control DMSO Rotenone PINK1 Retanoie control DMSO Rotenone PINK1 Rotencig
14,15-DiHETrE/AA 14,15-DiIHETE/EPA 12-HEPE/EPA
NS
05 NS, e
NS 51 . 07
go7 ) e e NS
i B 2
g —_— % g ‘;—_?‘ g
5o § 04 @ 506
x x x
T U= i 3 a<
505 5 5
= = 505
8 = | fo3 B= |3
204 - £
(S o o 04
0.27
03 == o =
control PINK1 control PINK1 control PINK1
control DMSO Rotenone PINK1 Eaa— control DMSO Rotenone PINK1 Rotenois control DMSO Rotenone PINK1 ROSHGHS
5-HEPE/EPA 9-HEPE/EPA 16-HDoOHE/DHA
NS. NS. =
0.60+ - 07
S o ° "
@ 0.551 g —_— @ g
5 5 5
S § 061 ] =
2 0501 g™ == 307
E s 5
8 0451 8 8
8 ] Bo6
3 3051 So
= = ==
control PINK1 control PINK1 control PINK1
control DMSO Rotenone PINK1 Roténione control DMSO Rotenone PINK1 Roténohe control DMSO Rotenone PINK1 Rotenione
C20:3 (n9)/C18:1 (n9) Ascorbic.acid Glutathione
= 154
= NS NS
2 -
kS © == = = © 3
524 g g = = —
: o L 2 =
k] 4 g
8 s 5
520 2 2,
= g 8
g 2 =
2 305 . 3
B =
94% —_—
= = 1

control PINK1 control PINK1 control PINK1
control DMSO Rotenone PINK1 Rotenone control DMSO Rotenone PINK1 Rotenone control DMSO Rotenone PINK1 Rotenone

Figure 6. Metabolite ratio changes representing PUFA oxidation, antioxidant metabolite changes in
control and PINK1 mutant neurons influenced by rotenone. Box plot for showing the metabolite ratio

levels associated with PUFA metabolism in control groups (control and control_DMSO), rotenone-
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treated control group (Rotenone), PINK1-mutant group (PINK1) and rotenone-treated PINK1-mutant
group (PINK1_Rotenone). Significant difference between group comparison was marked by * (p <
0.05), ** (p < 0.01), *** (p < 0.001). No significant difference was marked by NS.
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Figure 7. The correlation heatmap represents pairwise Pearson correlations between the metabolite
features from (Figure 6) across all the experimental and control groups. The circle size is proportional
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of the correlation. Green indicates a positive correlation, while purple reveals a negative correlation.
A darker color indicates a higher degree of positive or negative correlation.

3. Metabolic profiling for showing energy restoration by NAD+ treatment

NAD-+ is reported as an energy supplementing molecule that has been implemented as a PD
treatment in many clinical trials so far [44]. To investigate the impact of NAD+ treatment
on our neurodegenerative models caused by PINK1 mutation or joint factors, we further
examined metabolite changes of the energy, acylcarnitines and signaling lipids metabolism
in the NAD-treated neurons. In the partial least squares-discriminant analysis (PLS-DA)
(Figure 8A), the set of control/control_DMSO, control_rotenone  and
control_rotenone_NAD groups showed clear separations, similarly,
PINK1/PINK1_DMSO/PINK1_NAD, PINK1 rotenone and PINKZ1_rotenone_ NAD
groups also revealed clear separations. The rotenone-treated control/PINK1-mutant groups
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greatly differed from the control groups. Interestingly, their NAD+-treated groups colored
in red and grey respectively showed a shift towards their correspondent control groups. The
PINKZ1_NAD group hardly showed separation from the PINK1 group. Based on the volcano
analysis between PINK1_NAD and PINK1 group, only one metabolite, hypoxanthine, was
found as increased after treatment (Figure 8B). While totally 53 metabolites were found as
changed after treating the control_rotenone group. (Figure 8C, Table S5), and 29
metabolites were found to be changed after treating the PINKZ1_rotenone group (Figure 8D,
Table S5). 18 metabolites were found commonly changed in both control_rotenone_ NAD
group and PINKZ1_rotenone_NAD group.

To figure out whether the above found metabolite changes were caused by a positive
treatment effect or side effect by NAD+, we next performed a heatmap analysis for these
18 metabolites in the context also including control groups of control/control_DMSO and
PINK1/PINK1_DMSO. As shown in Figure 8E, the level of sorbitol, lactate, AMP,
malonylcarnitine, 9,12,13-triHOME, 9,10,13-triHOME and 13-HODE reduced
significantly in the NAD+ treated-groups, as well as towards the control group level. On
the other hand, ascorbic acid, cis-aconitate, NAD+, propionylcarnitine, tiglylcarnitine,
isovalerylcarnitine, 2-methylbutyroylcarnitine, 14,15-diHETE and 14,15-diHETYE were
found increased significantly, also close to the control group level. In addition, ratio box
plots in Figure S2 clearly depicted changed LA oxidation and AA oxidation after NAD+
treatment, as shown in the decreased level of 9,10,13-TriHOME/LA, 9,12,13-
TriHOME/LA and 13-HODE/LA and increased level of 14,15-DiHETrE/AA. The heatmap
results suggested NAD+ supplementation causes a downregulated glycolytic activity,
upregulated branched chain amino acid metabolism and altered fatty acid oxidation. An
activated oxidative phosphorylation in mitochondria can be further indicated by the elevated
levels of ATP/AMP, GTP/GMP and decreased level of NADH/NAD+ observed upon
NAD+ treatment for rotenone-treated group (Figure 9). Nevertheless, continuously
increased IMP and AA (C20:4, n6) in response to NAD+ supplementation and a decreased
level in the ratio of NADPH/NADP+ in NAD+-treated PINK1 mutant group might indicate
a potential side effect.

A second heatmap analysis was made for those unique metabolites only found to be changed
in the PINK1_rotenone_NAD group (Figure 8F). Leucine, betaine, valine, tyrosine,
adenosine, oleic acid (C18:1, n9) and 12-HEPE decreased significantly, changing towards
the control PINK1/PINK1_DMSO group level, while NADP+, mead acid (MA, C20:3, n9),
dihomo-gamma-linolenic acid (DGLA, C20:3, n6) and DPA (C22:5, n6) were found
increased significantly, but further away from the control level. An increased utilization of
branched chain amino acids matched the aforementioned discovery. However, the results
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of a further decreased oxidation of EPA into 12-HEPE/5-HEPE and a further increased MA
metabolism were unexpected (Figure S2).
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Figure 8. Impacts of NAD+ treatment on cellular metabolome in control and PINK1 mutant neurons
influenced by rotenone. A. PLS-DA score plot reflecting statistical separation between all perturbation,
treatment and control groups. B-D. Volcano plot analysis between PINK1_NAD and PINK1groups

78



Metabolic dysfunction in neurons with PINK 1 mutation and rotenone exposure

(B), control_rotenone_NAD and control_rotenone groups (C), PINKZ1_rotenone_NAD and
PINK1_rotenone groups (D) revealing metabolite features increased and decreased by p-value and
fold change analysis. Horizontal dashed lines indicate the cutoff p-value of 0.05. Metabolite features
marked in red dot represent an increased level, metabolite features marked in bule dot represent a
decreased level, and metabolite features marked in grey dot represent no significant difference. E, F.
Heatmap profiling for metabolites that were commonly regulated in both NAD+-treated
control_rotenone group and PINK1_rotenone group (E), and metabolite that were uniquely regulated
in NAD+-treated PINK1_rotenone group (F).
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Figure 9. Box plot for showing NAD+ treatment regulation on the metabolite ratio level of ATP/AMP,
GTP/GMP, NADH/NAD+ and NADPH/NADP+ for rotenone-treated control group (Rotenone),
PINK1-mutant group (PINK1) and rotenone-treated PINK1-mutant group (PINKZ_rotenone).
Significant differences between groups were marked by * (p < 0.05), ** (p < 0.01), *** (p < 0.001).
No significant difference was marked by NS.
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Discussion

To date, very few studies were carried out on the human iPSC-derived PD-associated
neuron model combined with metabolomic analysis to investigate neurodegenerative
metabolism linked to multifactorial etiology. Our study reports the selective metabolomics
regulation of human iPSC-derived mid-brain neurons caused by PINK1 mutation,
mitochondrial complex | inhibitor (rotenone), and their joint influence. In addition,
treatment efficiency via NAD+ supplementation was evaluated against in vitro cellular
models of mono- and dual-cause interventions. We found similar metabolic dysregulation
caused by rotenone and PINK1 mutation seen in reduced energy production and impaired
redox balance, as well as differences regarding impaired mitochondrial respiration, anti-
oxidative response and neuroinflammation. Neurons with inherent PINK1 mutation showed
susceptibility to rotenone stimulation, resulting in more complicated neurodegenerative
metabolism. Additionally, they showed insensitive response to NAD+ treatment.
Considering the common and divergent alterations in metabolic pathways for the rotenone-
caused and mutation-caused PD model, dual-cause interventions may play an important role
in sporadic PD pathogenesis and might serve as a new strategy for in-vitro drug screening.
Energy imbalance has been regarded as a central cause leading to the progression of
neurodegeneration and subsequent neuronal death in the brain substantia nigra region [45].
Reflected in the intracellular ATP level from our study, rotenone caused a much more
severe and acute shutdown of energy production after 24 h, whereas PINK1 mutation
exhibited a long-term and chronic energy deficiency. A high NADH/NAD+ ratio can
activate pyruvate dehydrogenase kinase (PDK), leading to inhibitory phosphorylation of
PDH [46]. Thus, the overall energy supply crisis can be associated with reduced acetyl-CoA
utilization in the TCA cycle and an alternation towards upregulated glycolysis. Moreover,
the energy deficiency failed to be compensated through branch chain amino acid
metabolism and long-chain fatty acid oxidation. Medium-chain fatty acid oxidation might
be upregulated for energy supplementation, however, accumulation of acetylcarnitine
ultimately reflected its restricted utilization into TCA cycle.

Interestingly, TCA cycle intermediates showed complex disturbances in PINK1 mutation
and rotenone-based model. Impaired mitochondrial respiration was revealed by the
significantly reduced level found in cis-aconitate, which is a key TCA intermediate
converted from citrate by an enzyme of aconitase. Several studies have reported a reduced
aconitase activity linking to PINK1 mutation within the striatum of mice, midbrain-specific
dopaminergic neurons [47,48]. Our results also found accumulation of several TCA
metabolites associated with PINK1 mutation. Accumulated o-ketoglutarate, succinate,
fumarate and malate could be fueled by glutamine metabolism in response to the diversion
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of pyruvate towards lactate. Similar results were also reported in human iPSC-derived
neurons with parkin deficiency, confirmed with 3C-labeled glucose tracing [26]. Besides,
an active pyruvate carboxylase through malic enzyme might be triggered by the inhibited
PDH activity, which resulted in an elevated level of malate in PINK1-mutant neuron [49].
However, the impact of rotenone completely eliminated the elevated TCA activity in
PINK1-mutant neurons (Figure S1). Rotenone is a classic mitochondrial complex I inhibitor
that can block the oxidation of NADH to NAD+ [50]. To be noted, significantly increased
NADH/NAD+ ratio levels were observed in both PINK-mutated and rotenone-treated
neurons, though the rotenone effect was more pronounced than the PINK1 mutation (Figure
3). The mitochondrial complex 11, also known as succinate dehydrogenase (SDH), catalyzes
the oxidation of succinate to fumarate with transferring electrons to the respiratory chain
ubiquinone pool [51]. In our study, the increased level of succinate, leading to a consequent
decreased ratio of fumarate to succinate, was only observed in the PINK1 mutation-based
model, but not in our rotenone-induced neuronal model. Gautier et.al reported a defective
functional capacity on mitochondrial complex | and 1l in PINK1 knockout mice model [47].
Our metabolomics results supported the evidence of complex Il deficiencies other than
complex | associated with PINK1-mutation in neuronal model. It will be important to better
elucidate the mechanism of impaired respiration in both familial and sporadic Parkinson’s
Disease [52].

The comprehensive metabolic changes measured in energy metabolism subsystems
(glycolysis, pentose phosphate pathway, acylcarnitines, and the tricarboxylic cycle,
mitochondrial oxidative phosphorylation) strongly explained a mitochondria dysfunction in
both rotenone-caused and PINK1 mutation-caused PD neuronal models. Along with
impaired mitochondrial respiration, complex | inhibitors also provoke excessive reactive
oxygen species (ROS) production [53,54]. Defective antioxidant defense has been reported
in many rotenone-induced PD models and leads to severe oxidative damage consequences
[55,56]. Our data showed consistent reduced antioxidant levels of glutathione (GSH),
ascorbic acid and NADPH/NADP+ ratio in the rotenone-affected neuron models, but not in
the PINK1 mutant neuronal model. In another study, Testa et.al reported significant
increases in oxygen-based free radicals were only observable by a moderate complex |
inhibition [57]. Therefore, we believe the effect of PINK1 mutation on complex | inhibition
is insufficient to induce severe damage to antioxidant defense. However, the influence of
oxidative damage still remained, as supported by the changes found in PUFAs and its
oxidized mediators (Figure 5), which could be related to lipid peroxidation shown in both
rotenone-caused and PINK1 mutation-caused PD neuronal model. On the one hand, more
PUFAs were released from cell membranes through activated phospholipases, as shown in
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the significantly increased PUFAs-n3 (GLA, AA) and PUFAs-n6 (EPA). On the other hand,
we also observed an increased 13-HODE, which is a reduced hydroxide generated
immediately after free-radical-mediated LA oxidation via LOX enzyme and is known for
inducing strong pro-inflammatory regulation [58]. In comparison to the overactive
peroxidation of LA, the oxidation of other PUFAs (AA, EPA and DHA) generally exhibited
a decreased activity in any rotenone-influenced models. Emerging data has demonstrated
the beneficial role of 14,15-DIiHETYE, an AA-derived oxylipin, in the activation of
peroxisome proliferator-activated receptors and exerting anti-inflammatory effects [59,60].
Besides, omega-3 PUFA-derived hydroxy (HEPEs, HDoHESs) and dihydroxy oxylipins
(DIHETEs) all showed consistently reduced levels in rotenone-influenced models.
Eicosanoids derived from omega-3 PUFA generally have anti-inflammatory effects [61,62].
A recent study demonstrated the ability of EPA/DHA-derived lipid mediators to prevent the
reduction in neurogenesis and the increase in neuronal apoptosis and in inflammatory
transcription factors induced by pro-inflammatory cytokines [63]. Taken together with our
study, these lines of evidence suggest a robust anti-inflammatory and neuroprotective
system in the PINK1-mutant model, but a rather severely disturbed system caused by
rotenone.

From the metabolomic perspective, NAD+ supplementation showed almost no effect on the
PINK1 mutant model but wide ameliorations on metabolic dysregulation caused by
rotenone toxicity. The mildly boosted mitochondrial biogenesis can be explained by the
activated energy compensatory routes through branch chain amino acid metabolism and
long-chain fatty acid oxidation, as NAD+ is required by both processes as a key cofactor. It
also showed ameliorations in the rotenone-induced inflammatory response from pro-
inflammatory towards anti-inflammatory. Apart from this, the dual-cause model manifested
more unexpected side effects in the PUFAs metabolism, such as decreased EPA-derived
HEPEs, increased omega-6 PUFAs and increased oleic acid metabolism into mead acid. To
be noted, mead acid is a classic marker for essential fatty acid deficiency in mammalian cell
culture [64]. Its presence also suggests an abnormal cell membrane with inadequate supply
of AA and DHA, and has the potential consequences of loss of integrity and increased risk
of rupture [65]. These unexpected changes can be likely associated with the PINK1
mutation. Overall, the evaluation of NAD treatment proves to have a limited rescuing ability
in retrieving energy failure caused by complex I inhibition, but not effective for PINK1
mutant neurons. However, our study has its limitations in exploring NAD+ treatment effect
only within a 24-hour time range rather than a long-term effect. Future studies can explore
the potential prevention benefits for boosting the capacity of neuron against toxin
intervention via long-term NAD+ or other NAD+ precursor supplementation, such as niacin
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[66], nicotinamide riboside [67]. In addition, this study was performed based on the PINK1
mutant and gene-corrected hNESC cell lines derived from one patient. A large study
involving multiple patients should be performed to validate current discoveries.
Conclusions

In summary, our study elucidated a comprehensive picture of metabolomic dysregulation
in an in vitro iPSC-derived neuronal model of PD represented by the PINK1 mutation,
mitochondrial complex | inhibitor (rotenone), and joint-factor intervention. Based on the
characteristic changes related to energy metabolism and oxidative stress, we clearly address
the molecular mechanism of mitochondrial dysfunction in the pathogenesis of PD.
Especially with the distinct responses in neuronal antioxidation and inflammation aroused
by genome or environmental toxin intervention, the complexity of sporadic PD is further
revealed. These findings further support a rising hypothesis, that endogenous PINK1
mutation interacting with exogenous stress can result in converged pathogenetic pathway
changes towards parkinsonism. Discoveries in the disturbed pathway changes can help
explore more potential therapeutic targets. Moreover, our study targeted the energy decline
reflected in the decreased NAD+ level. For the first time, our findings showed that
supplementing NAD+ ameliorated rotenone-related energy defects, but had no effect in the
case of PINK1 mutation. Instead, it brought unexpected PUFA dysregulation to the dual-
factor group. Future improvements can still be made in regards of utilizing the stable-
isotope labeling technique for tracing interesting pathways in order to gain more accurate
insights on metabolic flux regulation at a dynamic level.
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Supplementary Materials

Table S1. Basic information of the control and diseased neural stem cell lines derived from

two isogenic iPSC lines

Cell line ID Cell type Genotype Study ID Clinical diagnosis
GC826 neural stemcell ~ PINKZ, wt/wt Control (PINK1 gene n/a
corrected)
M826 neural stemcell ~ PINK1, PINK1 mutant affected with Parkinson's
Q456X/Q456X disease

Table S2. Detected polar metabolites with ChEBI identifier, retention time and corresponding

internal standards

Metabolite Retention Time (min) ChEBI ID Internal standard
Leucine 2.87 25017 DL-LEUCINE-2,3,3-D3
Isoleucine 2.98 24898 DL-LEUCINE-2,3,3-D3
Taurine 3.99 15891 L-ALANINE-d3
Betaine 3.38 17750 Betaine-d9
Asparagine 4.59 22653 L-ASPARAGINE H20 (U-13C4, U15N2)
Tryptophan 2.86 27897 L-TRYPTOPHAN (U-13C11, U15N2)
Glutamine 4.48 28300 L-GLUTAMIC ACID (1,2-13C2)
GABA 391 16865 L-2-Aminobutyric acid-d6
Valine 3.35 27266 DL-VALINE-2,3,4,4,5,5-D8
Proline 3.56 26271 DL-VALINE-2,3,4,4,5,5-D8
Histidine 6.70 27570 GLYCINE-2,2-D2
Glycine 4.64 15428 GLYCINE-2,2-D2
416 L-ASPARTIC ACID (13C4, 97-99%; D3, 97-
Aspartate ’ 22660 99%; 15N, 97-99%)
Threonine 4.29 26986 L-GLUTAMIC ACID (1,2-13C2)
Glutamic acid 4.20 18237 L-GLUTAMIC ACID (1,2-13C2)
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Alanine 4.33 16449 L-ALANINE-d3

Tyrosine 3.56 18186 DL-VALINE-2,3,4,4,5,5-D8
serine 4.87 17822 GLYCINE-2,2-D2

methionine 3.04 16811 DL-LEUCINE-2,3,3-D3
phenylalanine 2.78 28044 Phenylalanine-d5

Kynurenine 2.77 28683 Phenylalanine-d5
4-hydroxyproline 4.19 20392 DL-VALINE-2,3,4,4,55-D8
Glycylglycine 4.57 17201 GLYCINE-2,2-D2

Creatinine 1.80 16737 Creatinine-Nmethyl-D3
Glucose 3.76 17234 D-GLUCOSE-13C6, 99% 13C
Sorbitol 3.56 30911 D-GLUCOSE-13C6, 99% 13C
Glucose-6-P 5.66 14314 D-GLUCOSE-13C6, 99% 13C
Fructose-6-P 4.86 88003 D-GLUCOSE-13C6, 99% 13C
Glucose-1-P 4.84 29042 D-GLUCOSE-13C6, 99% 13C
Ribose-5-P 4.67 78679 D-GLUCOSE-13C6, 99% 13C
Ribulose-5-P 4.24 37455 D-GLUCOSE-13C6, 99% 13C
Fructose-1,6-P2 7.90 78682 D-GLUCOSE-13C6, 99% 13C
Lactate 2.56 42111 13C3-lactate

Pyruvate 1.74 32816 13C3-Pyruvate
a-Ketoglutarate 3.56 30915 SUCCINIC ACID (D4)
2-Hydroxybutyric acid 1.86 1148 13C3-Pyruvate

Malic acid 3.82 25115 AMP-13C10,15N5

Succinic acid 2.84 15741 SUCCINIC ACID (D4)
Fumaric acid 4.06 18012 SUCCINIC ACID (D4)
Ascorbic acid 3.56 22651 AMP-13C10,15N5
cis-Aconitate 3.60 32805 ATP-13C10
Glyceraldehyde-3-P 7.20 17138 UTP-13C9,15N2
Dihydroxyacetone 409

phosphate ' 16108 L-ALANINE-d3

glutaric acid 3.51 17859 SUCCINIC ACID (D4)
2-aminoadipic acid 3.46 37024 L-GLUTAMIC ACID (1,2-13C2)
phosphoenolpyruvate 4.88 18021 UTP-13C9,15N2
6-phosphogluconic acid 6.38 48928 ATP-13C10

Acetyl-CoA 4.25 15351 L-GLUTAMIC ACID (1,2-13C2)
AMP 3.89 16027 AMP-13C10,15N5

ADP 5.08 16761 ATP-13C10

ATP 6.55 15422 ATP-13C10

IMP 4.16 17202 AMP-13C10,15N5

GMP 4.78 17345 AMP-13C10,15N5

GDP 6.64 17552 UTP-13C9,15N2

GTP 8.69 15996 ATP-13C10

CTP 7.82 17677 UTP-13C9,15N2

UDP 5.53 17659 UTP-13C9,15N2

uTpP 7.12 15713 UTP-13C9,15N2

cAMP 2.84 17489 13C3-lactate

NAD+ 4.55 15846 AMP-13C10,15N5

NADH 3.85 16908 AMP-13C10,15N5

NADP+ 6.00 18009 UTP-13C9,15N2

NADPH 5.49 16474 UTP-13C9,15N2

Xanthine 1.99 15318 Hypoxanthine-2,8,9-D3
Guanosine 3.00 16750 Hypoxanthine-2,8,9-D3
Adenine 1.32 16708 Creatinine-Nmethyl-D3

Uracil 1.06 17568 Hypoxanthine-2,8,9-D3
Hypoxanthine 1.94 17368 Hypoxanthine-2,8,9-D3
Inosine 2.66 17596 Hypoxanthine-2,8,9-D3
Adenosine 4.23 16335 AMP-13C10,15N5

Uridine 2.13 16704 Hypoxanthine-2,8,9-D3
Glutathione 3.92 16856 L-GLUTAMIC ACID (1,2-13C2)
Oxiglutathione 6.27 167606 ATP-13C10
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Table S3. Detected acylcarnitines with ChEBI identifier, retention time and corresponding
internal standards

Component Name Retention Time (min) ChEBI ID Internal standard
Acetylcarnitine 0.29 73024 Acetylcarnitine-d3
Butyrylcarnitine 122 7676 Butyrylcarnitine-d3
Carnitine 0.39 17126 Carnitine-d3

Choline 0.28 15354 Choline-d3
Deoxycarnitine 0.34 16244 Deoxycarnitine-d3
Linoleylcarnitine 7.77 73072 Octadecanoylcarnitine-d3
Malonylcarnitine 0.30 73028 Acetylcarnitine-d3
Methylmalonylcarnitine 0.31 73031 Butyrylcarnitine-d3
Oleoylcarnitine 8.25 72689 Octadecanoylcarnitine-d3
Propionylcarnitine 0.52 28867 Acetylcarnitine-d3
Tiglylcarnitine 1.75 71179 Butyrylcarnitine-d3
Isovalerylcarnitine 2.05 73025 Butyrylcarnitine-d3
2-Methylbutyrylcarnitine  1.98 73026 Butyrylcarnitine-d3

Table S4. Detected signaling lipids with ChEBI identifier, retention time and corresponding

internal standards

Metabolite Retention time (min) ChEBI ID Internal standard
ASL_FA18.0 14.08 28842 BSL_d17_FA18.1_ w9_ISTD
BSL_FA18.1_w9 13.81 16196 BSL_d17_FA18.1_w9_ISTD
BSL_FA18.2_w6 13.48 17351 BSL_d4_FA18.2 w6_ISTD_2
BSL_FA18.3_w3 13.17 27432 BSL_d5_FA22.6_w3_ISTD
BSL_FA20.4_w6 13.42 15843 BSL_d8_FA20.4_w6_ISTD
BSL_FA20.5_w3 13.13 28364 BSL_d5_FA22.6_w3_ISTD
BSL_FA22.4_w6 13.73 53487 BSL_d17_FA18.1_w9_ISTD
BSL_FA22.5_w3 13.48 61204 BSL_d5_FA22.6_w3_ISTD
BSL_FA22.6_w3 13.35 28125 BSL_d5_FA22.6_w3_ISTD
BSL_FA18.3 w6 13.21 28661 BSL_d5_FA22.6_w3_ISTD
BSL_FA20.3_w6 13.6 53486 BSL_d4_FA18.2_w6_ISTD_2
BSL_FA20.3_ w9 13.68 72865 BSL_d17_FA18.1_w9_ISTD
BSL_FA22.5 w6 13.58 61204 BSL_d4_FA18.2_w6_ISTD_2
BSL_a LEA 11.57 89605 BSL_d4_LEA_ISTD
BSL_POEA 12.06 71465 BSL_d4_OEA_ISTD

BSL_LEA 12.73 64032 BSL_d4_LEA_ISTD

BSL_PEA 13.12 71464 BSL_d4_PEA_ISTD
BSL_1_0G_2_0OG 13.55 30916 BSL_d4_OEA_ISTD

BSL_SEA 13.67 85299 BSL_d3_SEA_ISTD

BSL_OEA 13.27 71466 BSL_d4_OEA_ISTD

BSL_9 12 13 TriHOME 3.68 34506 BSL_d4 PGF2a_ISTD

BSL_9 10_13 TriHOME 3.87 34499 BSL_d4 PGF2a_ISTD
BSL_14_15 DIiHETE 8.72 88459 BSL_d11_14_15-DiHETrE_ISTD
BSL_12_13 DiHOME 8.95 72665 BSL_d4_12_13 DiHOME_ISTD
BSL_14_15 DIiHETrE 9.5 63966 BSL_d11_14 15-DiHETrE_ISTD
BSL_11_12 DiHETrE 9.8 63969 BSL_d11_14 15-DiHETrE_ISTD
BSL_9_HOTrE 9.97 72625 BSL_d4_9_HODE_ISTD
BSL_20_HETE 10.35 34306 BSL_d6_20_HETE_ISTD
BSL_12_HEPE 10.48 72645 BSL_d8_12 HETE_ISTD
BSL_9_HEPE 10.56 89570 BSL_d8_12 HETE_ISTD
BSL_13_HODE 10.7 72639 BSL_d4_9_HODE_ISTD
BSL_12_13 EpOME 11.95 38229 BSL_d4_12_13 DiHOME_ISTD
BSL_5_HEPE 10.73 72627 BSL_d4_9 HODE_ISTD
BSL_9_HODE 10.78 72651 BSL_d4_9_HODE_ISTD
BSL_9_10_EpOME 12.32 34494 BSL_d4_9_10_DiHOME_ISTD
BSL_16_HDoHE 11.08 72613 BSL_d8_12 HETE_ISTD
BSL_8_HDoHE 11.72 72610 BSL_d8_12 HETE_ISTD

BSL 5 HETrE 12.89 88359 BSL_d8 5 HETE_ISTD
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Table S5. Metabolites found with regulation after NAD+ treatment

5.1 Comparison of control Rotenone NAD versus control Rotenone group

-Log10 (p value Relative
Metabolite Log2_FoldChange with Bonferroni correction) regulation
GABA 0.30 1.96 UP
Proline 0.23 433 UpP
Glycine -0.26 2.72 DOWN
Aspartate 0.15 1.83 UP
Glutamate 0.30 3.13 UpP
4-Hydroxyproline -0.11 1.43 DOWN
Glycylglycine -0.16 1.46 DOWN
Glucose 1.30 3.30 UpP
Sorbitol -0.30 3.55 DOWN
Fructose-1,6-P2 -0.42 2.10 DOWN
Lactate -0.92 457 DOWN
2-Hydroxybutyric.acid -0.52 1.47 DOWN
Ascorbic.acid 3.49 3.30 UP
AMP -0.87 3.13 DOWN
ADP -0.40 1.67 DOWN
IMP 1.25 1.50 UP
GMP -0.85 3.62 DOWN
GDP -0.44 3.18 DOWN
CTP 0.26 1.57 UP
cAMP 2.57 2.70 UP
Xanthine -0.36 1.65 DOWN
Guanosine -0.71 141 DOWN
Hypoxanthine 0.82 4.53 UP
Inosine 1.07 1.78 UP
Uridine -0.44 1.99 DOWN
cis-Aconitate 1.60 3.30 UP
Glyceraldehyde-3-P -0.49 1.67 DOWN
Glutaric.acid -0.87 4.97 DOWN
UDP -0.47 1.67 DOWN
NAD+ 2.32 3.66 UP
Acetylcarnitine -0.28 1.49 DOWN
Butyrylcarnitine -0.75 4.05 DOWN
Choline -0.24 1.75 DOWN
Malonylcarnitine -1.66 5.12 DOWN
Oleoylcarnitine -1.29 3.07 DOWN
Propionylcarnitine 1.29 3.51 UP
Tiglylcarnitine 0.81 4.25 UP
Isovalerylcarnitine 1.62 5.12 UP
2-Methylbutyroylcarnitine 2.00 6.50 UP
Deoxycarnitine -0.67 212 DOWN
Linoleylcarnitine -1.20 3.15 DOWN
FA20.4_n6 0.37 1.67 UP
FA20.5_n3 0.20 1.45 UP
FA22.5 n3 0.57 3.61 UP
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FA22.6_n3 0.41 2.20 UpP
FA18.3_n6 -0.38 2.63 DOWN
9,12,13-TriHOME -0.60 3.73 DOWN
9,10,13-TriHOME -0.49 3.73 DOWN
14,15-DIHETE 0.70 3.83 UpP
14,15-DiHETTE 1.06 6.50 UpP
20-HETE -0.28 1.97 DOWN
13-HODE -0.64 3.93 DOWN
16-HDoHE 0.37 3.37 UP

5.2 Comparison of PINK1 Rotenone NAD versus PINK1 Rotenone group

-Log10 (p value Relative
Metabolite Log2_FoldChange with Bonferroni correction) regulation
Leucine -0.25 171 DOWN
Betaine -0.30 2.61 DOWN
Valine -0.31 2.61 DOWN
Tyrosine -0.23 2.07 DOWN
Sorbitol -0.49 4.43 DOWN
Lactate -0.55 3.54 DOWN
Ascorbic.acid 2.60 4.86 upP
AMP -0.58 1.64 DOWN
IMP 0.60 1.32 uP
Adenosine -0.88 251 DOWN
cis-Aconitate 1.45 2.51 UP
NAD+ 2.09 2.61 up
NADP+ 0.32 1.32 upP
Malonylcarnitine -0.93 3.22 DOWN
Propionylcarnitine 1.33 3.10 UP
Tiglylcarnitine 1.10 2.98 up
Isovalerylcarnitine 2.01 1.50 up
2-Methylbutyroylcarnitine 3.10 1.34 UP
FA18.1_n9 -0.25 2.81 DOWN
FA20.4_n6 0.37 2.76 upP
FA20.3_n9 0.22 1.77 UP
FA20.3_n6 0.22 1.32 uP
FA22.5_n6 0.48 3.24 upP
9,12,13-TriHOME -0.80 4.84 DOWN
9,10,13-TriHOME -0.75 4.61 DOWN
14,15-DiHETE 0.42 3.18 uP
14,15-DiHETrE 0.70 5.70 UP
13-HODE -0.45 2.08 DOWN
12-HEPE -0.43 2.08 DOWN
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5.3 Comparison of PINK1 NAD versus PINK1 group

Metabolite

Log2_FoldChange

-Log10 (p value

with Bonferroni correction)

Relative regulation
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Figure S1. Metabolite changes representing TCA cycle metabolism changes in control and PINK1
mutated neuron influenced by rotenone. Box plot for showing the levels of TCA cycle intermediates
in control groups (control and control_DMSO), rotenone-treated control group (Rotenone), PINK1-
mutated group (PINK1) and rotenone-treated PINK1-mutated group (PINK1_Rotenone). Significant
difference between group comparison was marked by * (p < 0.05), ** (p < 0.01), *** (p < 0.001). No
significant difference was marked by NS.
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Figure S2. Box plot for showing NAD+ treatment regulation on the metabolite ratio level of poly
unsaturated fatty acid oxidation for rotenone-treated control group (Rotenone), PINK1-mutated group
(PINK1) and rotenone-treated PINK1-mutated group (PINKZ_rotenone). Significant difference
between group comparison was marked by * (p < 0.05), ** (p < 0.01), *** (p < 0.001). No significant

difference was marked by NS.
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Abstract

Accurate reconstruction of metabolic pathways is an important prerequisite for interpreting
metabolomics changes and understanding the diverse biological processes in disease
models. A tracer-based metabolomics strategy utilizes stable isotope-labeled precursors to
resolve complex pathways by tracing the labeled atom(s) to downstream metabolites
through enzymatic reactions. Isotope enrichment analysis is informative and achieved by
counting total labeled atoms and acquiring the mass isotopologue distribution (MID) of the
intact metabolite.  However, quantitative analysis of labeled metabolite
substructures/moieties (MS? fragments) can offer more valuable insights into the reaction
connections through measuring metabolite transformation. In order to acquire the isotopic
labeling information at the intact metabolite and moiety level simultaneously, we developed
a method that couples hydrophilic interaction liquid chromatography (HILIC) to Zeno trap-
enabled high-resolution multiple reaction monitoring (MRM"R). The method enabled
accurate and reproducible MID quantification for intact metabolites as well as their
fragmented moieties, with notably high sensitivity in the MS?2 fragmentation mode based
on the measurement of 3C or ‘*N-labeled cellular samples. The method was applied to
human induced pluripotent stem cell-derived neurons to trace the fate of 3C/*N atoms from
D-13Cg-glucose/L-*N,-glutamine added to the media. With the MID analysis of both intact
metabolites and fragmented moieties, we validated the pathway reconstruction of de novo
glutathione synthesis in mid-brain neurons. We discovered increased glutathione
oxidization from both basal and newly synthesized glutathione pools under neuronal
oxidative stress. Furthermore, the significantly decreased de novo glutathione synthesis was
investigated and associated with altered activities of several key enzymes, as evidenced by
suppressed glutamate supply via glucose metabolism and a diminished flux of glutathione
synthetic reaction in the neuronal model of rotenone-induced neurodegeneration.
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Introduction

A metabolic network is a (sub)set of metabolic biochemical reactions known to take place
in a living organism.! Metabolomics studies quantitative changes in metabolite levels and
can provide valuable insights into the understanding of disease origin, progression and
prognosis, as well as the effects and mechanism of pharmacological interventions.?3
Metabolomics studies of Parkinson’s disease (PD) have suggested that energetic failure and
increased oxidative stress are significant metabolic hallmarks in the neurodegeneration
process.*®> However, metabolic network robustness poses a challenge to the identification
of pathway activities in response to perturbations®’ because changes in metabolite
consumption and production may not be accompanied by metabolite concentration changes.
It is also difficult to distinguish between de novo synthesis and recycling of the existing
metabolite pool, which reflects the activity of different metabolic pathways.

Isotope tracing techniques allow one to trace the incorporation of heavy atoms (stable or
radioactive®) into downstream intermediates from a given labeled precursor. It is an
excellent way to monitor pathway activity and has been successfully applied to different
levels of organism studies, such as ex-vivo tissues,®® in-vivo animal models®** and in-
vitro cellular culture!?. Mass spectrometry (MS) has become the principal technique used
for the analysis of stable isotope-labeled metabolites. It requires only a small amount of
sample, manifests excellent detection sensitivity, and can provide structural information on
multiple compounds simultaneously. Labeled distributions of intact molecules can be
obtained via MS measurements, which consist of a set of mass isotopologue abundances.
Mass isotopologue distribution (MID) analysis at the MS* level has been generally used in
tracer-based metabolomics studies for tracing labeled enrichment through intermediates and
probing pathway activity.**16 Subsequently, more attention has been paid to acquiring
substructural information on labeled isotopologues and improving metabolic flux
interpretation.t’18

Tandem MS-based approaches, using multiple reaction monitoring (MRM), can reveal the
isotope labeling states of selected precursor and product ions by including all possible
combinations in the transition pairs.®‘®2! This method is popular for achieving good
performance in metabolite quantification. However, it still shows technical drawbacks in
measuring stable isotope-labeled metabolites in a broader metabolomic scope. The number
of transition pairs considerably increases with an increasing metabolite atom number,
leading to a longer cycle time and fewer data points per peak, as well as less accurate
quantification and lower sensitivity for low-abundance isotopologues. In the case for
phosphorylated metabolites, compared to POs or H,PO, ions, carbon-containing product
ions carry more structural information and are more useful for atom tracing over intersecting
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pathways. However, they are generally in very low abundance, which requires a longer
dwell time for each transition pair to reach good sensitivity.??

To overcome these difficulties, advanced tandem MS-based approaches have been
developed recently. The MRM methods on triple quadrupole instruments with dynamic
modification of the mass filter resolution for precursor or product ions can effectively
minimize total MRM transitions, enabling the detection of intact and fragmented metabolite
isotopologues with good quantification accuracy in two separate runs.?? Based on a
quadrupole linear ion trap instrument, a new liquid chromatography (LC)—mass
spectrometry (MS)/MS acquisition method, and a novel isotope recapitulation algorithm
(MID Max), the coverage of intact and fragmented metabolite isotopologues has been
further extended by combining MRM and an enhanced data-dependent product ion scan
type in a single run.® Parallel reaction monitoring (PRM) based on high-resolution MS was
able to obtain intact and fragmented isotopologue distributions in high resolution within a
single analytical run, resulting in a significantly lower cycle time compared to MID Max.?*
Other tandem MS-based approaches in high resolution via data-independent acquisition
techniques are also available, such as SWATH fragmentation over stacked mass isolation
windows on a QqTOF MS?-?" and all-ion fragmentation within a wide, predefined mass
window on an Orbitrap Fusion Tribrid MS%. When using the SWATH technique, erroneous
MID quantification was found for precursors positioned on the margins of two neighboring
windows.? This requires special attention to properly design Q1 isolation windows for
target metabolite quantification. Jaiswal et al. suggested employing two different SWATH
programs to achieve good MID quantifications corresponding to 19 intermediate
metabolites by ensuring all precursor isotopologues fall into a single window in one of the
programs.?2 Compared to PRM, the co-fragmentation of all isotopologues of certain
metabolite in a single mass window showed higher sensitivity in quantifying precursor and
fragment isotopologues of low abundance.?® However, there is no direct spectral connection
between a precursor and its corresponding fragments, making it difficult to determine the
detailed positioning of labeled atoms within a particular precursor isotopologue. This type
of tandem isotopologue distribution, to be noted, has shown strong benefits for improving
metabolic flux analysis.33!

Metabolic pathway reconstruction of central carbon metabolism and its connected de novo
synthesis pathways is critical for understanding the consecutive reaction changes from
energy failure towards oxidative stress in Parkinson’s disease. Therefore, to facilitate
reconstructing metabolite transformations along these pathways and offer a comprehensive
picture of metabolic regulation using both intact and fragmented metabolite isotopologues,
we need high-sensitivity detection, but also high data quality for structural elucidation of
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the MS? spectra. In this work, we present hydrophilic interaction liquid chromatography
(HILIC)—multiple reaction monitoring (MRM"R) using Zeno trap pulsing, a recently
introduced system of trapping fragment ions prior to the time-of-flight (TOF) injection. This
method combines the advantages of HILIC for wide coverage of polar metabolome analysis
and the Zeno trap-enabled technique for duty cycle improvement.®> We compared the
performance of the Zeno method to that of the SWATH method and MRM"R (general PRM)
with regards to the aspects of sensitivity, accuracy, and fragmentation reproducibility in
MID analysis. We further applied the HILIC-Zeno MRM"R method to a classic neuronal
model of rotenone-induced neurodegeneration and revealed diverse flux regulations via
glucose and glutamine metabolism into glutathione metabolism related to
neurodegeneration.

Materials and methods

1. Chemicals and reagents

Standards were purchased from Sigma-Aldrich (Zwijndrecht, The Netherlands) and Fluka
(Seelze, Germany). The tracer substances D-3Cg-Glucose (99% isotopic purity) and L-°Np-
glutamine (98% isotopic purity) were purchased from Cambridge Isotope Laboratories
(Tewksbury, MA, USA). Acetonitrile in LC-MS grade and chloroform in HPLC grade were
purchased from Biosolve B.V. (Valkenswaard, The Netherlands). Methanol in Ultra-LC-
MS grade was purchased from ActuAll (Oss, The Netherlands). Milli-Q Ultra-pure water
was obtained from a Merck Milli-pore A10 purification system (Raleigh, USA).
Ammonium formate (>99.995% trace metals basis) and rotenone were purchased from
Sigma-Aldrich (Zwijndrecht, The Netherlands). Ammonium hydroxide (28-30 wt%
solution of ammonia in water) was purchased from Acros Organics (Geel, Belgium).

2. Standard solutions and cell culture medium

Individual stock solutions of 40 standards were made with 50% MeOH or pure water in 1
mg/mL and stored in -80 °C (Table S1). Mixed standard solutions were prepared at the
concentrations of 20, 15, 10, 7.5, 5.0, 2.5, 1.25, 0.5 and 0.1 pg/mL with 50% MeOH as the
dilution solution. According to an adapted protocol from Reinhardt,®33* a basal neuron
culture medium, N2B27, was made by mixing equal amounts of neurobasal medium
(Invitrogen/Life Technologies) and Dulbecco’s modified Eagle’s medium/F12 medium
(Invitrogen/Life Technologies) and adding with 1% penicillin/streptomycin (Life
Technologies), 2 mM L-glutamine (Life Technologies), 1:100 B27 supplement without
vitamin A (Life Technologies) and 1:200 N2 supplement (Life Technologies). Maintenance
medium was made of high-glucose N2B27 medium supplemented with 150 uM ascorbic
acid (Sigma Aldrich), 0.5 uM PMA (Enzo Life Sciences) and 3 uM CHIR (Axon Medchem).
Differentiation medium was made of high-glucose N2B27 medium supplemented with 200
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MM ascorbic acid, 0.01 ng/uL BDNF (PeproTech), 0.01 ng/uL GDNF (PeproTech), 0.001
ng/uL TGFB-3 (PeproTech), 2.5 uM dbcAMP (Sigma-Aldrich), and 1 uM PMA (absent
after 6 days of differentiation).

13C labeled maintenance medium and differentiation medium were made by replacing 20.4
mM glucose with the same amount of D-*Ce-glucose so that the pool size of glucose
remains the same. *°N labeled maintenance medium and differentiation medium were made
by replacing 2 mM glutamine with the same amount of L-**N-glutamine so that the pool
size of glutamine remains the same.

3. Cell culture

For method development and evaluation, the iPSCs-derived human neuroepithelial stem
cells (NNESCs) were cultured on a 12-well plate at a density of 300,000 cells/well. Five
wells of ANESCs were incubated with maintenance medium containing D-*Ce-glucose, and
another five wells of ANESCs were incubated with maintenance medium containing L-15N,-
glutamine. Two wells of hNESCs were incubated with normal maintenance medium. The
incubation time was 24 h. The ‘3C and *°N-labeled cellular samples were used as labeled
reference samples for method evaluation.

Next, for method application, hNESCs were cultured and differentiated into mid-brain
neurons on a 12-well plate at a density of 180,000 cells/well by following the established
protocol. 333 After 21 days of neuron differentiation and maturation, we switched the
normal differentiation medium into 3C or **N-labeled differentiation medium. In the 3C-
labeling culture with D-'3Cs-glucose (**Ce-Gluc), five replicates of labeled neuron culture
were designed for the healthy group and the rotenone (200 nM) exposure group,
respectively, and were accompanied by one unlabeled neuron culture within each group.
The same sample design was applied in the °N labeling culture with L-**N,-glutamine
(**N2-GIn). Differentiated neurons were under incubation with tracers for 24 h and reached
isotopic labelling stationarity in metabolites. For cell quenching, ice cold 200 uL of 80%
MeOH was added immediately after removing the spent medium and washing with
phosphate buffered saline (Gibco/Life Technologies). The quenched cell samples were
harvested into a new Eppendorf tube. Cellular samples were fast frozen into liquid nitrogen
and stored in the -80 °C freezer until LC-MS measurement. Results from unlabeled neurons
were used for qualitative peak confirmation during data analysis.

4. Sample preparation

Cell samples were lysed with sonication after one freeze-thaw cycle, vortexed and then
centrifuged at 16000 g 4 °C for 10 min. Cell pellets were collected to measure the protein
content using a bicinchoninic acid assay (Thermo Fisher Scientific Inc, United State).
Supernatants were transferred into clean 1.5 mL Eppendorf tubes and evaporated to dryness
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in a Labcono SpeedVac (MO, United State). Each sample was reconstituted with 60 pL ice-
cold methanol/water (80%/20%; v/v). 50 uL of the reconstitution volume was collected and
transferred into a new Eppendorf tube. The leftover volume was pooled together as a quality
control (QC) sample for each group. Next the reconstituted samples and QC samples were
processed with liquid-liquid extraction by adding 40 pL of ice-cold methanol/water
(80%/20%; viv), 45 pL of ice-cold Milli-Q water, and 65 pL of ice-cold chloroform, then
followed with mixing and vortexing for 5 min and centrifuging at 16000 g 4 °C for 10 min.
130 uL of the aqueous phase was transferred into a new Eppendorf tube and extracted again
by adding 25 pL of ice-cold methanol/water (50%/50%; v/v) and 65 pL of ice-cold
chloroform, then followed with mixing and vortexing for 5 min and centrifuging at 16000
rcf, 4 °C for 10 min. Finally, 140 pL of the aqueous phase was transferred and taken to
dryness. The residue was reconstituted with 50 L of ice-cold methanol/water (50%/50%;
v/v) as the final injection solution for LC-MS measurement. A series of diluted reference
samples was prepared by diluting the **C-labeled reference sample twofold (DF_2x) and
threefold (DF_3x) with the injection solvent of methanol/water (50%/50%; v/v).

5. LC-MS measurement

Chromatographic separation was performed using the SeQuant ZIC-c HILIC HPLC column
(2.1mm x 100 mm, 3.0 um, Merck, Darmstadt, Germany) on a Shimadzu Nexera Ultra
high-performance liquid chromatograph (LC) (Duisburg, Germany). The LC method was
adapted from a previously described method.®> Mobile phase A consists of 90% acetonitrile,
10% water with 5 mM ammonium formate, and mobile phase B consists of 10% acetonitrile,
90% water with 5 mM ammonium formate. The injection volume was 3 pL. The flow rate
was 0.5 mL/min and the gradient was as follows: 0 min-0% B, 2 min-15% B, 5 min-21%
B, 7.5 min-26% B, from 10 to 11 min-40% B, from 11.5 to 18 min-0% B. The MS analyses
were performed on a SCIEX ZenoTOF 7600 system (Darmstadt, Germany) with TwinSpray
Turbo V ion source and operated in negative electrospray ionization. The following ion
source parameters were applied: a spray voltage of 4.5 kV, a capillary temperature of 400 °C,
ion source gas 1 of 20 psi, ion source gas 2 of 50 psi, curtain gas of 25 psi, CAD gas of 7
psi.

A SWATH acquisition method was able to fragment all isotopologues within stacked mass
windows over the chromatographic run. Each MS cycle starts with a survey TOF MS scan
in 100 ms from 50 to 700 Da using declustering potential (DP) at -80 eV and collision
energy (CE) at -5 eV, followed by a fixed Q1 isolation window setting. The Q1 isolation
strategy covered a mass range of m/z 60-690 with a 40 Da window width for Q1 isolation
(overlap 1 Da). It allowed all possible isotopologues of each target metabolite to be
fragmented in the same window. The SWATH scan accumulation time was 85 ms and each
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cycle time was 1.576 s, using DP at -80 eV and CE at -30 eV+20 eV. We also tested
additional SWATH window settings where the targeted isotopologues fell in two adjacent
windows. The curated window settings can be seen in the supporting information, Table S2
and Figure S1.

The MRM"R acquisition method consisted of the same TOF MS scan applied in the
SWATH acquisition method, followed by MS/MS scans of the inclusion precursors with
unit Q1 isolation and scheduled retention times. The targeted precursors are different for
13C and *N-labeled sample analysis. Based on the measurement of *3C and >N-labeled
reference cell samples, in total, 180 precursor ions from 25 metabolites were targeted in the
13C-labeling MRMHR acquisition method, and 55 precursor ions from 15 metabolites were
targeted in the N-labeling MRMHR acquisition method (Table S3-4). DP at -80 eV and CE
at -30 eV£20 eV were applied to all precursor ions to have a fair comparison to SWATH
acquisition. The Zeno MRM"R acquisition method was designed based on the MRM"R
acquisition method and set with the Zeno-trap on-demand above the collision-induced
dissociation intensity threshold of 2000 cps.

6. Data analysis

Qualitative data analysis was performed using the SCIEX OS Explorer processing tool. The
fragmentation behavior analysis used the online database Metlin® and mzCloud
(https://www.mzcloud.org/) as references and was confirmed with our in-house MS?
database using analytical standards (see supporting information). Quantitative data analysis
was performed using the SCIEX OS Analytics processing tool. The peak areas of metabolite
isotopologues in the MS* and MS? levels were integrated and further corrected for the
natural stable isotope abundance using software IsoCor.3” MID represent the relative
abundance of different mass isotopologues and are reported as isotopologue fractions. The
13C/*®N enrichment refers to the mean content of isotopic tracer in the metabolite. It was
calculated by the formula ME = (211 Mi *i)/n, where Mi is the proportion of
isotopologues with i *C atoms for a metabolite containing n carbon atoms. Tandem MID
analysis was calculated based on the primary MID and further applied with the secondary
distribution ratio of isotopomers.

Results and discussion

To meet the study goal of capturing both intact and fragment-labeled isotopologue
distributions of metabolites, we developed a MS/MS quantification method based on Zeno
MRMHR acquisition coupled to a HILIC separation method. Given the fact that a high
number of transitions results in fewer scan points for each transition in the same retention
time window, we first optimized the mobile phase gradient of a previously developed HPLC
method utilizing a ZIC-c HILIC column for polar metabolite analysis.
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1. HILIC-Zeno MRM"R method development

In total, 40 polar metabolites derived from primary carbon metabolism, glutathione
metabolism, and purine and pyrimidine metabolism achieved good chromatographic
separation for standard solutions (Table S1, Figure S2). For the HILIC-Zeno MRM"R
method, 25 selected metabolites including all possible isotopic states were included in the
13C-labeling MS? fragmentation method, and 15 metabolites including all possible isotopic
states were included in the *N-labeling MS? fragmentation method. The selected
metabolites were critical intermediates in their relevant metabolic pathway and were
detected in labeled states with a TOF MS scan in the reference *C (**N) cellular sample set.
Finally, for metabolites eluting at retention times between 4 and 6 min, where the peak
density is the highest, the method ensured a minimum of eight scan points across
chromatographic peaks at the base (Figure S3). Under both MS* and MS? levels, the method
exhibited good linearity for targeted metabolites, with correlation coefficients mostly above
0.99 (Table S5).

With proper isolation window settings, SWATH methods have been reported for MID
quantification of targeted metabolites and their fragments with good sensitivity and small
error.?® To confirm the impact of entire or partial isotopologue coverage in one Q1 window,
as well as the impact of overlapping windows offering partial isotopologue coverage,
several SWATH acquisition methods with various mass window settings were evaluated.
Our results showed that the quantification of isotopologues that span two windows suffers
from peak intensity loss and reduced fidelity (Figure S1). As a reference method for our
subsequent method comparisons, we selected a SWATH method with a fixed Q1 isolation
window to encompass the intact MID of target metabolites.

2. Evaluation of sensitivity and isotope fidelity

Next, we evaluated the HILIC-Zeno MRMH"R method on the quantification performance for
precursor and fragment isotopologues and compared these to the HILIC-MRM"R and
HILIC-SWATH methods. As shown in Figure 1, in the MS* TOF level, minor differences
in the peak area were detected because of the slight differences in MS scan cycle duration
between SWATH, Zeno MRM"R and MRM"R methods. Whereas in the MS? level, a
significant signal improvement with the Zeno MRM"YR method was observed for all
fragment and residual precursor isotopologues in comparison to SWATH and MRM"R
methods. The Zeno trap enables almost 100% duty cycle in MS/MS, resulting in signal
gains without loss of mass accuracy or resolution.®® The Zeno trap method improved the
signal for fragment ions more than for their precursor ion, mostly because of a higher Zeno
pulsing gain for lower masses. In comparison to SWATH, the 3C-glutamate precursor
increased 4.9-fold, while its fragment increased 7.8-fold; the 3C-glutathione precursor
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increased 4.7-fold, and its fragment increased 7.9-fold with the Zeno trap enabled.
Significant sensitivity increases were also seen using the test results for >N-labeled
reference cell samples (Figure S4). Precursor ions of N-glutamate showed an increase of
6.6-fold, and fragment ions of °>N-glutamate showed an increase of 8.4-fold compared to
the SWATH method.

Moreover, the sensitivity gain still maintains an accurate MID. For metabolites containing
5 carbons (glutamate), or 10 carbons (glutathione), shown in Figure 2, the SWATH, Zeno
MRMHR and MRM"R methods shared the same TOF MID results; in addition, the precursor
MID was in line with the TOF MID. This provided confidence for further investigation of
fragment MID. At the MS? fragment level, the Zeno MRMH"R method preserved identical
13C isotopologue distributions as the other methods. No artefacts were introduced during
Zeno trap pulsing in the Zeno trap. Likewise, for metabolites with one nitrogen (glutamate)
or three nitrogens (glutathione) at both MS* and MS? levels, the Zeno MRM'R results
maintained identical N isotopologue distribution as the other two methods (Figure S5).
Overall, the HILIC-Zeno MRM"R demonstrated its strong advantages in labeled mass
isotopologue analysis in terms of detection sensitivity and isotope fidelity at the MS? level.
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Figure 1. Sensitivity comparison at MS! TOF level and MS? fragmentation level among SWATH,
MRMHR and Zeno MRMHR acquisition for $3C labeled isotopologue analysis (n=3). At the MS? level,
each precursor isotopologue was quantified using the peak area of residual precursor ion extracted
from its MS/MS scan window. Each fragment isotopologue was quantified by summing the peak areas

of the same fragment ion extracted from multiple MS/MS scan windows.
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Figure 2. Accuracy comparison at MS* TOF level and MS? fragmentation level among SWATH,
MRMHR and Zeno MRM'R acquisition for 13C labeled isotopologue distribution analysis (n=3).

3. Evaluation of MID quantification reproducibility

In a typical cell culture, the harvested quantity of cells often varies between replicated
culture wells. Nonetheless, regardless of variations in total cellular content, isotopologues
in fractions should be constant among replicates of a group assuming a consistent metabolic
state. We further evaluated the HILIC-Zeno MRM"R method reproducibility in MID
quantification for inter-sample analysis. A set of 13C reference samples in undiluted form
(DF_1x), twofold-dilution (DF_2x) and threefold dilution (DF_3x) was evaluated to imitate
the effect of varied metabolite concentrations across samples. The average protein content
corresponding to DF_1x, DF_2x and DF_3x samples was 38.0 ug, 19.0 ug and 12.7 ug
respectively. As shown in Figure 3, for the metabolites glutamate, ketoglutarate, and
glutathione, precursor MIDs had relative standard deviations (RSDs) between 6.7%-21.2%,
and fragment MIDs had RSDs between 2.8%-10.1% across DF_1x, DF_2x and DF_3x
samples. Fragment MID exhibited better quantification reproducibility than precursor MID.
The corresponding MID data in detail can be found in Table S6. Overall, the MID
quantification of the HILIC-Zeno MRM"R method over inter-sample analysis demonstrated
a reproducibility RSD of less than 25%. The performance of MS/MS fragmentation with
the Zeno trap enabled showed good robustness to varied sample concentrations.
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Figure 3. Inter-sample reproducibility of 3C MIDs based on one reference sample set, including no
dilution, twofold dilution, and threefold dilution. Each sample was injected three times. (A)
Isotopologue fractions for precursor ions on average (left, n=9) and their corresponding RSD (right,
n=9). (B) Isotopologue fractions for fragment ions on average (left, n=9) and their corresponding RSD
(right, n=9). Glutamate: GLU; ketoglutarate: aKG; glutathione: GSH.

4. Tandem mass isotopologue distribution analysis of glutamate

One unique advantage of the HILIC-Zeno MRM"R method is its capacity to resolve the
labeling positional information for a particular isotopologue. To exemplify this, we used
this method to distinguish two sets of 3C labeling positions in the 3C,-glutamate
isotopologue derived from D-'3Cs-glucose. Figure 4A shows the detected M+0 precursor
ion of glutamate and its produced fragments labeled in black, and the M+2 precursor ion
and its produced fragments labeled in blue. Fragment_2 produced from M+2 isotopologue
showed no labeled m+2 peak, indicating that simultaneous labeling of two **C atoms at the
C4 and C5 positions was impossible. As illustrated in Figure 4B, glutamate derived from
13Cg-glucose after one round of *C incorporation via the tricarboxylic acid (TCA) cycle can
result in two *3C atoms at the C1 and C2 positions via pyruvate anaplerosis (PDH) and two
13C atoms at the C3 and C4 positions via pyruvate carboxylase (PC) pathway.3*4° By
analyzing the corrected peak area ratio between the m+1 and m+2 peaks of fragment_1, we
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could further determine the distribution ratio between 1,2-3C,-glutamate and 3,4-3Co-
glutamate and generate a tandem MID of ‘3C-glutamate in Figure 4C (Table S7). Healthy
mid-brain neurons exhibited a relatively higher flux via PDH activity than PC activity.
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Figure 4. Structural elucidation of 13C,-glutamate through analyzing the labeling pattern of annotated
moiety fragment_1 (Frag_1: c2-c3-c4-c5) and fragment_2 (Frag_2: c4-c5) at the MS? level. (A) MS?
spectrum of monoisotopic and 13C: isotopologue peak of 12C-glutamate. (B) 13C atom tracking derived
from D-'3Ce-Glucose into glycolysis and the TCA cycle. The expected *3C labeling patterns for the
intermediates, acetylCoA, citrate, glutamate, succinate and oxaloacetate, via PDH and PC pathways
were deduced and depicted in red and green, respectively. The first turn of PDH-initiated and PC-
initiated 13C labeling results were displayed. (C) Tandem MID of 3C-glutamate measured in healthy
neurons.

5. Reconstruction of glutathione metabolism in mid-brain neurons

Glutathione (GSH), one of the intracellular antioxidants, can protect cells by neutralizing
reactive oxygen species and converting itself into its oxidized form (GSSG).** In
modulating redox homeostasis, de novo GSH synthesis was reported to play a more critical
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role than recycling GSSG.*>** Rotenone is known as a classic toxin for causing
dopaminergic degeneration by inducing oxidative stress. To better distinguish the metabolic
change of glutathione metabolism via de novo synthesis among intersecting pathways, the
HILIC-Zeno MRMHR method was applied to measure the polar 3C/*>N-metabolome from
healthy and rotenone-treated mid-brain neurons with D-13Cs-glucose/L-*>N,-glutamine as a
tracer.

The analyzed intact isotopologues of key intermediate metabolites from healthy neurons
were first used to decipher the key pathway connection associated with de novo glutathione
synthesis. In Figure 5A, for healthy mid-brain neurons, intermediates of ketoglutarate and
glutamate, and serine and glycine were detected at 62 and 60%, and 11 and 7% levels of
13C enrichment, respectively. GSH, GSSG showed 21 and 20% of 3C enrichment
originating from D-3Cg-glucose, respectively. The incorporation of *3C atoms from D-13Ce-
glucose into ketoglutarate and glutamate could be derived from the TCA cycle, and the *C
incorporation into serine and glycine could be derived from the de novo serine synthetic
branch of glycolysis. The deciphered pathway reconstruction based on the **C-enrichment
of intermediates is shown in Figure 5B. Similarly, Figure 5C-D describes the pathway via
5N atom flow into de novo GSH synthesis. By tracing the N atoms from L-°N-glutamine,
23 and 5% of >N enrichment were found in glutamate and serine, while no **N enrichment
was detected in glycine. GSH, GSSG ultimately showed 5 and 4% of N enrichment
originated from L-*N,-glutamine, respectively. To be noted, neither *C nor >N labeling
was found in cysteine, which suggested its independent supply from glucose or glutamine
and instead a possible dependence on the essential uptake from the extracellular
environment.
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Figure 5. Tracing the de-novo glutathione synthesis pathway via '3C/N atom enrichments of
intermediate metabolites. The proportion of 3C/**N enrichment was denoted in red or blue. (A) °C
labeled isotopologue distribution of intact metabolites. (B) *3C atom flow in the de-novo glutathione
synthesis pathway using D-*3Cs-glucose as a carbon tracer. (C) >N labeled isotopologue distribution
of intact metabolites. (D) N atom flow in the de-novo glutathione synthesis pathway using L->N2-

glutamine as a nitrogen tracer.

Based on the intact isotopologues of 3C-GSH in M+1-7, we further investigated its
fragment isotopologues (Figure 6), F1, indicating a glutamate moiety, was detected with a
labeled distribution from m+0 to m+5 with 39% *C enrichment, which is similar to the
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observed precursor glutamate MID pattern. In addition, F2, indicating a glycine-cysteine
moiety, was detected with a labeled distribution from m+0 to m+2 and a *3C enrichment of
just 4%. This was consistent with the corresponding patterns of the precursors glycine and
cysteine. N-GSH was shown in M+1 via the intact isotopologue analysis. The °N
enrichment is further observed only in the glutamate moiety (**N-GSH F1) with its MID
shown from m+0 to m+1. This moiety labeling pattern also matched the precursor glutamate
MID. Besides the fact that the precursor serine was detected with certain >N enrichment,
the level of °*N-glycine and its incorporation as *>N-GSH F2 could be too low to be detected.
The fragment isotopologue distribution further validated the utilization of amino acid
moieties derived from D-3Cg-glucose/L-°N,-glutamine in the reconstructed pathway from
Figure 5. Therefore, with the help of intact and fragment isotopologue analysis, we
confirmed and highlighted the de novo synthesis of GSH in mid-brain neurons requires both
glucose and glutamine for providing de novo-synthesized glutamate, serine, or glycine.
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Figure 6. Structural elucidation of 3C/*>N-labeled glutathione via fragment isotopologue analysis.
lonized glutathione could produce a mass spectrum of fragments by collision-induced dissociation,
from which fragment 1 (F1) indicated a glutamate moiety, fragment 2 (F2) indicated a glycine-
cysteine moiety.

Rotenone inhibits mitochondrial complex I, impairing oxidative phosphorylation and
resulting in a dramatic reduction of ATP production. It also produces excess generation of
reactive oxygen species and leads to decreased GSH levels.** For mid-brain neurons with
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rotenone treatment, we detected decreased *C-GSH and increased ?C-GSSG compared to
controls (Figure 7A). Apart from the ?C-GSH pool, *C-GSH and '*C-GSSG are
synthesized de novo and both showed down-regulation. However, either the peak area ratio
of 2C-GSH/**C-GSSG or the ratio of *C-GSH/**C-GSSG was significantly decreased
below 10 due to rotenone-induced oxidative stress (Figure 7B), which is consistent with a
previous report.*> Reduced peak area ratios of *N-GSH/**N-GSSG and ratios of °N-
GSH/*®N-GSSG were also found in N labeled neurons (Figure 7D-E). A low GSH/GSSG
ratio, as a result of antioxidant defense, may act as a critical factor in the neuroinflammatory
and neurodegenerative processes in Parkinson's disease.*® Interestingly, rotenone treatment
also resulted in a significantly decreased labeled (**C/*°N) fraction of the combined
GSH+GSSG (Figure 7C and 7F), further implying defective GSH biosynthesis in rotenone-
treated neurons.

To figure out the cause of low glutathione synthesis through de novo regulation, we next
analyzed the *3C/**N-labeling patterns of both the intact molecule and its moieties for GSH
and the associated intermediates (Figure 8). Rotenone induced significant depletion in both
1,2-13C,-glutamate and 3,4-13C,-glutamate, which pointed to inhibition of PDH and PC-
mediated TCA cycle activity. Additionally, the 33C-glutamate moiety of GSH (**C-GSH F1)
showed decreased *3C fraction. This confirmed that rotenone reduced glutamate production
by inhibiting the entry flux into upstream TCA cycle, rather than increasing its consumption
for downstream synthesis. No significant depletion was observed in 3C-glycine, while the
13C-glycine moiety of GSH (**C-GSH F2) showed a significantly decreased **C fraction
after rotenone treatment. Based on the distribution ratio between m+0, m+1 and m+2 of F1
isotopologues (Table S8), a tandem analysis of *C-GSH including three positional
isotopomers for M+2 isotopologue was obtained, as shown in Figure 8A. In line with the
reduced 3C enrichment found in GSH moieties F1 and F2, the abundance of two major
isotopomers, 13C,-GSH: M+2_Glu+'3C,-Gly and M+2_3C,-Glu+Gly, decreased
significantly in rotenone-treated conditions. Similar to the alterations of **C-glycine and
13C-GSH F2, no change was found in **N-glutamate in the rotenone-treated group, while
the ®N-glutamate moiety of GSH (**N-GSH F1) showed a significantly decreased °N
fraction, and *N-GSH showed corresponding decreases in abundance (Figure 8B).

The results of mass isotopologue analysis showed that, in addition to suppressing glucose
metabolism, which directly limits the source of glutamate supplied for de novo GSH
synthesis, rotenone may also cause an inhibitory effect on the synthetic reaction of GSH
production from glutamate, cysteine, and glycine. The sequential reactions are catalyzed by
the ATP-dependent enzymes y-glutamylcysteine synthetase (y-GCS) and GSH synthetase
(GS). Perceived flux reduction of reactions catalyzed by PDH, PC, y-GCS and GS may be
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a subsequent effect of mitochondrial complex | inhibition, which will need future validation
to better understand the metabolic dysfunction during rotenone-induced neurodegeneration.
Overall, our results suggest that in this neuronal model of rotenone-induced
neurodegeneration, deficient de novo GSH synthesis and an increased oxidation into GSSG
together resulted in a decreased GSH level under oxidative stress.
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Figure 7. Metabolite abundance changes of glutathione (GSH) and oxidized glutathione (GSSG)
under healthy and rotenone-treated conditions. (A) Bar plot representing the normalized peak area of
12C/13C GSH and GSSG. (B). Box plot representing the peak area ratio of 1>?C-GSH to ?C-GSSG and
13C-GSH to 18C-GSSG. (C) Bar plot representing the unlabeled (*2C) and labeled (*3C) fractions of
combined GSH+GSSG. (D) Bar plot representing the normalized peak area of “*N/**N GSH and
GSSG. (E) Box plot representing the peak area ratio of 1“N-GSH to 1*N-GSSG and **N-GSH to 1°N-
GSSG. (F) Bar plot representing the unlabeled (**N) and labeled (**N) fractions of combined
GSH+GSSG. Peak area was normalized using the corresponding sample protein content. An asterisk
indicates a significant difference, with a p-value below 0.05.
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Figure 8. Mass isotopologue analysis of intact and fragmented metabolites for healthy and rotenone-
perturbed mid-brain neurons. (A) '3C labeled isotopologue analysis of glutamate, GSH and its
moieties F1 and F2. The M+2 isotopologue of $3C-glutamate was identified in two isotopomers. The
M+2 isotopologue of 3C-GSH was identified in three isotopomers. (B). °N-labeled isotopologue
analysis of glutamate, GSH and its moiety F1. An asterisk indicates a significant difference, with a p-
value below 0.05.

Conclusions

In this study, we developed a HILIC-Zeno MRM"R method that can be used in tracer-based
metabolomics studies for structurally-resolved MID analysis. This method allows the
simultaneous acquisition at MS! and MS? levels in one single run. Labeled isotopologue
distributions for intact metabolites can be obtained from the MS* level. Meanwhile, labeled
isotopologue distributions for both the intact metabolite and its fragmented moieties can be
obtained from the MS? level with higher sensitivity due to Zeno trap pulsing. The
relationship between the labeled precursor and fragment ions was preserved to accurately
identify the same labeled isotopologue with differential labeling positions. For future work,
intensity-dependent selection of precursor ions can be combined with Zeno trap to trigger
MS? for only present isotopologues, thus achieving even higher sensitivity. Furthermore,
including additional target metabolites would provide more insight into pathway regulation,
such as for y-glutamylcysteine.
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The method was successfully applied to analyze *3C/**N-labeled polar extracts of human-
derived mid-brain neurons under healthy and oxidatively stressed states using D-3Cg-
glucose/L-*N,-glutamine as tracers. By tracing the labeled 3C/*®N atoms in the moieties
of metabolite isotopologues, we were able to reconstruct the cell-type and condition-
specific pathways of glutathione metabolism in healthy and perturbed mid-brain neurons.
The quantitative isotopologue analysis greatly contributed to the new elucidation of
glutathione metabolism regulation in response to rotenone perturbation. It is worth
mentioning that quantitative isotopologue analysis highlights altered metabolic fluxes,
providing guidance for the subsequent targeted analysis of changes in enzymatic activities,
which expands our understanding of disease mechanisms at the enzyme level. Although we
only present the application of our approach to glutathione metabolism, it can also be
applied to study other pathways including central carbon metabolism and de novo
nucleotide metabolism. Thereby, more accurate biological interpretations could be achieved
within a cell-specific metabolic network.
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Supplementary Materials

1. Optimal mass isolation window setting for SWATH acquisition method

When optimizing a SWATH acquisition method, considerations need to be made defining
scan time, window size and total number of windows. Additional considerations need to be
made in tracer-based studies especially when analyzing diverse metabolites. In this case,
for accurate quantitation, all isotopologues of a certain metabolite need to be in the same
Q1 window and care should be taken to prevent the underestimated integration of the mass
isotopologue located on the edge of a SWATH window.! This experiment was designed to
test the effect of complete or partial isotopologue coverage in one Q1 window, as well as
the influence of overlapping windows giving partial isotopologue coverage. In total four
SWATH methods were created with varied Q1 isolation windows and window overlap, as
shown in Table S2. Each SWATH method starts with a survey TOF MS scan in 100 ms
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from 50 to 700 Da, followed by sixteen Q1 isolation windows covering a mass range of m/z
60-690. The relevant Q1 isolation windows in each SWATH method targeting **C labeled
glutamate were listed in Figure S1, also recorded in cyclelD of 2 and 3 from Table S2.
SWATH_Winl and Win4 methods allow glutamate isotopologues of M0-M5 to be
measured and quantified in the same window, but SWATH_Win2 and Win3 methods
measured and quantified isotopologues across the two neighboring windows.

As a result, SWATH_Winl and Win4 methods shared similar isotopologue quantification
on both isotopologue peak area and isotopologue fraction which was also comparable to the
results of general MRM"R acquisition. However, the SWATH_Win2 method had lower
signal for the M0-M2 isotopologues and this led to a change in their mass isotopologue
fractions. The increased window overlapping width of 3.0 Da in the SWATH_Win3 method
showed no improvement in isotopologue quantification combining neighboring windows.
The results indicated a big drawback for the quantification of isotopologues of metabolites
that span multiple windows, which would also cause subsequent inaccuracies in the
quantification of fragment isotopologues. For targeted labeled metabolite analysis, it is
strongly recommended to refine the Q1 window setting to include all possible isotopologues
of precursor ions, even with the demand of making a custom SWATH window program or
creating variable Q1 isolation windows.>? In this study, the SWATH_Win1 method with
fixed Q1 isolation window was finally selected for the formal comparison with general
MRM"R and Zeno MRMH"R acquisition.
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Overlap N e .
SWATH method | CyclelD window width \m/z begin| m/z end Quantified mass isotopologue
2 99 140
Il SWATH_Win1 1.0Da \
- 3 139 180 MO,M1,M2,M3,M4,M5
. 2 99 149 MO,M1,M2
Il SWATH_Win2 1.0 Da
- 3 148 180 M3,M4,M5
2 97 149 MO
\TH_Win3 3.0Da
3 146 180 M1,M2,M3,M4,M5
[ 2 95 149 \
ATH_Win4d 5.0 Da
3 144 180 MO,M1,M2,M3,M4,M5
600000 - Isotopologue peak area 03 Isotopologue fraction

R4

= MRMHR

BE SWATH Win1

= SWATH_Win2
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Figure S1. Peak integration influence on target metabolite isotopologues spanning across two

neighboring SWATH mass isolation windows compared to complete isotopologues detection within

a single window.
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Figure S2. Extracted ion chromatography of target metabolites from de novo glutathione synthesis

(A), primary carbon metabolism (B), de novo NAD synthesis (C), purine and pyrimidine metabolism

(D). The metabolite abbreviations were introduced in Table S1.
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Figure S3. A. lllustration of peak scan points for metabolites glutamate (GLU) and glutathione (GSH)
eluting between 4 and 6 mins, using *3C labeling Zeno MRM"R acquisition method; B. Linearity test
of glutamate (GLU) and glutathione (GSH) based on the quantification for TOF-MS and MS/MS level.

5N-Glutamate MS'_TOF 5N-Glutamate MS?_Precursor 5N-Glutamate MS2_Fragment
CHNO, Hf oHl
1%x105; 1.5x107 1.5%107
8x105
o © 1x107 o 1x107
£ 6t g g
5 5 5
5 = =
4x10%
g & seaoe &  sxt0e
2x105
0 0 0-
Mo w1 Mo M1
5N-Glutathione MS'_TOF 5N-Glutathione MS?_Precursor 5N-Glutathione MS?_Fragment
Lanton CyHN.0;S . CyHN.0;S 2seror_ GHNO,
2%106+
@ 1x10% © a
g g 2 1.5%10°
] & &
5 kS =
1x106
&  sx00 & g -
5x10%
0 0-
MO M M2 M3 MO M1 M2 M3
. SWATH mm MRM®R_Zeno trap On mm MRM"R_Zeno trap Off

Figure S4. Sensitivity comparison at MS* TOF level and MS? fragmentation level among SWATH,
MRMHR and Zeno MRMHR acquisition for °N labeled isotopologue analysis (n=3). At the MS? level,
each precursor isotopologue was quantified using the peak area of residual precursor ion extracted
from its MS/MS scan window. Each fragment isotopologue was quantified by summing the peak areas

of the same fragment ion extracted from multiple MS/MS scan windows.
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Figure S5. Accuracy comparison at MS* TOF level and MS? fragmentation level between SWATH,

MRMHR and Zeno MRM"R acquisition for 5N labeled isotopologue distribution analysis (n=3).
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Figure S6. Product ion fragment annotation of glutamate.
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Figure S7. Product ion fragment annotation of glutathione.
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Table S1: Target metabolite list prepared in individual stock solution

Mono- Retention
CHEBI Metabolite Name Abbreviation Compound isotopic Solvent time
ID Formula .
Mass/Da /min
50%MeOH
16015 L-Glutamic acid GLU C5HINO4 147.0532 (0.5M 4.8
NaOH)
16865 gg{gma'Am'“Ob”ty”c GABA C4HINO2 103.0633 50%MeOH 5.7
50%MeOH
15428 Glycine GLY C2H5NO2 75.0320 (0.5M 5.1
NaOH)
17561 Cysteine CYSs C3H7NO2S 121.0197 50%MeOH 4.1
17115 Serine SER C3H7NO3 105.0426 50%MeOH 5.4
16856 Glutathione GSH C10H17N306S 307.0838 50%MeOH 4.6
17858 Oxidized glutathione GSSG C20H32N6012S2 612.1520 50%MeOH 7.1
50%MeOH
17053 L-Aspartic acid ASP C4H7NO4 133.0375 (0.5M 4.8
NaOH)
Glyceraldehyde 3- o
29052 Phosphate G3P C3H706P 169.9980 50%MeOH 5.2
50%MeOH
16675 Quinolinic acid QULN C7H5NO4 167.0219 0.1M 4.6
NaOH)
Nicotinic acid adenine
18304 dinucleotide DNAD C21H27N6015P2 665.1010 50%MeOH 5.2
15846~ Nicotinamide adenine 5 C21H27N7014P2  663.1091 509%MeOH 5.1
dinucleotide
15940 Nicotinic acid NAC C6H5NO2 123.0320 50%MeOH 25
17154 Niacinamide NCAM C6HBEN20 122.0480 50%MeOH 0.9
16828 L-Tryptophan TRP C11H12N202 204.0899 50%MeOH 3.2
16946 L-Kynurenine KYNR C10H12N203 208.0848 50%MeOH 3
52742 D-Ribose 5-phosphate  R5P C5H1108P 230.0192 50%MeOH 5.1
Uridine 5*- 0
16695 monophosphate UMP C9H13N209P 324.0359 50%MeOH 4.3
17659 Uridine 5'-diphosphate  UDP C9H14N2012P2  404.0022 50%MeOH 5.8
15713 Uridine triphosphate UTP CI9H15N2015P3  483.9685 50%MeOH 7.2
16704 Uridine URI C9H12N206 244.0695 50%MeOH 2
18050 L-Glutamine GLN C5H10N203 146.0691 50%MeOH
Inosine 50%MeOH
17202 IMP C10H13N408P 348.0470 (0.5M 4.7
monophosphate NaOH)
17596 Inosine INS C10H12N405 268.0808 50%MeOH 2.9
Adenosine 0,
16027 monophosphate AMP C10H14N507P 347.0631 50%MeOH 4.2
16761 Adenosine diphosphate ADP C10H15N5010P2 427.0294 50%MeOH 5.8
Adenosine o
15422 triphosphate ATP C10H16N5013P3 506.9957 50%MeOH 7
50%MeOH
16335 Adenosine ADN C10H13N504 267.0968 (12M 37% 1.7
HCL)
Guanosine .,
17345 monophosphate GMP C10H14N508P 363.0580 50%MeOH 5.3
17552 Guanosine diphosphate GDP C10H15N5011P2 443.0243 50%MeOH 7.2
15096 ~ Guanosine GTP C10H16N5014P3  522.9906 50%MeOH 8.3

triphosphate
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50%MeOH
16750  Guanosine GSN C10H13N505 283.0917 (12M 37% 3.3
HCL)
30915  Oxoglutaric acid AKG C5HB05 146.0215 50%MeOH 39
30769 Citric acid cIT C6H807 192.0270 50%MeOH 6.7
15741 Succinic acid succ C4HB04 118.0266 50%MeOH 3.1
18012  Fumaric acid FUM C4H404 116.0110 50%MeOH 43
30797  L-Malic acid MAL C4HB05 134.0215 V"c;{"e? 42
32816  Pyruvic acid PYR C3H403 88.0160 50%MeOH 18
44897 z:izsph"eno'pyr“‘”c PEP C3H506P 167.9824 509MeOH 55
422 L-Lactic acid LAC C3HB03 90.0317 50%MeOH 29

Table S2: Q1 mass isolation window setting design for different SWATH MS acquisition
methods

SWATH_Win1 SWATH_Win2 SWATH_Win3 SWATH_Win4

CyclelD Type g:e/éin m/z end :)ne/;in m/z end g;/;in m/z end qu/;in m/z end

0 SCAN 50 700 50 700 50 700 50 700
1 SWATH 60 100 60 100 60 100 60 100
2 SWATH 99 140 99 149 97 149 95 149
3 SWATH 139 180 148 180 146 180 144 180
4 SWATH 179 220 179 233 177 233 175 233
5 SWATH 219 260 232 260 230 260 228 260
6 SWATH 259 300 259 312 257 312 255 312
7 SWATH 299 340 311 340 309 340 307 340
8 SWATH 339 380 339 380 337 380 335 380
9 SWATH 379 420 379 420 377 420 375 420
10 SWATH 419 460 419 460 417 460 415 460
11 SWATH 459 500 459 511 457 511 455 511
12 SWATH 499 540 510 540 508 540 506 540
13 SWATH 539 580 539 580 537 580 535 580
14 SWATH 579 620 579 620 577 620 575 620
15 SWATH 619 660 619 672 617 672 615 672
16 SWATH 659 690 671 690 669 690 667 690
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Reconstruction of glutathione metabolism with HILIC-Zeno MRM

Table S5: Analysis of calibration curves by linear regression for targeted polar metabolites

Monoisotopic peak quantification based
on HILIC-Zeno MRM"R: MS?
precursor ion

Monoisotopic peak quantification based
on HILIC-Zeno MRM"R: MS* TOF

Metabolite linear linear
Name & Abbreviation Range regression Correlation Range regression Correlation
(ng/mL) equation coefficient r? (ng/mL) equation coefficient r?
y=ax+b y=ax+b
] o i y = 0.09408x i y = 0.09423x
L-Glutamic acid GLU 0.5-20 2 0.00654 0.9993 0.1-20 2 0.00184 0.99231
gamma- _ _
. . : y = 0.01376x : y = 0.02498x
,:;r;jmobutync GABA 0.5-20 20.00321 0.9970 0.5-20 20.00722 0.98887
. i y = 0.06750x i y = 0.06265x
Glycine GLY 2.5-20 2 0.02796 0.9705 0.1-20 20.00114 0.99284
. i y = 1.62624x : y = 0.04268x
Cysteine CcYs 0.5-20 2 0.13405 0.9849 0.5-20 2 0.00511 0.98631
. : y = 1.85033x } y =0.15519x
Serine SER 0.5-20 2021612 0.9842 0.1-20 2 0.00468 0.99099
Gluthione ~ osH 0520 Y7 107'623?98)( 0.9963 o120 Y é)léggslx 0.99042
Oxidized y =0.13221x
glutathione GSSG 12520 Tgqg7497 09957
L-Asparticacid  ASP 0520 Yo &22397" 0.9971 0520 Yo &22353" 0.98414
Glyceraldehyde } y = 0.13459x : y =0.05708x
3-Phosphate G3P 2.5-20 2017471 0.9951 2.5-20 2 0.04520 0.97976
o i y = 1.99410x
Quinolinicacid QULN  0.5-10 2 0.56754 0.9932
Nicotinic acid _
adenine DNAD 0.1-20 ;é_ogélzlgezex " 0.9993
dinucleotide '
Nicotinamide
! . y=0.04911x i y=0.00661x -
S?rfgé?gotide NAD 0.1-20 +0.00214 0.9978 0.1-20 0.00028 0.99223
N ) y=0.49684x -
Nicotinic acid NAC 1.25-20 0.25695 0.9976
N y=0.03137x
Niacinamide NCAM 0.5-7.5 +0.46290 0.9783
R ) y=1.11278x -
L-Tryptophan TRP 0.1-15 0.02141 0.9969
. y=0.25099x
L-Kynurenine KYNR  1.25-20 +0.14489 0.9922
Ehggﬁjfef’ RSP 1.25-20 X:()odéggz?wx 0.9959 05-20 {%%83%2”‘ 0.99025
Uridine 5'- y=0.30577x
monophosphate UMP 12520 % ¢ 14279 0.9924
Uridine 5'- y=0.18212x -
diphosphate UDP 12515 10720 0.9824
Uridine y=0.04053x - y=0.04263x -
wriphosphate V17 0520 00746 0.9972 0520 %.00326 0.99768
. R y=5.07060x R y=10.44443x
Uridine URI 1.25-20 +2.06304 0.9936 1.25-20 + 455206 0.99138
) . : y=0.34789x - B y=0.12971x -
L-Glutamine GLN 2.5-20 045254 0.9916 1.25-20 0.07467 0.99017
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Inosinic acid

Inosine

Adenosine
monophosphate

Adenosine
diphosphate

Adenosine
triphosphate

Adenosine

Guanosine
monophosphate

Guanosine
diphosphate

Guanosine
triphosphate

Guanosine

Oxoglutaric
acid

Citric acid

Succinic acid
Fumaric acid
L-Malic acid

Pyruvic acid

Phosphoenolpyr
uvic acid

L-Lactic acid

IMP

INS

AMP

ADP

ATP

ADN

GMP

GDP

GTP

GSN

AKG

CIT

succ

FUM

MAL

PYR

PEP

LAC

0.5-20

0.5-20

0.5-20

1.25-20

0.5-20

0.5-20

0.5-20

1.25-20

1.25-20

1.25-20

0.5-20

2.5-15

0.5-20

0.5-15

0.5-15

0.5-20

1.25-20

0.5-20

y=0.17864x
+0.04607

y=2.29697x
+0.53440
y=0.21048x
+0.03504
y=0.19175x -
0.11881
y=0.07104x -
0.00830
y=0.53435x -
0.04505
y=0.30406x
+0.02837
y=0.09374x -
0.04450
y=0.04653x -
0.01220
y=1.49311x
+0.92908
y=0.37209x -
0.07267

y:
0.000011245
X -
0.000020919
y=0.21359x -
0.01799

y=0.21057x -
0.01543
y=0.58386x -
0.21395

y=0.12035x -
0.00952
y=0.06405x -
0.04292
y=0.01475x
+0.00845

0.9974

0.9964

0.9983

0.9918

0.9990

0.9985

0.9973

0.9898

0.9972

0.9949

0.9962

0.9885

0.9994

0.9937

0.9922

0.9986

0.9871

0.9953

0.5-20

0.5-20

0.5-20

0.5-20

0.5-20

2.5-15

0.1-20

0.5-15

0.5-15

0.1-20

0.5-20

0.5-20

y=0.13977x
+0.03870

y=13.48598x
+3.15770

y=0.07631x
+0.00275

y=0.77803x
+0.04799

y=0.07988x
+0.01483

y=0.39052x -
0.68461

y=0.19293x
+0.00388
y=0.05153x
+0.00507

y=0.45951x -
0.16564

y=0.14188x -
0.00227
y=0.01273x -
0.00236
y=0.01674x
+0.00646

0.99557

0.99449

0.99854

0.99665

0.99109

0.98252

0.99613

0.98513

0.99381

0.995

0.9869

0.99327
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Reconstruction of glutathione metabolism with HILIC-Zeno MRM

Table S6. Reproducibility evaluation of 3C mass isotopologue distribution for one sample set
with no dilution (n = 3), twofold dilution (n = 3), and threefold dilution (n = 3)
measured by HILIC-Zeno MRM"YR method

DF_1x (n=3) DF_2x (n=3) DF_3x (n=3)

i i i Inter
Isotonoloaue protein protein protein Mean + SD
poleg content: content: content: CV %
38.0ug 19.0ug 12.7ug
GLU_CsHgNO,_MO 0.25+0.016 0.26 £0.019 0.29 £ 0.035 0.27 £0.030 11.2
GLU_CsHyNO,_M1 0.03+£0.003 0.03 £0.003 0.03+£0.001 0.03 £ 0.003 9.5

GLU_CsHgNO,4_M2 0.18 £0.016 0.18 £0.024 0.20 £ 0.009 0.19+0.018 9.5
GLU_CsHyNO,_M3 0.12 £ 0.004 0.12+0.010 0.11+0.033 0.12+0.018 15.4

GLU_CsHyNO,_M4 0.21 £0.012 0.20+0.016 0.19+0.021 0.20+0.017 8.6
GLU_CsHyNO,_M5 0.21+0.004 0.21 +£0.016 0.18 £0.025 0.20 £0.023 11.4
aKG_CsHgOs_MO 0.20+0.010 0.18 £0.019 0.16 £0.015 0.18 £0.021 11.6
aKG_CsHOs_M1 0.05 +0.007 0.06 +0.004 0.06 £ 0.001 0.06 +0.009 15.4
aKG_CsHOs_M2 0.28 +0.017 0.30+0.034 0.32+0.011 0.30 £0.027 8.8
aKG_CsHgOs_M3 0.11+0.013 0.11+£0.010 0.10+£0.019 0.11+0.013 11.7
aKG_CsHgOs_M4 0.19 £ 0.022 0.18 £0.018 0.18 £0.010 0.18 £0.017 9.4
aKG_CsHgOs_M5 0.17 +0.002 0.16 £0.019 0.17 £0.005 0.17+£0.011 6.7
GSH_C10H17N306S_MO 0.25+0.016 0.24 £0.046 0.23+0.03 0.24 +£0.03 12.4

GSH_C10H17N30¢S_M1 0.06 +0.003 0.06 +0.009 0.07 £0.008 0.07 +£0.007 10.9
GSH_C10H17N306S_M2 0.20+0.021 0.19 £0.042 0.18 £0.039 0.19 £0.032 16.8
GSH_C10H17N306S_M3 0.09+0.015 0.10+0.011 0.10+0.014 0.09 +£0.012 12.3
GSH_C10H17N30sS_M4 0.16 +£0.016 0.14+0.033 0.16 £0.016 0.15+0.022 14.2
GSH_C10H17N306S_M5 0.12 £ 0.009 0.13+0.026 0.13+0.028 0.13 £0.020 16.0
GSH_C1H17N30S_M6 0.06 +0.005 0.07 +£0.005 0.06 +0.004 0.06 +0.007 113
GSH_C10H17N306S_M7 0.04 +0.005 0.04 +£0.008 0.05 +0.008 0.04 +0.009 21.2
GSH_C10H17N30¢S_M8 0.01+0.001 0.01 +£0.002 0.01 +£0.002 0.01 +£0.002 24.2
GSH_C10H17N306S_M9 0.01+0.001 0.01 +£0.003 0.01 +£0.002 0.01 +£0.002 15.6
GSH_C10H17N306S_M10 0£0 0+0 0+0 00 15.4
GLU_FragC4sHyNO,_MO  0.27 +0.004 0.27 £0.019 0.27 £0.010 0.27 +£0.011 4.1
GLU_FragCsHyNO,_M1  0.17 +0.007 0.17 £0.012 0.18 £0.004 0.17 £0.010 5.7
GLU_FragC4sHyNO,_M2  0.12 +0.003 0.12 +£0.005 0.12+£0.003 0.12 +£0.003 2.8
GLU_FragCsHyNO,_M3  0.22 +0.008 0.22 £0.015 0.21 £0.002 0.22 £0.010 45
GLU_FragC4sHyNO,_M4  0.22 +0.005 0.22+£0.010 0.22+0.012 0.22 +£0.009 4.3

aKG_FragC4HsO;_MO 0.26 +0.020 0.24 +£0.021 0.23+0.024 0.24 +£0.022 8.9

aKG_FragCsHsO5_M1 0.14 +0.009 0.15+0.020 0.15+0.008 0.14 £0.012 8.2

aKG_FragC4HsO3_M2 0.13 +0.005 0.14+0.013 0.13+0.003 0.13 +£0.008 5.6

aKG_FragCsHsO3_M3 0.23+0.015 0.23 £0.006 0.23+£0.026 0.23 £0.015 6.8

aKG_FragC4HsO;_M4 0.24+£0.015 0.25+0.009 0.25+0.009 0.25+0.011 4.4
GSH_FragCsHgNO;_MO  0.34 +0.008 0.34 £0.037 0.34+0.012 0.34 +£0.020 5.9
GSH_FragCsHgNO;_M1  0.06 +0.003 0.06 +0.002 0.05 +0.005 0.06 +0.003 6.1
GSH_FragCsHgNO;_M2  0.19 +£0.010 0.18 +0.0106 0.19+0.017 0.19+0.013 7.1
GSH_FragCsHgNO;_M3  0.11 £0.012 0.12+0.016 0.12 £0.005 0.11+0.011 10.1
GSH_FragCsHgNO;_M4  0.16 +£0.011 0.17 +£0.010 0.15+0.009 0.16 £0.011 6.6
GSH_FragCsHgNO;_M5  0.14 +0.006 0.14 +£0.010 0.15+0.012 0.14 +£0.008 5.9
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Table S7. Determination of isotopomers distribution of 3C,-gluatamte according to the
labeling pattern of specific fragments in MS? spectrum

Ratio Ratio Fraction

sample Frag_1 Frag 1 Frag_1 1'\2M1-325 BT;ZC? M M41-32 = MLZ 34
m+0 m+l m+2 o e 2 127C, G-

Glutamate Glutamate Glutamate Glutamate
Control_C13 1 0 0.67 0.33 0.67 0.33 0.18 0.12 0.06
Control_C13 2 0 0.68 0.32 0.68 0.32 0.19 0.13 0.06
Control_C13_3 0 0.69 0.31 0.69 0.31 0.18 0.13 0.06
Control_C13_4 0 0.66 0.34 0.66 0.34 0.18 0.12 0.06
Control_C13 5 0 0.68 0.32 0.68 0.32 0.2 0.14 0.06
Rotenone_C13_1  0.01 0.79 0.21 0.79 0.21 0.17 0.14 0.04
Rotenone_C13_ 2  0.01 0.79 0.2 0.79 0.2 0.19 0.15 0.04
Rotenone_C13_3  0.01 0.78 0.21 0.78 0.21 0.21 0.16 0.04
Rotenone_C13_4 0.01 0.78 0.21 0.78 0.21 0.2 0.16 0.04
Rotenone_C13 5 0.01 0.79 0.2 0.79 0.2 0.17 0.13 0.03

Table S8. Determination of isotopomers distribution of 1*Cz-glutathione according to the
labeling pattern of specific fragments in MS? spectrum

Ratio Fraction
Frag_1 F;?J?Il Frag_1 M+2_
sample m+0 (M+2 m+2 Me2  M+2_ BC,- M+2_
(M+2_ BC,-GlIv+ (M+2_ BC,Gly  Gly+  BCrGlu
1BC,-Gly) 13c11-e|ﬁ) 18C,-Glu) BC, Glu

Control_C13_1 0.16 0 0.84 0.2 0.03 0 0.17
Control_C13_2 0.17 0 0.83 0.21 0.03 0 0.17
Control_C13_3 0.15 0 0.85 0.19 0.03 0 0.16
Control_C13 4 0.15 0 0.85 0.16 0.02 0 0.13
Control_C13_5 0.14 0 0.85 0.17 0.02 0 0.14
Rotenone_C13_1 0.61 0.01 0.39 0.04 0.03 0 0.02
Rotenone_C13 2 0.57 0.01 0.42 0.05 0.03 0 0.02
Rotenone_C13_3 0.53 0.01 0.47 0.04 0.02 0 0.02
Rotenone_C13_4 0.53 0.01 0.46 0.04 0.02 0 0.02
Rotenone_C13 5 0.55 0.01 0.44 0.05 0.02 0 0.02
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Chapter V

Abstract

Quantitative inference of intracellular reaction rates is essential for characterizing metabolic
phenotypes. The classical experimental method for measuring metabolic fluxes makes use
of stable-isotope tracing of metabolites through the metabolic network, followed by mass
spectrometry analysis. Established *C-based metabolic flux analysis requires
multidisciplinary knowledge in analytical chemistry, cell biology, and mathematical
modelling, as well as the use of multiple independent software tools for handling mass
spectrometry data and integration with a metabolic model. This approach is usually carried
out within a small network rather than at genome-scale. To overcome interdisciplinary
barriers and extend flux interpretation towards genome-scale, we developed fluxTrAM, a
semi-automated pipeline for processing tracer-based metabolomics data and integrating it
with atomically resolved genome-scale metabolic networks to enable flux predictions at
genome-scale. fluxTrAM integrates several external software packages with the COBRA
Toolbox enabling the generation of metabolite structure and reaction databases for a
genome-scale model, processing of labelled mass spectrometry data into standardised mass
isotopologue distribution data (MID), and metabolic flux inference. To demonstrate the
utility of this pipeline, we generated *C-labeled metabolomics data on an in vitro human
induced pluripotent stem cell (iPSC)-derived dopaminergic neuronal culture and processed
13C-labeled MID datasets. In parallel, we generated a chemoinformatic database of
standardised metabolite structures and atom-mapped reactions for a genome-scale
dopaminergic neuronal metabolic model. MID data were integrated into an atomically
resolved metabolic model for flux inference at genome-scale using a novel moiety
fluxomics method. Inferred fluxes were compared with the MID data exported to
established flux inference software for conventional flux inference with a central metabolic
model. Flux vectors inferred by conventional and moiety fluxomic approaches were
comparable but not identical. Further analysis are necessary with a genome-scale model that
is suitable for both conventional and moiety fluxomic approaches to flux inference.
Nevertheless, fluxTrAM enables the automation of labelled liquid chromatography (LC)-
mass spectrometry (MS) data processing into MID datasets and atom mapping for any given
genome-scale metabolic model. It contributes to the standardization and high throughput of
metabolic flux analysis towards a genome-scale.
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Introduction

Fluxomics aims for quantification of reaction flux at a genome-scale to comprehensively
characterise cellular metabolism. Quantification of reaction flux is challenging as, unlike
molecular species abundance, intracellular fluxes cannot be directly measured but must be
indirectly inferred from measurements of labelled molecular species [1]. A typical in vitro
fluxomic workflow proceeds from experimental design and cell culture implementation, to
mass spectrometric data generation and processing, and finally to inference of reaction flux
by computational modelling [2]. Therefore, progress in fluxomics is dependent on
overcoming challenges in a set of complementary fields, including cell biology, analytical
chemistry, and mathematical modelling. Herein, we focus on overcoming challenges in
automated data handling, processing of mass spectrometry data and preparing an atom
mapped model, which ultimately enables computational inference of metabolic flux.
Metabolomics allows a broad profiling of metabolites that connect diverse biochemical
reactions in a metabolic network. Given a chromatographic co-elution of metabolite
isotopologue peaks, reliable measurement of stable isotopically labeled metabolites requires
a high capacity for analytical technology in molecule separation or peak resolution. Recent
developments in mass spectrometry (MS) coupled with separation chromatography (gas
chromatography, GC, or liquid chromatography, LC) improve the measurement accuracy
of metabolite labelling patterns, as well as increase the coverage of metabolite classes [3,4].
In this way, metabolic flux profiling within a large-scale model becomes possible and can
have the advantage of providing a systematic view of metabolism. Along with this, an
advanced flux profiling approach at a genome-scale level is required.

By measuring a complex biological sample, high resolution (HR) LC-MS generates a large
volume of MS raw data especially with a long analytical run for sufficient chromatographic
separation. With the challenges of increased targeted metabolites, co-elution adding to the
mass spectral complexity and multiple biological replicates in a tracer experiment, it
becomes more difficult to process isotopologue labelling data. Manual peak integration to
obtain the mass isotopologue distribution (MID) of each target metabolite becomes
increasingly time-consuming and error-prone. To improve data quality and reproducibility,
several automated peak detection and extraction packages have been developed for LC-
HRMS [5-8], that enable automation of tracer-based metabolomics data processing. For
instance, X*3CMS provides unbiased retrieval of isotopologue groups from isotopically
labelled compounds between experimental conditions. MetExtact focuses on identifying the
entire labelled metabolome and annotating unknown metabolites from mixtures of
uniformly highly isotope-enriched and native biological samples. mzMatch—1SO offers its
functionality in both automated untargeted metabolite annotation and relative quantification
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of metabolite isotopologues. For our goal of targeted MID analysis, a pre-evaluation of each
tool's suitability for incorporation into a standardised workflow is indispensable.

The advancement of high-throughput experimental technology has increased the demand
for computational approaches to integrate complementary sources of omics data [9-11].
One such approach is integration of omics data with genome-scale computational models
of biochemical networks, which are reconstructed from experimental data on molecular
species and biochemical reactions [12]. Genome-scale models are especially useful for
predicting metabolic reaction flux [13]. However, quantitative inference of intracellular
metabolic reaction flux by integration of MID data with a genome-scale metabolic model
is challenging and typically is done with a subnetwork model [14].

Integration of experimental MID data with metabolic modelling is currently challenging.
On the one hand, the input of experimental MID data always needs external pre-processing
including correction of naturally occurring isotopes and tracer purity, which involves
intense user manipulation. On the other hand, currently available 3C flux analysis programs
implement non-linear optimization by minimizing the difference between measured and
iteratively simulated MIDs to compute an optimal flux solution within a specified metabolic
network [15-18]. Context-specific omics data supported by literature curation as well as
modelling expertise are required to generate an organism-specific network model.
Furthermore, for flux inference, a metabolic model must be atomically resolved such that
the atom mapping from substrate to product atoms is obtained, manually for small networks
or automatically for larger models. Automating the MID data processing and atom
transitions resolving into a continuous workflow would be beneficial to accelerate
metabolic modelling at genome-scale.

A reaction in a genome-scale metabolic network can be represented by a set of atom
transitions, each of which connects an atom in a substrate metabolite to this atom in a
product metabolite, forming an atom mapping for a reaction. Atom-mappings can be
algorithmically predicted at genome-scale [19] and when compared with manually curated
biochemical reactions, accurately predict atom mapping for ~90% of human metabolic
reactions [20]. Connecting sets of atom mappings for a metabolic network enables one to
atomically resolve a metabolic network at genome-scale [13]. Based on this approach,
automated workflows for atom mapping have been developed for several species, including
human [20] and Arabidopsis thaliana metabolism [21]. However, to have atomically
balanced metabolic reactions, it is necessary to identify the structures for each metabolite
in a genome-scale model. By including external chemoinformatics software such as Open
Babel [22], CXCALC [23] and the Reaction Decoder Tool (RDT) [24] it is possible to
convert between chemical formats, identify the pH required to balance the number of
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hydrogens in the substrates and products, and thereby atom-map balanced metabolic
reactions.

Graph theoretical analysis of an atomically resolved metabolic network enables
identification of conserved moieties, each of which is a set of atoms that remains invariant
with respect to all metabolic transformations in a given network [25]. The existence of
conserved moieties means that a biochemical network is a special type of hypergraph [25],
in the sense that the underlying stoichiometric matrix has special mathematical properties
not shared with a general rectangular matrix corresponding to a general hypergraph.
Fundamentally, this special property arises because one can represent a biochemical
network at an atomic level [26]. In a companion paper [27], we exploited this property to
develop a new mathematical and computational method that linearly relates metabolic
reaction flux to the rate at which each labelled or unlabelled conserved moiety transitions
between metabolites. Given mass isotopologue distribution data, this moiety fluxomics
method enables inference of metabolic reaction flux at genome-scale.

Herein, we present fluxTrAM, a novel pipeline for flux inference with tracer-based
metabolomics data and atomically resolved genome-scale model. fluxTrAM is an extension
to the COBRA Toolbox v3.4 [13] that also takes advantage of existing third-party packages
to achieve automated atom mappings and processing of labelled LC-MS data. It generates
a chemoinformatic database of standardised and context-specific metabolite structures
based on their InChl string and atom-mapped reactions for a given genome-scale metabolic
reconstruction. In parallel, wrapper functions interface with third-party packages to enable
processing of LC-MS raw data to generate standardised labelling data. This standardised
MID data was subsequently used for established approaches to flux inference as well as a
novel moiety fluxomics approach to flux inference where MID data was integrated with an
atomically resolved metabolic model to infer the internal fluxes at genome-scale [27]. The
utility of the pipeline was demonstrated by using stable-isotope labelled LC-MS data from
a human dopaminergic neuronal culture, where conventional *3C metabolic flux analysis
was compared with fluxes inferred using moiety fluxomics and also genome scale flux
predictions that were independent of labelling data. Based on inferred fluxes, the pipeline
also enabled prediction of moieties to be considered for labelling when designing a new
labelling experiment to further explore dopaminergic neuron metabolism.

Materials and methods

An overview of the methodology is given in Figure 1 and described in detail below.
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Figure 1. Methodological overview.

In vitro cell culture was fed with fully 13C labelled glucose (1). Labelled cellular samples were
collected after certain exposure time (2). A validated LC-MS platform [28] was established to measure
labelled intracellular samples (3). Labelled intracellular raw mass spectral data were converted into a
standard format (4, 5) and automated peak integration was used to obtain an isotopic labelling pattern
(6,9), unless it showed low correlation (8) to that obtained by manual peak integration (7, 10). Isotopic
labelling patterns were converted to mass isotopologue distribution data in a standard format (11, 12).
In parallel, atom mapping data was obtained from a genome-scale metabolic network by adding
structural chemoinformatic data for each metabolite in the network if required (13-15), or using
existing external data (17). The structural chemoinformatic data for each source in the model was used
to generate an InChl (16, 18) where any R group in a metabolite structure was replaced by a hydrogen
atom. The InChl strings obtained were compared to select the most representative structure for the
genome-scale model (19). The number of hydrogen atoms of the highest-scoring metabolite structures
was adjusted to match the number of hydrogens at which the metabolite is represented in the metabolic
model of dopaminergic neuronal metabolism (iDopaNeuroC) (20), resulting in a database of
standardised metabolite structures (21). The metabolic network stoichiometry and metabolite
structure database were used to express each reaction in an atomically resolved reaction format (22),
which was then atom-mapped (23) to generate an atom-mapped reaction database (24). Atom mapping
data was used to identify the conserved moieties in the iDopaNeuroC model (25, 26). The standardised

mass isotopologue distributions together with conserved moieties were used as constraints on the
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iDopaNeuroC model to infer fluxes using the moiety fluxomic method (30). Fluxes inferred using the
moiety fluxomic method were compared with predictions of fluxes without any isotopologue
constraints on the iDopaNeuroC using flux balance analysis (FBA, 28) and entropic flux balance
analysis [29] (29). Furthermore, the standardised mass isotopologue distribution data was imported
established flux inference software (INCA [16,30]) using a central carbon metabolism model (27, 31).
We compared inferred fluxes generated from the four different approaches: moiety flux inference,
FBA flux prediction, entropy flux prediction and central carbon metabolism flux inference using
INCA (32). Optimal genome-scale flux solutions were selected and used to further screen candidate
tracer moieties for a new labelling culture experiment (33).

1. Tracer experiment

1.1 In vitro cell culture

Generation of an in vitro culture of midbrain-specific dopaminergic neurons followed an
established protocol [31,32], with the adaptions described below. This culture method was
the same as that used for generation of iDopaNeuroC model [29] a context-specific model
of dopaminergic neuronal metabolism.

N2B27 medium preparation

The culture medium, denoted N2B27 medium, was used as the basis to prepare both
maintenance and differentiation media. 49.25 mL of culture medium was obtained by
mixing 24 mL Neurobasal medium (Invitrogen/Life Technologies), 24 mL of Dulbecco’s
modified Eagle’s medium (DMEM)/F12 medium (Invitrogen/Life Technologies)
supplemented with 1% penicillin and streptomycin (Life Technologies), 0.5 mL of 200 mM
L-glutamine (Life Technologies), 0.5 mL of B27 supplement without Vitamin A (Life
Technologies) and 0.25 mL of N2 supplement (Life Technologies). Glucose-free N2B27
medium was made in the same way, but with the Neurobasal medium replaced with
Neurobasal medium with no D-glucose (Invitrogen/Life Technologies), and the
DMEM/F12 medium replaced with stable isotope labeling with amino acids in cell culture
(SILAC) advanced DMEM/F-12 Flex medium with no glucose (Invitrogen/Life
Technologies).

Plate coating

Cell-culture treated 12-well plates (ThermoFisher scientific) were coated with 1% Matrigel
(Discovery Labware, Inc., USA, Catalogue number 354277) in 600 uL of DMEM (1X)
medium supplemented with knockout serum replacement (ThermoFisher scientific).

Cell seeding and maintenance

At the time of cell seeding, the knockout DMEM (1X) medium from the coating step was
removed from each well and the K7 hNESC line was seeded in three replicate wells. The
medium to maintain the hNESC in culture, denoted maintenance medium, was based on
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N2B27 medium with 0.5 uM PMA (Enzo life sciences), 3 uM CHIR (Axon Medchem) and
150 pM ascorbic acid (Sigma Aldrich). The cell seeding was done by preparing 1.8x10e6
million cells/mL in maintenance medium and adding 300 uL of this preparation together
with another 300 pL of maintenance medium to reach 4x10e5 cells per well. The plate was
incubated at 37 °C and 5% CO; for 48 h.

Neuronal differentiation and maturation

The differentiation medium with PMA was prepared to induce the differentiation of NNESC
towards midbrain dopaminergic neurons and consisted of N2B27 medium with 200 pM
ascorbic acid, 0.01 ng/uL BDNF (Peprotech), 0.01 ng/uL GDNF (Peprotech), 0.001 ng/uL
TGFpB3 (Peprotech), 2.5 uM dbcAMP (Sigma Aldrich) and 1 uM PMA. This medium was
completely replaced every 2 days during the next 6 days of culture in the differentiation
process. For the maturation of differentiated neurons, PMA is required to be absent from
the differentiation medium [31,32]. This differentiation medium without PMA was used
from day 9 onwards and complete media replacement was done every 2 days for 2 weeks.
13C-labelled neuron culture and sample collection

13C-labelled differentiation medium without PMA was prepared using glucose-free N2B27
medium, supplemented with 20.4 mM fully carbon labelled U-*3Cg-glucose (Cambridge
Isotope Laboratories, USA), 200 uM ascorbic acid, 0.01 ng/ uL BDNF, 0.01 ng/ uL GDNF,
0.001 ng/ pL TGFB3, 2.5 uM dbcAMP. For the pilot stable isotopic labelling study set,
differentiated neurons were maintained in two groups separately with *°C labelled and
unlabelled medium. Three replicate wells of neurons from each group were incubated under
37 °C and 5% CO; condition for 4 hours before quenching. For the formal stable isotopic
labelling study set, dopaminergic neurons were cultured in labelled medium at 37 °C and
5% CO; conditions with different incubation times, from Omin, 5min, 10min, 20min, 40min,
1h, 2h, 3h, 5h, 8h, 12h to 24h. Each condition group was run in triplicates. The spent
medium was collected into a 1.5 mL Eppendorf tube. Neurons in each well were
immediately quenched by using ice-cold 80% MeOH in water and harvested into a 1.5 mL
Eppendorf tube as cell lysate. All samples were fast frozen into liquid nitrogen and stored
in the -80 °C freezer until measurement.

1.2 Sample measurement

Labelled cellular samples were measured on a liquid chromatography-mass spectrometry
(LC-MS) platform to obtain the mass isotopologue distribution (MID) of target metabolites
(SM4. Table S1) [28]. The concentrations of U-*Ce-glucose in cell and medium were
quantified using the same platform. The cell lysate was sonicated, vortexed and then
centrifuged at 16000 relative centrifugal force (rcf), at 4 °C for 10 min. Cell pellets were
collected to measure the protein content using a bicinchoninic acid (BCA) assay (Thermo
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Fisher Scientific Inc, USA). Supernatants were transferred into clean 1.5 mL Eppendorf
tubes and evaporated to dryness in a Labcono SpeedVac (MO, United State). Each sample
was reconstituted with 60 uL ice cold methanol/water (80%/20%; v/v). 50 uL of the
reconstitution volume was collected and transferred into a new Eppendorf tube as a cell
supernatant sample. Next, 50 uL (5 pL) of each cell supernatant (medium) sample was
treated with liquid-liquid extraction by adding 40 uL of ice-cold methanol/water (80%/20%;
vIv), 45 L of ice cold milliQ water and 65 pL of ice-cold chloroform, followed with mixing
and vortexing for 5 min and centrifuging at 16000 rcf 4 °C for 10 min. 130 uL of the aqueous
phase was transferred into a new Eppendorf tube and extracted again by adding 25 pL of
ice-cold methanol/water (50%/50%; v/v) and 65 pL of ice-cold chloroform, followed with
mixing and vortexing for 5 min and centrifuging at 16000 rcf, 4 °C for 10 min. 140 pL of
the upper aqueous phase was collected and taken to dryness. The residue was reconstituted
with 50 pL of methanol/water (50%/50%; v/v), vortex-mixed, and centrifuged to remove
debris. The supernatants were finally transferred to vials for LC-MS analysis.

LC-MS analysis was performed on a SCIEX tripleTOF 5600 MS system (SCIEX, USA)
coupled to a Waters Acquity UPLC Class Il (Waters, USA) equipped with a SeQuant®
ZIC®-cHILIC HPLC column (2.1 mm x 100 mm, 3.0 um, Merck, Germany). The LC-MS
method was previously reported [28]. Mobile phase A was 90% acetonitrile, 10% water
with 5 mM ammonium formate, and mobile phase B was 10% acetonitrile, 90% water with
5 mM ammonium formate. LC elution followed a nonlinear gradient that starts from 0% B
(0-2 min) to 40% B (20 min), ends up with 0% B (20.1-35 min). The flow rate was 0.25
mL/min and the injection volume was 3 u L. The MS detection was set for a scan range of
50-900 m/z. Acquired raw LC-MS data files were stored in vendor-specific formats (.wiff
and .wiff.scan).

2. Tracer-based metabolomics data processing

A pipeline for processing of tracer-based metabolomic data was developed, which takes raw
mass spectrometry data as input and ultimately generates mass isotopologue distribution
data in standard format as output (Figure 2). This pipeline is implemented in MATLAB
(Mathworks Inc, USA), but calls several established external software tools for (i) LC-MS
raw data conversion, (ii) Peak detection and extraction, (iii) Isotopologue peak correction,
(iv) Isotopologue peak summary.
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Figure 2. The schematic representation of tracer-based metabolomics data processing pipeline.
In step 1, 'Raw data conversion', raw LC-MS data was processed by the function 'convertDataFormat'
into MS data in standard format. In step 2, 'Peak detection', standardized MS data used additional
inputs for running function ‘peakDetector’ to generate a result table of metabolite integration in a text
file 'dataMet.txt'. At step 3, 'Isotopologue correction’, the dataMet.txt file, the isoCor metabolite
database, and the correction parameter set were used as inputs for running the function
'naturallsotopes' to remove the isotopic impurity of tarcer and the naturally occurring isotopic
abundance. This created a 'dataMetCorrected.txt' file with a corrected integration table. In step 4,
"Isotopologue summary', the dataMetCorrected.txt file was used as an input together with the entered
nonmenclature types for running function ‘metaboliteSummary’, which finally generated a
'dataMetSummary.txt' file with an integration table including interconverted metabolite
nonmenclatures and summarized MID results shown in mean and standardized deviation.

LC-MS raw data conversion

A wrapper function (convertDataFormat, MATLAB) was created based on ProteoWizard
msconvert tool [33] for the pipeline to run 'msconvert.exe' externally and automatically but
still within a MATLAB environment. It is used to convert vendor-specific formats to
standard formats (mzML, mzXML, MGF, MS2/CMS2/BMS2, mzldentML). The specific
output format for fluxTrAM is centroid mode in mzXML with zlib compression.

Peak detection and extraction

To select one automated peak extraction software package, two candidate packages
(mzMatch-1SO [7] and X*3CMS [6]) were compared with two manual peak picking
software packages (EIMAVEN [34], Skyline [35]). The two manual peak integration
software packages (Skyline and EIMAVEN) utilised a common target metabolite list with
exact molecular formula and expected retention time for peak detection. A threshold of 10
ppm was applied so that interferences from ions with close masses could be eliminated
during peak extraction. In a first step of applying automated packages, XCMS [5] was used
for the initial peak detection and alignment. The optimal values for the parameter settings
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used in XCMS, mzMatch-1SO and X*3CMS analysis were tested in R (as supplementary
files: X®3CMS_src.R, mzmatch_install.R). Five types of metabolite classes from the pilot
stable isotopic labelling experiment were analysed, which included three amino acids
(alanine, aspartate, glutamate), three organic acids (phosphoenolpyruvate, ketoglutarate,
fumarate), one sugar phosphate (fructose 1,2-biphosphate), one tripeptide (glutathione), and
one nucleotide (ATP). Pearson correlation was used to evaluate the normalised integrated
peak area in automated and manual ways, and finally select one package for the automated
data processing.

A wrapper function (peakDetector, MATLAB) was created based on (XCMS [5], mzMatch-
ISO [7]) packages for the pipeline to execute R packages still within the MATLAB
environment. Converted LC-MS data was first analysed using XCMS to extract peaks. All
detected peak features were then processed by mzMatch-1SO for aligning, noise filtering,
gap-filling peaks, and later forming into a combined PeakML file containing all samples.
Based on the input of a targeted metabolite list, automated profiling could be performed to
extract relevant isotopologue peaks.

Isotopologue peak correction

For the correction of incomplete labeling of the isotopic tracer and naturally isotopic
abundance in metabolites, a wrapper function (naturallsotopes, MATLAB) was created
based on IsoCor [36] for the pipeline to excute the Python module within a MATLAB
environment. Relying on the experimental inputs, such as MS resolution, isotopic tracer
type, isotopic purity, the extracted isotopologue peaks for each metabolite were corrected
to only preserve the isotopic abundance resulting from the isotopic tracer. The final output
was the corrected MID data of each metabolite in each sample.

Isotopologue peak summary

The function metaboliteSummary was created to summarize the MID data from each
individual sample into the average MID and corresponding standard deviation. In addition,
it also recognises and converts between different possible metabolite nomenclatures (such
as Virtual Metabolic Human [37] (VMH) Abbreviation or Full Name, the Kyoto
Encyclopaedia of Genes and Genomes database [38] (KEGG), the Human Metabolome
Database [39] (HMDB), the International Union of Pure and Applied Chemistry (IUPAC),
the International Chemical Identifier (InChl) String and InChlKey [40], the Simplified
Molecular-Input Line-Entry System (SMILES) [41]) through the VMH database [37].

3. Atomically resolving genome-scale models

A parallel novel software pipeline was developed to atomically resolve any given genome-
scale metabolic model, where the result is a chemoinformatic database of metabolite
structures and atom mapped reactions. This pipeline is implemented in MATLAB, but calls
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several optional external software tools, such as Open Babel [22] and CXCALC [23] for
chemoinformatic data processing and the RDT [24] to atom map metabolic reactions (Java
SE Development Kit is required). Installation of these external software tools is optional
but recommended to obtain metabolites with higher confidence score. An overview of the
methodology to generate an atomically resolved genome-scale model is given in Figure 1
(13-24) and further described below.

3.1 Metabolite structures

Metabolites were represented with database identifiers, e.g., Virtual Metabolic Human [37]
(VMH), PubChem [42], the Kyoto Encyclopaedia of Genes and Genomes database [38]
(KEGG), Chemical Entities of Biological Interest [43] (ChEBI) or the Human Metabolome
Database [39] (HMDB). In addition to database identifiers, the metabolite structures were
also represented using several formats including metabolite chemical tables (MDL MOL)
that list all of the atoms in a molecule, as well as their coordinates and bonds [44]; the
Simplified Molecular-Input Line-Entry System (SMILES), which uses a string of ASCII
characters to describe the structure of a molecule [41]; or the International Chemical
Identifier (InChl) developed by the IUPAC, which provides a standard representation for
encoding molecular structures using multiple layers [40] as illustrated in Figure S2.

For a given metabolite, comparing different metabolic databases, one may obtain substantial
structural diversity due to the inclusion of different isomers in the different sources. The
fluxTrAM pipeline uses all of the aforementioned databases to obtain and ultimately select
a single InChl for each metabolite. InChl was chosen due to its standard structure for
encoding molecular information and it is a database independent representation [40].
fluxTrAM analyses all the InChl strings obtained from each source database assigning a
score based on the criteria shown in Table 1 to identify the metabolic structure that most
closely resembles the metabolite described in the genome-scale reconstruction. The InChl
for each metabolite is scored considering the chemical formula excluding hydrogen atoms,
similarity with other databases, stereochemistry and charge in order to avoid loss of the
predictive capacity of computer models, due to propagation of an inconsistent structures.

Table 1. InChl based comparison
Each InChl layer contains information that can be used to identify the metabolite structure that is
most similar to the metabolite in the genome-scale reconstruction.

Concept Score Description
Chemical formula Oor The chemical formula indicated in the genome-scale model is compared
10 with that obtained from the InChl. This feature is given more weight in

order to keep the metabolite in the genome-scale model, where all
reactions are stoichiometrically consistent and mass balanced.
Hydrogen atoms were ignored in this comparison since they can be
modified based on the charge (Figure S2).
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Charge Oorl  The charge indicated in the genome-scale model is compared with the
charge obtained from the source.

Stereochemical Oorl Indicates whether the InChl contains stereochemical information or not.

information

Standard Oorl Indicates whether the InChl is standardised or not.

Similarity with other Oorl  The number of sources where the InChl strings are identical, divided by

databases the total number of sources.

Main layer similarity Oorl  The number of sources where the main layers are identical, divided by

the total number of sources.
InChl with more layers ~ 0or1  InChl with more layers.

Letters in a formula that do not correspond to a chemical element, typically described with
an R, represent any group of atoms attached to the rest of the molecule for example an alkyl
group or hydrogen atom. To compare metabolite structures with R groups, these atoms are
modified by replacing each non-chemical atom with hydrogen only for the InChl
comparison (Figure 3.1). If the number of hydrogen atoms in the metabolite structure
obtained from a database and the metabolite obtained from the genome-scale model are
different, software (CXCALC [23]) is used to adjust the charge and number of hydrogen
atoms of a metabolite based on the pH (Figure 3.2). To ensure database consistency, the
molecular structures of the metabolites in the database were represented as either molecular
graphs or hydrogen-suppressed molecular graphs (Figure 3.3). Finally, the results were
presented as molecular structures in five different formats (metabolite chemical tables
(MDL MOL) [44], the Simplified Molecular-Input Line-Entry System (SMILES) [41], the
International Chemical Identifier (InChl), the InChlkey [40] and an image (JPEG file)
containing a graphical representation of the metabolite structure (when CXCALC is

R group replacement pH .
1 (InChl analysis) 2 correction 3Graph standardisation
0 0 o
H
)J\ ?

installed).

R OH H;C OH H . |
Metabolite with Acetic acid "
an Rgroup Charge: 0 Molecular graph
/B\ 0 o
H OH H,C 0 HyC OH
InChl=15/C2H202/c2-1-3/ Acetate Hydrogen-suppressed
h1H,(H,2,3) Charge: -1 molecular graph

Figure 3. Example molecular graphs.
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Metabolite structure represented in different forms, as well as how it is processed by the pipeline. (1)
If an unspecified alky group attached to the carboxyl group is represented by a non-chemical atom
(R), the R is replaced by a hydrogen to form a molecule that can be converted into an InChl. (2) The
pH of the acetic acid molecule is changed in order to obtain the charge described in the model. (3) In
order to achieve implicit hydrogen standardization, a molecular graph representing a metabolite's
structural formula is converted to a hydrogen-suppressed molecular graph, which is a molecular graph
with the hydrogen vertices removed.

3.2 Atomically resolved reactions

A reaction database was generated for all reactions where the corresponding metabolite
structures were available, as shown in the example using a metabolic model, Recon3D [45]

(Figure 4).
(a) Metabolite percentage coverage (b) Reaction coverage
4140 unique metabolites in the model 11646 intemal reactions in the model
16% 12%
2% ‘ 6%
19%
63%
82%
[_Jin balanced rxn
[JOcassionally in unbalanced rxn %LB)?\'::I:\?: d
[JIn unbalanced rxn [ IMissin
[ IMissing 9

Figure 4. Coverage of metabolite structures and atom mapped reactions in the model case of
Recon3D.

The fluxTrAM pipeline was used to collect 84% of the metabolite structures in Recon3D, while only
2% correspond to the metabolite structures that are always present in unbalanced reactions (a). The
metabolite structures were used to atom-map 88% of the reactions. 12% of the reactions are missing
because at least one metabolite structure is missing, and 6% are atomically unbalanced (b).

The obtained database of metabolite structures and reaction stoichiometriesfrom the
genome-scale model was then used to generate chemical tables for each reaction (MDL
RXN format) and was atom mapped using the Reaction Decoder Tool algorithm [24],
interfaced with the COBRA Toolbox [13]. Atom mapped metabolic reactions were
represented in reaction chemical tables (MDL RXN [44]) and reaction SMILES, while
unmapped metabolic reactions were represented in International chemical identifiers for
reactions [46] (RInChl; see Figure S2). Additionally, the reactions were atom mapped to
represent their reaction mechanism. To demonstrate the general utility of this software, we
generated atomically resolved reaction databases for iDopaNeuroC model, as well as
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several other species and community metabolic models, such as E. coli core [47], gut
microbial organisms (AGORA2 [48] and Recon3D [45]).

4. Inference of metabolic fluxes

4.1 Isotopomer Network Compartmental Analysis of central carbon metabolism

To perform conventional *C metabolic flux analysis, a stoichiometric model of central
carbon metabolism which included glycolysis, pentose phosphate pathway (PPP),
tricarboxylic acid (TCA) cycle was extracted from the iDopaNeuroC model. First, this
model was edited in a MATLAB-based *3C metabolic flux inference software package,
isotopomer network compartmental analysis (INCA, [16]), describing reaction
stoichiometries and carbon transitions between substrate and products (SM4. Table S2).
Then standardised MID data was imported into INCA to infer a steady-state metabolic flux
distribution in a central carbon metabolic model. INCA employs a type of decomposition
of an isotopomer network to simulate MIDs as a function of metabolic flux [49], then
metabolic flux is inferred by minimising the lack-of-fit between experimentally measured
and computationally simulated MIDs using a Levenberg-Marquardt optimisation algorithm.
Flux inference was repeated 50 times from random initial metabolic flux values to search
for a global minimum fit. To assess goodness-of-fit, we subjected flux results to a chi-square
statistical test and calculated 95% confidence intervals for each estimated flux value by
evaluating the sensitivity of the sum of squared residuals to parameter variations.

4.2 Inference of metabolic flux at genome-scale with moiety fluxomics

Previously [26], we provided a mathematical definition of a conserved moiety and
demonstrated how identification of the complete set of conserved moieties for a given
metabolic network leads to a novel moiety graph decomposition of a stoichiometric matrix.
We applied moiety graph decomposition to obtain the complete set of conserved moieties
for a genome-scale model from human stem cell-derived, midbrain-specific, dopaminergic
neurons in vitro, specfically iDopaNeuroC as described elsewhere [29]. In a companion
paper, we mathematically and computationally demonstrate how moiety graph
decomposition enables the development of a computationally efficient constraint-based
modelling method to infer metabolic fluxes from isotope labelling data for a using complete
metabolic network at genome-scale [27]. We applied this moiety fluxomic method to infer
metabolic reaction fluxes at genome-scale using the aforementioned standardised MID data
and a genome-scale model of dopaminergic neuronal metabolism.

4.3 Prediction of metabolic flux at genome-scale

Two additional methods, neither of which used any tracer-based metabolomic data, were
used to predict metabolic reaction flux in the genome-scale model of dopaminergic neuronal
metabolism: (i) Flux Balance Analysis (FBA) [50], with maximisation of ATP consumption
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(VMHID: ATPM) to simulate a high demand for energy of dopaminergic neurons [51], (ii)
Entropic Flux Balance Analysis (EFBA) maximisation of the entropy of forward and
reverse fluxes, a least biased flux prediction given the available data [52], which also
ensures that predicted flux satisfies energy conservation and the second law of
thermodynamics [29]. Visualisation of all relevant flux distribution maps was performed in
the software VANTED (Visualization and Analysis of Networks containing Experimental
Data), v2.1.0 [53].

Results

We present fluxTrAM, a semi-automated pipeline for quantitative flux inference at genome-
scale, including modules for processing of raw tracer-based mass spectrometry data into
standardised mass isotopologue distribution and for generation of a chemoinformatic
database of standardised metabolite structures and atom-mapped reactions at genome-scale.
We demonstrated the performance of these two modules using tracer-based metabolomics
data from iPSC-derived midbrain-specific dopaminergic neurons and a corresponding
neuronal metabolic model, respectively. Next, we utilised the intermediate results of the
pipeline for conventional *3C flux analysis with a central carbon metabolism model, and for
moiety fluxomics analysis at genome-scale.

1. Tracer experiment

Intracellular *C-glucose increased rapidly after 5 minutes and began to stabilise within 5
hours (Figure 5). The neuronal culture system reached a metabolic steady state within 24
hours uptake of **C-glucose.
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Figure 5. Progression toward metabolic steady state in differentiated dopaminergic neurons by
uptake of U-Ce-glucose.

The intracellular level of U-'3Ce-glucose measured at Omin, 5min, 10min, 20min, 40min, 1h, 2h, 3h,
5h, 8h, 12h and 24h, constant level reached at 24h.

2. Tracer-based metabolomics data processing

2.1 Comparison for peak detection and extraction packages
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Mass isotopologue peak integration using two automated software packages (mzMatch-1SO
[7] and X**CMS [6]) and two manual peak picking software packages (EIMAVEN [34],
Skyline [35]) were compared and the resulting isotopologue fractions for a set of 9 test
metabolites are shown in Figure 6. The Pearson correlation of the isotopologue fractions
between automated and manual is shown in Table 2. The test metabolites were
representative of clear ion chromatographic peaks varied in peak width, intensity, and
retention time. Given a list of well-established retention times and mass-to-charge ratios
(m/z) for either respective metabolites monoisotopic peak in EIMAVEN or their mass
isotopologues as well in Skyline, manual peak picking software still requires manual
inspection across the integration results of every sample. Finally, EIMAVEN and Skyline
showed comparable integration results for all test metabolites. The two automated packages
differed in their peak integration performance. X**CMS returned isotopologue fractions that
were less consistent with the integration results from the other packages. For example, no
peak was extracted for phosphoenolpyruvate and compared to manual peak integration,
there were low Pearson correlation coefficients for isotopologue fractions of aspartate and
fructose 1,6-biphosphate. In contrast, for each of the test metabolites, mzMatch-1SO
returned a similar isotopologue fraction to both of the manual software packages, which
overall showed a high Pearson correlation coefficient above 0.95. Their respective statistical
significance was below 0.002 (SM4. Table S3).
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Figure 6. Comparison between the manual and automated peak detection and extraction results.
The resulting metabolite isotopologue fractions of manual peak picking (EIMAVEN, Skyline) were
compared to automated isotopologue peak integration (X**CMS, mzMatch-1SO) for the tested nine
metabolites.
Table 2. Correlation analysis of integration results from automated packages and manual
software.

Pearson correlation coefficients between automatically and manually collected isotopologue
fractions for each of the tested nine metabolites. ND = not detected.

Metabolite szatch_-ISO Vs mzMatch-1SO vs X“CI\/_IS ' XBCMS vs
Skyline EIMAVEN Skyline EIMAVEN
Alanine 0.979 0.969 0.971 0.984
Aspartate 0.997 0.998 0.872 0.87
Glutamate 0.984 1 0.959 0.954
Phosphoenolpyruvate 0.99 0.99 ND ND
Fructose 1,6-
bisphosphate ! L 0.645 0.637
Ketoglutarate 0.975 0.989 0.998 0.989
Fumarate 0.995 0.985 0.899 0.852
Glutathione 0.996 1 0.995 0.998
ATP 1 1 0.985 0.985

148



fluxTrAM for metabolic flux analysis

2.2 Peak detection and extraction evaluation

To test the peak detection and extraction performance of the incorporated mzMatch-1SO [7]
package within our pipeline, we next analysed mass isotopologue distribution of essential
amino acids and non-essential amino acids in neurons from the pilot study set. The
integration output of 14 amino acids was compared between groups of neurons treated with
labelled glucose or unlabelled glucose, the result for nine amino acids is shown in Figure
7. For each amino acid, the statistical differences in the isotopic incorporation between
labelled and unlabelled group were evaluated based on an external t-test examination (SM4.
Table S4). Essential amino acids can only be taken up from diet and cannot be synthesised
de novo. Non-essential amino acids can be synthesised, mainly from glucose. The
isotopologue fractions of six essential amino acids showed a naturally labelled isotopologue
pattern in labelled neurons and had no significant difference from unlabelled neurons,
including methionine, threonine, leucine, isoleucine, phenylalanine, tryptophan. In contrast,
five nonessential amino acids including alanine, serine, aspartate, asparagine, glutamate
showed various labelling patterns in labelled neurons. Moreover, the calculated MIDs in
Table S4 showed high consistency across the three labelled or unlabelled sample replicates.
Conditionally essential amino acids, proline, tyrosine, and glutamine, showed different
preferences for synthesis from glucose in neurons. A significant labelling pattern from U-
13C¢-glucose could be observed in proline. Meanwhile, glutamine and tyrosine showed little
isotopic incorporation (Figure 7). The calculated MIDs were consistent among the labelled

or unlabelled replicates.
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Figure 7. The mass isotopologue distribution (MID) of nine amino acids in the labelled neurons
(n=3) and unlabelled neurons (n=3).

The labelled isotopomer pattern of methionine, leucine and isoleucine (essential amino acids), serine,
glutamine, aspartate (nonessential amino acids) and tyrosine, proline, glutamine (conditionally
essential amino acids) shown in both labelled and unlabelled neurons. Labelled neuron samples,
abbreviated in L1, L2, L3: Three replicate samples in the group of cultured neurons with isotopic
tracer. Unlabelled neuron samples, abbreviated in U1, U2, U3: Three replicate samples in the group
of cultured neurons with no isotopic tracer. The color represents the different detected mass
isotopologues as defined by the legend.

2.3 Data processing evaluation for a formal study set

To test the pipeline performance for processing a larger sample set, we further analysed the
dynamic changes in mass isotopologue distribution of central carbon metabolites for
neurons over a time course of 24 hours. A total of 36 samples for 10 metabolites (52
isotopologues) were processed automatically by fluxTram. The MID results can be found
in SM4. Table S5 and visualised in Figure 8. The labelling fractions of metabolites
increased immediately after the initial time point. The glycolytic intermediates,
phosphoenolpyruvate, pyruvate and lactate attained isotopic equilibrium within 5 hours.
They showed high abundances of fully ‘3C labelled states (M+3). The tricarboxylic acid
cycle, including ketoglutarate, succinate, fumarate, malate, citrate and glutamate, took
nearly 24 hours to reach an isotopic steady state. Each of them showed mass isotopologue
distribution in multiple **C labelled states, ranging from one 3C labelled to fully 3C
labelled.
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Figure 8. Evaluation of isotopic steady state in differentiated dopaminergic neurons by uptake
of U-13Ce-glucose.

Mass isotopologue distributions as a function of time for intracellular metabolites within 24h of
feeding isotopically labelled substrate, U-'3Cs-glucose.

3. Databases of metabolite structures and atom mapped-reactions

3.1 Metabolite structures

Figure 9 shows a comparison of the identifiers in the iDopaNeuroC model (See Table 1).
This comparison only reflects the specificity of the metabolite identifiers in the
iDopaNeuroC model, not the quality of the databases consulted. The VMH database [37]
contains the molecular structures that most closely resemble the metabolites described in
the iDopaNeuroC model, providing the largest number of atomically balanced reactions.
The more specific a metabolite structure is, the more likely it is to obtain a matched structure
for a genome-scale metabolic network, as evidenced by Figure 9 G. The metabolite formula
in the iDopaNeuroC model matched well with the formula from ChEBI [43], HMDB [39],
KEGG [38], and PubChem [42] databases, however, the charge is inconsistent with the
model, so they received a lower score in the InChl string analysis (Figure 9 A, B, D and E).
On the other hand, the InChls and SMILES identifiers in the model have high compatibility
in the formula and charge, but they lack stereochemical information, reducing their
specificity (Figure 9 C and F).
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Figure 9. Comparison of metabolite structure identifiers in the iDopaNeuroC model.

Each of the metabolite identifiers evaluated in this work was compared using various criteria,
including 1) IDs: the number of identifiers compared; 2) Comparison score: the number of times they
received the best score; 3) Formula match: the number of times the chemical formula matched the
metabolite formula in the iDopaNeuroC model (excluding the number of hydrogen atoms); 4) Charge
match: the charge consistency with the model; and 5) Stereochemistry: the number of times
stereochemical information was included.

3.2 Atomically resolved reactions

The genome-scale model of dopaminergic neuronal metabolism, iDopaNeuroC [29], was
atomically resolved. We obtained almost all (810/818) structures corresponding to the
metabolites in the iDopaNeuroC model. Of these, 677 metabolites were always present in
atomically balanced reactions, 116 metabolites were occasionally present in atomically
unbalanced reactions, and 15 metabolites were always present in atomically unbalanced
reactions. Two molecular structures were not used, because at least one molecular structure
was required to complete the reaction in which they were involved. Almost all (2,254/2,262)
internal metabolic reactions in the iDopaNeuroC model could be atom-mapped, of which
2,155 were atomically balanced and 99 were unbalanced. 18 metabolic reactions could not
be written, because at least one molecular structure was missing from the metabolite
database. A list of the problematic reactions, along with an explanation of why each reaction
was problematic, is provided in the supplementary information. Table 3 provides a
summary of the atomically resolved coverage of the iDopaNeuroC model as well as several
additional species and community metabolic models.
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Table 3. Atomically resolved coverage of metabolism in different models.

iDopaNeuroC E.coli core AGORA2 Recon3D
[29] [47] [54] [45]
Metabolites in the database 810 53 1894 3534
Metabolites in balanced 677 53 1510 2594
reactions
Metabolites occasionally in 116 0 260 789
unbalanced reactions
Metabolites always in 15 0 66 92
unbalanced reactions
Metabolites not used 2 0 58 59
Missing metabolites 8 1 1697 665
Reactions in the database 2254 71 4803 10279
Atom-mapped reactions 2254 71 4623 10279
Balanced reactions 2155 71 4583 9533
Unbalanced reactions 99 0 220 746
Missing reactions 18 & 1697 1367

4. Inference of metabolic fluxes

4.1 3C metabolic flux analysis of iPSC-derived midbrain-specific dopaminergic
neurons

Steady-state flux inference was performed on the formal sample set collected at a 24-h time
point on the basis of a stoichiometric model created in INCA covering 36 reactions (54
fluxes) from central carbon metabolism. As experimental constraints, the INCA flux
analysis utilised uptake rates (glucose, glutamate), secretion rates (lactate), and ten
standardised metabolite MIDs (glutamate, glutamine, ketoglutarate, succinate, fumarate,
malate, citrate, lactate, pyruvate, and phosphoenolpyruvate). The final stationary 3C flux
distribution results in Figure 10 showed glucose served as a primary nutrient to neurons
compared to glutamine. Remarkably high glycolytic activity and relatively low metabolic
activity in the tricarboxylic acid cycle were observed in neurons, whereas the pentose
phosphate pathway showed almost no metabolic activity.
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Figure 10. 3C metabolic flux analysis of differentiated dopaminergic neurons within central
carbon metabolism network.

A steady-state flux distribution map covering glycolysis, tricarboxylic acid cycle, and pentose
phosphate pathway for iPSC-derived midbrain-specific dopaminergic neurons. G6P: Glucose 6-
phosphate; F6P: Fructose 6-phosphate; FBP: Fructose 1,6-bisphosphate; DHAP: Dihydroxyacetone
phosphate; GAP: or G3P, Glyceraldehyde 3-phosphate; 3PG: 3-Phosphoglycerate; PEP:
Phosphoenolpyruvate; PYR: Pyruvate; LAC: Lactate; AcCOA.m: Acetyl coenzyme A in
mitochondria; OAA: Oxaloacetate; CIT: Citrate; aKG: alpha-Ketoglutarate; MAL: Malate; FUM:
Fumarate; SUC: Succinate; GLN: Glutamine; GLU: Glutamate; 6PG: 6-Phosphogluconate; Ru5P:
Ribulose 5-phosphate; R5P: Ribose 5-phosphate; X5P: Xylulose 5-phosphate; E4P: Erythrose 4-
phosphate; S7P: Sedoheptulose 7-phosphate.

4.2 Genome-scale flux analysis

Flux balance analysis [50] and entropic flux balance analysis [29] predicted reaction fluxes
in the iDopaNeuroC model without any constraints from isotope labelling data. The
standardised MIDs (glutamate, glutamine, ketoglutarate, succinate, fumarate, malate, citrate,
lactate, pyruvate, phosphoenolpyruvate) were used as new constraints to the iDopaNeuroC
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model, and helped to generate a third metabolic flux solution with a newly developed
moiety solver algorithm [27]. Three genome-scale flux solutions were compared to INCA
flux within the same central carbon metabolism network in order to evaluate their flux
rationality.

Regarding an accurate mapping of reaction flux at the genome scale to the corresponding
reaction in the core model, we adhered to the rule of combining steady-state flux, as
depicted in Figure 11.A. The self-defined central carbon metabolism model in INCA only
describes the major carbon transitions from glucose without indicating other reaction
substances and cofactors. However, metabolic reactions from the iDopaNeuroC model
cover multiple reactions related to the same carbon transition and with diverse reaction
substances or cofactor conversions involved. For instance, phosphoenolpyruvate can use
different diphosphate-nucleotides as reactants and convert into pyruvate. In this sense, we
merged the net fluxes of parallel reactions that share the same carbon transitions from the
iDopaNeuroC model together. In another case, a simplified reaction was described in the
INCA model to represent a series of reactions in the iDopaNeuroC model. For instance, the
conversion from 3-phosphoglycerate into phosphoenolpyruvate is via the intermediate
metabolite 2-phosphoglycerate. Therefore, the minimum flux of consecutive reactions was
used to represent the simplified reaction flux for the iDopaNeuroC model. In a third case,
if the intermediate metabolite receives net fluxes both from substrates A and C, the final
flux representing conversion from A to C is considered to be zero. Based on the calculated
flux distributions in the same core model (SM4. Table S6), a Spearman correlation analysis
showed that the entropy and moiety flux solution and the INCA model flux solution had a
relatively good correlation, however, the FBA flux solution had a poor correlation to any
other flux solution (Figure 11.B).

In terms of the reaction directionality of the nutrient exchange, the entropy, moiety and
INCA model flux solutions all showed the uptake of glucose, glutamate, glutamine, and the
secretion of lactate and pyruvate in neurons, whereas the FBA flux solution showed the
uptake of lactate and pyruvate and no uptake of glutamine. A comparison of internal
reactions was then only focused on entropy, moiety, and INCA model flux solutions. Within
the subsystem of glycolysis/gluconeogenesis, all relevant reactions share the same
directionality between the three flux solutions. The flux value of the reaction converting
pyruvate to lactate seen in the entropy and moiety flux solution fell within the INCA flux
range. Several reactions of the pentose phosphate pathway showed in opposite directions to
INCA model flux solutions, especially for moiety flux solution. They all, however, had low
flux compared to glycolytic reactions. Generally, pyruvate can be converted into acetylCoA
via pyruvate dehydrogenase (PDH) and join the tricarboxylic acid cycle. Besides, pyruvate
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anaplerosis can covert pyruvate directly into oxaloacetate via pyruvate carboxylase (PC) to
compensate for metabolite loss from tricarboxylic acid cycle due to biomass production
[55]. Interestingly, the reaction flux of PDH and PC observed in the moiety flux solution
both fell within the INCA flux range. Similar results can be also found in a few other
reactions. Regardless of this, three reactions of the tricarboxylic acid cycle showed in
opposite directions to INCA model flux solutions, as shown in Figure 11.C. A final steady-
state flux distribution map based on entropy, moiety and INCA model flux solutions can be
seen in Figure 12.
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Figure 11. Flux comparison between FBA flux, entropy flux, moiety flux, and INCA model flux
within the same central carbon metabolism network for iPSC-derived midbrain-specific
dopaminergic neurons.

A. lllustration on mapping reaction fluxes at the genome scale to the corresponding reaction flux in
the core model. B. Spearman correlation analysis between FBA flux, entropy flux, moiety flux, and
INCA flux within the same network. C. Comparison of individual reaction fluxes from glycolysis and
tricarboxylic acid cycle.
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Figure 12. Genome-scale metabolic flux analysis of differentiated dopaminergic neurons

projected within central carbon metabolism network.

A steady-state flux distribution map over glycolysis, tricarboxylic acid cycle, and pentose phosphate

pathway for iPSC-derived midbrain-specific dopaminergic neurons based on entropy (A, shown in

yellow), moiety (B, shown in blue), FBA (C, shown in red) flux solutions.
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Besides, the top 15 active pathways within the genome-scale network based on entropic
flux balance analysis were summarised in Figure 13. In comparison to the results of entropy
flux, moiety flux solutions exhibited comparable average flux results in most of the
subsystems. Higher flux activity can be found in the subsystems of fructose and mannose
metabolism, oxidative phosphorylation, glutamate metabolism, and citric acid cycle,
whereas lower flux activity was observed in the subsystem of glycolysis/gluconeogenesis.
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Figure 13. Subsystem activity.

Summary of top 15 active pathway subsystems in the iDopaNeuroC model based on the objective
function of entropic flux balance analysis, and the correalted results with FBA flux (red), and moiety
flux (blue) analysis.

Regarding the phenotypes for carbon source and energy production, entropy and moiety
flux shared some similarities and showed a big difference from FBA flux. Notably, with
moiety flux, the reaction of ATP synthase in mitochondria produced the most ATP, whereas
phosphoglycerate kinase in the cytoplasm produced the most ATP with entropy flux. Both
methods relied on glucose as their primary carbon source. (Table 4)
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Table 4. Modelling phenotypes.
Comparison of energetic phenotypes obtained using various genome-scale modelling approaches.

FBA flux Entropy flux Moiety flux
Carbon sources
Metabolite#1 Bicarbonate D-Glucose D-Glucose
Flux -4268 umol/gDW/hr -427.44 umol/gDW/hr -427.44 umol/gDW/hr
Formula CH03 C5H1205 Celeos
Metabolite#2 D-Glucose L-Arginine L-Arginine
Flux -440.40 umol/gDW/hr -29.35 umol/gDW/hr -27.77 umol/gDW/hr
Formula CeH1205 CeH1sN4O; CeH1sN4O;
Metabolite#3 L-Threonine Glycine Glycine
Flux -117.30 umol/gDW/hr -25.81 umol/gDW/hr -27.06 umol/gDW/hr
Formula C4HyNO; C,HsNO, C,HsNO,
ATP production

1st ATP source Nucleotide Phosphoglycerate Kinase ~ ATP synthase

interconversion
Flux -1e10° umol/gDW/hr -158.55 umol/gDW/hr 110.88 umol/gDW/hr
2nd ATP source Succinate- Coenzyme A ATP synthase Phosphoglycerate Kinase

Ligase
Flux -13105 umol/gDW/hr 52.23 umol/gDW/hr -105.392 umol/gDW/hr
3rd ATP source ATP synthase Pyruvate Kinase Pyruvate Kinase
Flux 33370 umol/gDW/hr 48.15 umol/gDW/hr -34.184 pmol/gDW/hr

5. ldentification of conserved moieties and new tracer design

A list of 10 conserved moieties within the atomically resolved iDopaNeuroC model was
identified (SM4. Table S7). Each conserved moiety corresponded to its own subnetwork.
To predict the best conserved moieties to label in a future tracer-based metabolomic
experiment, we first compared the coverage of internal reactions in every subnetwork.
Conserved moiety #59 had the highest coverage of carrying internal reactions flux.
Moreover, four of moiety-relevant subsystems were confirmed as top-15 active subsystems
in entropy flux-based solution, and two of moiety-relevant subsystems were confirmed as
top-15 active subsystems in moiety flux-based solution. Conserved moieties #5 and #56
showed about 50% internal reaction coverage. Nevertheless, they had no active subsystems
hits and conserved moieties #56 was not found within any uptaken metabolite in the whole
subnetwork. Overall, the conserved moiety #59 showed the most promising candidate
because of its subnetwork activity. To further trace that conserved moiety within network
through experiments, a partially *3C4, D, °Ny, 80-labelled thymidine can be designed as a
new culture tracer (Figure 14).
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Figure 14. Conserved moiety #59_CsH2N20

Overall reaction flux plot is classified by metabolic subsystem based on entropy flux and moiety flux
predictions. Inside the dotted line illustrates a determined tracer that can be utilised in a new tracer-
based metabolomic experiment.

Discussion

This work describes a semi-automated pipeline which streamlines and standardises the
procedure for preparing an atomically resolved metabolic model and processing tracer-
based metabolomics data to perform metabolic flux analysis at genome-scale.
Tracer-based metabolimics data processing

One part of fluxTrAM pipeline is focused on the standardised and high-throughput
processing for stable isotope labelling data and *3C metabolic flux analysis. The accurate
mass isotopologue distribution of the target metabolites depends on good peak detection
and extraction. Based on our evaluation, mzMatch-ISO showed higher accuracy than
XBCMS in collecting targeted isotopologue information. X13CMS is a package mainly
designed for untargeted metabolomics [6], and mzMatch is a package for both untargeted
and targeted metabolomics, mzMatch-1SO especially showed its unique advantage in
isotopic labelling data analysis with a list of target analytes. The function of peakDetector
based on the mzMatch-1SO package presented good consistency in the isotopologue faction
analysis for essential amino acids between the labelled and unlabelled groups while
showing significant differences for non-essential amino acids. The automated connection
between different packages guaranteed that no additional data format manipulation occurs,
leading to a consecutive data processing workflow. This was demonstrated in the analysis
of a time-course dataset from the formal study set. In addition, the pipeline is flexible in
that it allows self-defined parameter settings, and the output result for each function step
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can be freely exported. It is currently only applicable to processing LC-MS datasets due to
the restriction of selected automated peak extraction package. When appropriate packages
are developed by the metabolomics community, future development can be extended to LC-
MS/MS and GC-MS datasets.

In the application of *3C metabolic flux analysis for iPSC-derived dopaminergic neurons,
reaction flux was obtained within a central carbon metabolism network model in INCA
software. The experimental flux range within 95% confidence interval is valuable in
reflecting the basic energy metabolism regulation on a healthy neuronal model. The net
reaction flux map showed a very active glycolysis activity compared to the tricarboxylic
acid (TCA) cycle and the pentose phosphate pathway. However, this model was built based
on many assumptions to obtain a successful fit. Only a few nutrient transports (glucose,
glutamine, glutamate) were described in the INCA model compared to 320 exchange
reactions in the iDopaNeuroC model. Oxidative sources of unlabelled carbon such as amino
acids and fatty acids in the TCA cycle were not considered in this model. The output carbon
flux was limited to the secretion of lactate and pyruvate. Besides, metabolites were assigned
in one single pool without a compartmental difference. Although the experimental flux
solution was based on limited network size and many pre-defined assumptions, it still offers
a flux solution that can indicate a feasible cellular activity with statistically approved
goodness-of-fit and biological significance.

Metabolite structure and atom mapping databases

Obtaining metabolite identifiers is critical for expanding the database's coverage. Similarly,
having a wide range of sources increases the probability of obtaining the metabolites that
best represent those described in the genome-scale model. An InChl represents various
metabolite structures depending on the level of detail included in it (see Figure S1). The
main layer consists of layers 1 (standardised or not), 2 (chemical formula), 3 (atoms
connectivity), and 4 (hydrogen atom connectivity), e.g., InChl=1S/C3H7NO2/c1-
2(4)3(5)6/h2H,4H2,1H3,(H,5,6), which represents the alanine molecule; layer 5 adds the
charges, e.g., adding p-1, representing the alaninate molecule; and finally, layer 6 indicates
the stereochemistry, e.g., adding t2-/m0/s, representing the L-alaninate molecule. As the
specificity of the metabolites increases, so does the number of atomically balanced reactions
in the database. A high quality atomically resolved genome-scale metabolic model may
have multiple applications, some of which were explored in this work. Among the
applications are the estimation of fluxes in the metabolic network in combination with MID
data [27], identifying conserved moieties in the metabolic network to optimise tracer-based
experimental design [25,26], to calculate the potential energy in molecules [56] or to
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identify the amount of enthalpy change associated with a metabolic reaction via bond
enthalpies (See supplementary information).

Metabolite structures may be obtained in a variety of ways, including drawing based on the
literature using chemoinformatic software [23] or obtained from metabolic databases either
manually or computationally given various different identifiers. Different approaches exist
to differentiate isomers in order to obtain a consistent representation of a metabolite
structure from a biological system, such as the CAS Registry Number, a unique numerical
identifier that is independent of any chemical nomenclature system and is widely used to
identify chemical substances with a maximum capacity of 1 €9 identifiers [57]; or an InChl,
representing a chemical structure in a standardised manner, allowing the generation of a
unique identifier for a chemical structure [40], while other chemoinformatic formats such
as SMILES [41] and chemical tables [44], may use different annotations to represent the
same molecule. Nevertheless, assigning the correct identifier for a metabolite in a genome-
scale model is a difficult task due to the various isomers that a molecule may have, and
more work should be done in this area to avoid mismatches. This is the case of the
metabolite nicotinamide adenine dinucleotide, which is represented in the iDopaNeuroC
model [29] with the identifier CHEBI:15846 from the ChEBI database, whereas the
consistent identifier based on the number of hydrogen atoms should be CHEBI:57540.
Tools for mapping identifiers between different biological databases [58], such as
BridgeDB [59], the chemical translation service [58,60] and MetaboAnnotator [61], can be
useful to assigning metabolite identifiers in accordance with the genome-scale model.
Integrative metabolic flux analysis and new experimental tracer design

FBA was used to predict the steady-state flux distribution assuming maximization of
neuronal ATP production. Entropic flux balance analysis does not maximise the flux of a
single reaction but rather assumes the objective function is to maximise the entropy of every
forward and reverse internal reaction flux and also predicts a thermodynamically feasible
flux vector. In addition, the moiety fluxomics predicts a new genome-scale flux solution in
the atomically resolved iDopaNeuroC model by integrating the labelled MID data as extra
constraints. The latter two approaches outperformed the FBA method as evaluated by their
higher correlations with the flux inference using conventional metabolic flux analysis with
INCA while using a central carbon metabolism network model. Moiety flux inference
[27]shares some similarities with the entropic flux balance analysis prediction in terms of
metabolic phenotype. For instance, glucose was predicted as one of the primary carbon
sources for dopaminergic neuron. Nevertheless, it also shows some inconsistencies with
entropy modelling solution. Moiety flux predicted a very active ATP production via ATP
synthase (four protons for one ATP) in mitochondria, while entropy flux predicted a major
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ATP production from cytoplasm. While maintaining a comparable ATP production,
incorporating labelled MID data reformed some active subsystems of the neuronal
metabolism, shown as more active oxidative phosphorylation, glutamate metabolism, and
citric acid cycle, and less active glycolysis/gluconeogenesis.

Tracer choice plays an important role in determining the precision of network flux
estimation [62,63]. We applied U-*3Cg-glucose as the tracer for iPSC-derived dopaminergic
neurons, which is not an ideal tracer to elucidate flux through the pentose phosphate
pathway. Although glucose is a major nutrient used for energy production, neurons can
utilise multiple other nutrient sources as well. To improve the accuracy of genome-scale
flux prediction, a validation experiment with a new tracer is further required. Identification
of conserved moieties has strong potential for use in design of tracer-based metabolomic
experiments [64]. By isotopically labelling any single atom in a conserved moiety, one can
use the predict the reachable set reactions that could contain that isotopic label.

In our study, the results of the genome-scale flux prediction helped to determine optimal
tracers by evaluating flux activity of candidate conserved moieties on intracellular
metabolism. This will facilitate future study of particularly significant metabolic pathways
in more detail. On the other hand, it also contributes to the systematic interaction between
genome-scale modelling and experimental validation towards a more efficient level. The
conserved moiety proposed in this study, present in the metabolite thymidine, was found in
multiple subsystems making it a potential candidate for the design of novel labelled
molecules for a tracer-based metabolomics experiments. Ikuno reported an increased level
of thymidine in the plasma of prodromal Parkinson’s disease mouse model, which can cause
mitochondrial disorders characterized by mitochondrial DNA (mtDNA) depletion [65]. In
Anandagopu et al. [66], the distribution of thymidine was found to be decreased in PINK1
mRNA homo sapiens sequences, a mutation associated with mitochondrial dysfunction and
oxidative stress. Not all of the conserved moieties in the iDopaNeuroC were identified. This
was hampered by the absence of metabolite structures for some reactants, e.g., lipids with
R groups in the structure, as they precluded the atomic resolution of all reactions in the
iDopaNeuroC model. However, it was possible to atom map the majority of internal
reactions, which permitted the identification of the majority of conserved moieties [25,26]
in the iDopaNeuroC model.

Conclusions

Unlike a snapshot of metabolic phenotypes reflected by metabolite concentration, metabolic
fluxes offer a functional perspective on cellular metabolism. Current methods for flux
inference are often restricted to use with small-scale metabolic networks and are rarely
applicable at a genome-scale level. To standardise and streamline the implementation of

163



Chapter V

metabolic flux analysis at genome-scale, we developed a semi-automated pipeline,
fluxTrAM, that enables the integration of tracer-based metabolomics data with atomically
resolved metabolic networks for metabolic flux inference. The first module of fluxTrAM
implemented automated processing of tracer-based LC-MS raw data into standardised MID
data. The second module atomically resolves any given genome-scale metabolic model, and
results in the creation of a chemoinformatic database of standardized and context-specific
metabolite structures and atom-mapped reactions. We demonstrated the utility of this
pipeline by integrating experimental mass isotopomer distribution data with an atomically
resolved dopaminergic neuronal model using a novel moiety fluxomics method that enables
flux inference at genome-scale. The fluxes inferred by moiety fluxomics showed good
correlation with fluxes inferred using conventional *3C flux solution obtained based on a
central carbon metabolism network. To conclude on the relative merits of these approaches,
further analyses are necessary with a genome-scale model that is suitable for both
conventional and moiety fluxomic approaches to flux inference. Genome-scale flux
inference has the potential to broaden the analysis of metabolic flux beyond central carbon
metabolism and combined with the conserved moiety analysis, enables design of labelled
tracer for new labelling experiments.

Data Availability:

The fluxTrAM pipeline can be found in the COBRA Toolbox v3.4 [13]
(https://github.com/opencobra/COBRA .tutorials/tree/master/analysis/tracerMetabolomics
2atomResolvedModels). The metabolite structures and atom-mapped reactions generated
by the fluxTrAM pipeline from the genome-scale models iDopaNeuroC [29], E.coli core
[47], AGORA2 [54] and Recon3D [45] can be found on GitHub
(https://github.com/opencobra/COBRA.papers/2023_tracerMetabolomics2atomResolved
Models) and in the VMH database [37].

Scripts for running flux comparison analysis can be found on GitHub
(https://github.com/opencobra/ COBRA .papers/2023_tracerMetabolomics2atomResolved
Models)
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Supplementary Materials

1. Inconsistencies in atom mapping data

Not all of the metabolites from the HMDB database were collected, resulting in a low
collection of metabolites. This was due to connection problems with the database, as shown
by the The HyperText Transfer Protocol (HTTP) status 503, which indicates that the server
is not ready to handle the request.
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Inconsistent metabolites or reactions can cause unbalanced reactions. With the
iDopaNeuroC model, 15 metabolites were always present in at least one of the 100
unbalanced reactions; of these metabolites, 9 have non-chemical atoms that are used to
represent a variable metabolite pool or to highlight the reacting zone. Additionally, there
are inconsistencies between the information from the sources and the information in the
iDopaNeuroC model in 11 metabolites, such as metabolite 9E-elaidic acid, where the InChl
with the highest score has a different chemical formula than the formula described in the
iDopaNeuroC model, C18H3402 in all the sources and in the model C3yHeaN7017P3S .
Furthermore, because the metabolites were obtained from open databases, the model's
identifiers in some cases represent a molecule with no stereochemistry or charge, as
demonstrated by the metabolite L-arginine, from which the VMH alone obtained the highest
score. L-arginine is represented in on the VMH [31] as arg_L, in KEGG [39] as C00062 in
PubChem [43] as 6322 , in HMDB [40] as HMDBO00517 and in ChEBI [44] as
CHEBI:16467.

1.1 Inconsistencies caused by R groups

The R groups can cause inconsistencies because they represent a substructure that, because
they are not defined, can result in unbalanced reactions, such as reaction sphingomyelin
phosphodiesterase (VMH ID: HMR_0795).

Reaction VMH ID Formula
Glucosylceramidase GBA h2o[c] + gluside_hs|[c] -> glc_D[c] + crm_hs[c]
Glucosylceramidase (lysosome) GBAI h20o[l] + gluside_hs[l] -> crm_hs[l] + glc_D[lI]
S-Adenosyl-L-Methionine: HMR_0653  amet[c] + pe_hs[c] -> 2 h[c] + ahcys[c] +
Phosphatidylethanolamine N- M02686][c]

Methyltransferase

Ceramide glucosyltransferase HMR_0761  crm_hs[c] + udpg][c] -> h[c] + udp[c] +
gluside_hs[c]

Sphingomyelin phosphodiesterase HMR_0795  h2o[c] + sphmyln_hs[c] -> h[c] + crm_hs[c] +
cholp[c]

Phosphatidic acid phosphatase PPAP h2o[c] + pa_hs|[c] -> pi[c] + dag_hs|[c]

Phosphatidylserine decarboxylase PSDm_hs h[m] + ps_hs[m] -> co2[m] + pe_hs[m]

Phosphatidylserine synthase PSSA1_hs ser_L[c] + pchol_hs[c] <=> chol[c] + ps_hs[c]

Phosphatidylserine synthase PSSA2_hs ser_L[c] + pe_hs[c] <=> etha[c] + ps_hs[c]

Psdm_Hsc PSDm_hsc h[c] + ps_hs[c] -> co2[c] + pe_hs[c]

Sphingomyelin synthase SMS pchol_hs[c] + crm_hs|[c] -> dag_hs[c] +

sphmyln_hs[c]

1.2 Inconsistencies caused by protons

Inconsistencies with protons are caused by metabolite pH, which changes the number of
hydrogens, resulting in unbalanced reactions, such as reaction N-Acyl-Aliphatic-L-Amino
Acid Amidohydrolase (VMH ID: RE2642C)

Reaction VMH ID Formula
Cardiolipin synthase CLS_hs cdpdag_hs[c] + pglyc_hs[c] -> h[c] + cmp[c] +
clpn_hs[c]
Glucosylceramidase GBA h2o[c] + gluside_hs|c] -> glc_D[c] + crm_hs[c]
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Glucosylceramidase (lysosome)
S-adenosyl-L-methionine:
phosphatidyl-N-
dimethylethanolamine N-
methyltransferase

Ceramide glucosyltransferase

Metabolism of LeuSerTrp
(formation/degradation)
Lysophospholipase

Nicotinate D-ribonucleoside kinase
Nucleotide phosphatase
Phospholipase A2

Phospholipase A2 (extracellular)

RE1266C
Aminoacid N-acetyltransferase

N-acyl-aliphatic-L-amino acid
amidohydrolase

GBAI
HMR_0657

HMR_0761
LEUSERTRPr
LPASE
NICRNS

NP1

PLA2 2
PLA2_ 2e

RE1266C
RE2031M

RE2642C

h20o[l] + gluside_hs[l] -> crm_hs[I] + glc_D[l]
amet[c] + M02758[c] -> ahcys[c] + pchol_hs|[c]

crm_hs[c] + udpg[c] -> h[c] + udp[c] +
gluside_hs[c]

2 h2o[c] + leusertrp[c] <=>ser_L[c] + leu_L[c] +
trp_L[c]

h2o[c] + Ipchol_hs[c] -> h[c] + Rtotal[c] +
93pc[c]

atp[c] + nicrns[c] -> h[c] + adp[c] + nicrnt[c]
h[c] + naclc] + rlp[c] -> pi[c] + nicrns[c]
h2o[c] + pchol_hs][c] -> h[c] + Rtotal2[c] +
Ipchol_hs|c]

h2o[e] + pchol_hs[e] -> h[e] + Ipchol_hs[e] +
Rtotal2[e]

02[c] + 4mop[c] -> h[c] + co2[c] + CE2028[c]
accoa[m] + ala_L[m] <=> h[m] + coa[m] +
CE1554[m]

h2o[c] + CE1554[c] <=> ac[c] + ala_L[c]

1.3 Missing reactions

Finally, three of the missing reactions have stoichiometry that cannot be represented with
integers, resulting in the failure to generate an MDL RXN reaction. Additionally, not all
metabolites were present in the degradation (VMH id: HDL_HSDEG) and formation (VMH
id: HDL_HSSYN) of HDL due to the limited information available about metabolites in the

iDopaNeuroC model.

Reaction

VMH ID

Formula

Cytochrome C oxidase;
mitochondrial complex IV
Degradation of HDL

Formation of HDL

HMR_0017

Phosphate transport via Na+
symporter

CYOOm3

HDL_HSDEG

HDL_HSSYN

HMR_0017

PIt8

02[m] + 7.92 h[m] + 4 focytC[m] -> 1.96 h2o[m] +
4 h[c] + 4 ficytC[m] + 0.02 02s[m]

h2o[e] + hdl_hs[e] -> 2 chsterol[e] + 2 pchol_hs[e]
+ Rtotal[e] + Rtotal2[e] + Rtotal3[e] + glyc[e] +
HC00004[e] + HC00006[e] + HC00007[e] +
HC00008[e] + HC00009][e]

2 chsterol[e] + 2 pchol_hs[e] + tag_hs[e] +
HC00004[e] + HC00006[e] + HC00007[e] +
HC00008[e] + HC00009[e] -> hdl_hs[e]
M02909[e] -> 0.125 octa[e] + 0.125 dca[e] + 0.125
but[e] + 0.125 C01601[e] + 0.125 M02108[e] +
0.125 M03117[e] + 0.125 M03134[e] + 0.125
caproic[e]

1.5 nal[e] + pi[e] <=> pi[c] + 1.5 nal[c]
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MDL MOL:
HC02070
Header § - 552 Toolbox v3.0 - implicitH molecule - 03-Mar-2021
block § jnchikey=QNAYBMKLOCPYG)-REOHCLBHSA-M
Countsline] 650000 999 V2000
9.6653 -4.9652 0.00000 080000000000
89508 -4.5527 0.0000@©0 000000000000
Atom | 89508 -3.7277 0.0000©) 0 00000000000
block | 82363 -49652 0.0000© 0 0@000000000
82363 -5.7902 0.000080 000000000000
75218 -4.5528 0.0000€) 0 00000000000
= v ; 2110000
Name: L-alaninate song | 2220000
block | 4210000
Formula: C3H6NO2 45 1@o000
6410000
Properties § MICHG 11 =1
Charge: -1 End line | M END

SMILES: C[C@H]@QC&Q-Q=O
InChlkey:QNAYBMKLOCPYGJ-REOHCLBHSA-M
InChl:  InChI=1S/C3H7NO2/c1 -2§4R’)3Q6/h2H3§H2,1 H3,(H,5,6)/p-1/t2-/m0/s1

D D D D D G
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Figure S1. Comparison of metabolite structure formats.

An L-alaninate molecule represented by a hydrogen-suppressed molecular graph (implicit hydrogens).
The main branch of the molecule can be seen in green; the additional branches can be seen in brown,
pink and turquoise. The stereochemistry of the molecule is highlighted in blue, the double bond in
dark green and the charges in light brown. The same colours are used to indicate where this
information is represented in the different metabolite strucure formats. The InChl is divided into layers,
each of which begins with a lowercase letter, except for Layers 1 and 2. Layer 1 indicates if the InChl
is standardised. Layer 2 shows the chemical formula in a neutral state. Layer 3 indicates the
connectivity between the atoms (ignoring hydrogen atoms). Layer 4 demonstrates the connectivity of
the hydrogen atom. Layer 5 indicates the charge of the molecule. Layer 6 shows the stereochemistry.
Additional layers can be added, but they cannot be represented with a standard InChl.
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Name: Enolase

Formula:

SMILES:

RInChl:

2pg[c] <=> h2o[c] + pep|c]

[0-:1][P:9]([0:8][C@@:7]([C:3](=[0:4])[O-
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>>
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Figure S2. Chemoinformatic formats for chemical reactions.

Atom-mapped representation of enolase reaction in different chemoinformatic formats. The larger

moiety in the reaction is shown in blue, the hydroxide moiety in yellow, the hydrogen atom in green,

the sum sign in dark blue and the reaction sign in red.

Table S1. Metabolites targeted in the mass isotopologue distribution analysis by fluxTrAM

KEGGid Name Formula LC-MS retention time
C00064 Glutamine C5H10N203 9.952
C00025 Glutamate C5HINO4 9.206
C00074 Phosphoenolpyruvate C3H506P 10.57
C00022 Pyruvate C3H403 3.911
C00186 Lactate C3H603 5.587
C00026 Ketoglutarate C5H605 7.272
C00042 Succinate C4H604 6.18
C00122 Fumarate C4H404 8.049
C00149 Malate C4H605 7.979
C00158 Citrate C6H80O7 12.54
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Table S2. List of reactions and atom transitions for the central carbon metabolism model

created in INCA

1D Equation

GLCtlr glc_D.e (abcdef) -> glc_D (abcdef)

HEX1 glc_D (abcdef) -> g6p (abcdef)

PGI g6p (abcdef) -> f6p (abcdef)

PFK f6p (abcdef) -> fdp (abcdef)

FBA fdp (abcdef) -> dhap (cba) + g3p (def)
TPI dhap (abc) <-> g3p (abc)

GAPD/PGK g3p (abc) <-> 3pg (abc)

PGM/ENO 3pg (abc) <-> pep (abc)

PYK pep (abc) <-> pyr (abc)

LDH_L pyr (abc) <->lac_L (abc)

L_LACt2r lac_L (abc) -> lac_L.e (abc)
G6PDH2r/PGL g6p (abcdef) -> 6pgc (abcdef)

GND 6pgc (abcdef) -> ruSp_D (bcdef) + co2 (a)
RPI ru5p_D (abcde) <-> r5p (abcde)

RPE ru5p_D (abcde) <-> xu5p_D (abcde)
TALA s7p (abcdefg) + g3p (hij) <-> edp (defg) + fép (abchij)
TKT2 xu5p_D (abcde) + e4p (fghi) <-> g3p (cde) + fop (abfghi)
TKT1 xu5p_D (abcde) + r5p (fghij) <->g3p (hij) + s7p (fgabcde)
PYRt2m/PDHm pyr (abc) -> accoa (bc) + co2 (a)

CSm accoa (ab) + oaa (cdef) <-> cit (fedbac)
ACONTm/ICDHxm cit (abcdef) <-> akg (abcde) + co2 (f)
AKGDmM/SUCOASIm akg (abcde) <-> succ (bcde) + co2 (a)
SUCD1m succ (abcd) <-> fum (abcd)

FUMmM fum (abcd) <-> mal_L (abcd)

MDHmM mal_L (abcd) <-> oaa (abcd)

PCm pyr (abc) + co2 (d) -> oaa (abcd)
GLUDxm glu_L (abcde) <-> akg (abcde)
GLUVESSEC glu_L.e (abcde) -> glu_L (abcde)
GLNtm/GLUNm gln_L (abcde) <->glu_L (abcde)
In_gin_L gin_L.in (abcde) -> gIn_L (abcde)
Out_Pyr pyr (abc) -> pyr.out (abc)

ME mal_L (abcd) -> pyr (bcd) + co2 (a)
In_CO2 co2.in (a) -> co2 (a)

Out_CO2 co2 (a) -> co2.out (a)

Out_gin_L gin_L (abcde) -> gin_L.out (abcde)
In_Pyr pyr.in (abc) -> pyr (abc)
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Table S3. Correlation analysis of integration results from automated packages and manual
software
Pearson correlation p values between automatically and manually collected isotopologue fractions for
each of the tested nine metabolites. ND = not detected.

Metabolite mzMatch-1ISOvs ~ mzMatch-1SOvs ~ X®CMS vs XBCMS vs
Skyline & EIMAVEN & Skyline & EIMAVEN

Phosphoenolpyruvate 7.22E-10 6.77E-10 ND ND
Fumarate 3.06E-14 3.18E-11 5.19E-06 5.54E-05
Ketoglutarate 6.29E-12 1.13E-14 8.45E-21 9.25E-15
Alanine 3.02E-08 2.09E-07 1.44E-07 8.31E-09
Aspartate 6.77E-16 1.02E-16 2.23E-05 2.48E-05
Glutamate 2.10E-13 8.95E-29 3.29E-10 8.17E-10
Fructose 1,6-bisphosphate 3.98E-31 1.33E-41 1.60E-03 1.91E-03
Glutathione 5.99E-34 9.49E-51 5.44E-33 1.89E-39
ATP 1.25E-53 1.61E-58 3.51E-25 2.08E-25
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Chapter VI

Conclusion

The progressive loss and degeneration of dopaminergic neurons in the mid-brain region is
a major pathological hallmark of Parkinson's disease (PD). Due to poorly understood
disease pathogenic mechanisms, current therapy is compromised and focused more on
treating motor symptoms than slowing down the neurodegenerative process. The onset and
progression of PD can be triggered by multiple risk factors, for instance genetic mutation,
environmental exposure, and aging. Each of these factors may cause common or unique
metabolic disturbances, ultimately converging into a complex metabolic disorder reflected
in the diversity of clinical phenotypes. Through metabolome analysis, the full picture of the
metabolic landscape depicting a biological system can be revealed. Metabolites function as
key elements and direct read-outs of a system’s functional status. Alterations in the
metabolite concentrations are thus informative for inferring and understanding the
underlying metabolic activity. Metabolites are typically characterized by significant
physicochemical variability and wide concentration ranges. This diversity creates analytical
challenges, and a single analytical platform rarely covers the full range of metabolites of
interest [1]. It also makes it important to evaluate the platforms that can be utilized for
metabolomics analysis, taking into account the sample type, sample volume, research
questions, metabolite concentration, etc. Information derived from broad metabolic
profiling can be very instructive in understanding biochemical changes resulting from
perturbations. In addition, stable isotope labeling techniques coupled with metabolomics
can bring us an extra dynamic vision of the metabolic landscape. Changes in the labeling
patterns of metabolites help identify alterations with metabolic fluxes through pathways.
For the analytical workflow to capture and process these alterations in metabolite labeling
patterns, more analytical and computational developments are still required.

The aim of this thesis was to develop a comprehensive analytical strategy for characterizing
the metabolic activity related to PD neurodegeneration, especially focused on the
improvement in metabolome coverage and data quality, and facilitating use of stable isotope
labeling in in-depth metabolism investigation. In this chapter, we summarize the
multifaceted solutions for constructing our comprehensive analytical strategy in PD
metabolomics research. The key solutions revolved around tackling the current analytical
challenges faced in selecting an appropriate polar stationary phase used in polar
metabolome analysis, advancing the analytical method for tracer-based metabolome
analysis, and developing a computational workflow for metabolic flux analysis. These
methods were applied to investigate metabolic dysregulation of dopaminergic neurons to
genetic and environmental factors. The value and contribution of developed methodological
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solution in this thesis, as well as the current limitations, are reviewed. Finally, we conclude
by proposing opportunities for future research.

Polar metabolome analysis using LC-MS

The ultimate aim of metabolomics is to precisely identify and quantify all metabolites
present in a specific biological sample. High-resolution mass spectrometry with an
increasing mass resolving power, coupled with enhanced chromatographic resolution, has
improved the metabolomics analysis towards broadened feature detection. It has been
widely recognized that the combination of multiple analytical platforms in metabolomics is
an appropriate strategy to increase global metabolite coverage. Reversed-phase liquid
chromatography (RPLC) mainly targets the non-polar and mid-polar metabolome analysis,
and hydrophilic interaction chromatography (HILIC) targets the polar metabolome analysis.
The chromatographic separation is highly determined by the interaction of the metabolite
with the stationary phase, followed by fine-tunings of solvents, pH, additives, column
dimensions, and temperature. But due to the limited understanding of HILIC retention
mechanisms and lack of guidance on HILIC method evaluation, HILIC is less widespread
than RPLC for global metabolomics studies. Polar metabolites account for a large
proportion of the metabolome and play important roles in regulating energy and biomass
production (e.g. amino acids, carbohydrates, carnitines), interconnecting metabolic
modules as a reflection of overall metabolic state (e.g. ATP, NAD(H), S-
adenosylmethionine), and producing reporter metabolites in controlling and modulating the
activity of signaling pathways (e.g. glycolytic intermediates) [2]. From this, it is reasonable
to assume that the comprehensive analysis of polar metabolites involved in major
biochemical pathways (e.g., glycolysis, the tricarboxylic acid (TCA) cycle, the pentose
phosphate pathway, amino acid metabolism, nucleotide metabolism, neurotransmission,
etc.) would allow for an extensive exploration of metabolic dysregulation related to
neurodegeneration.

To accelerate the implementation of HILIC-MS analysis as a routine platform for large-
scale clinical PD metabolomics studies, the analytical requirements of resolution,
reproducibility, robustness, efficiency and result reliability have to be strictly evaluated. In
Chapter 2, we provided guidance for systematically evaluating hydrophilic interaction
chromatography column performance for global plasma metabolomics studies. Plasma was
selected as the investigated biological matrix due to its ease of collection and high
information content. First, a scoring system was designed to evaluate the chromatographic
performance of representative standards involving the aspects of metabolite retention, peak
sensitivity (signal-to-noise ratio), peak sharpness (peak height), and peak symmetry (tailing
factor). Second, a simple linear regression model could be constructed to analyze the
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relationship between metabolite polarity at different pH conditions and elution order,
allowing for the investigation of the column retention mechanisms. Third, assessment of
the matrix effect and particularly the ion suppression induced by salts helped to identify the
vulnerable metabolite classes or the elution range affected by salt ions (clusters). Fourth, a
repeatability test monitoring the retention time and peak area of spiked standards in plasma
was used to evaluate the column stability for intra- or inter-batch analysis. Finally, a pilot
study using an untargeted metabolomics analysis of test plasma from different phenotypes
could be carried out to estimate the total metabolic feature coverage and feature retention
distribution.

Following this systematic evaluation, we determined the ZIC-c HILIC column (zwitterionic
stationary phase) operated at neutral pH was optimal for global polar metabolome analysis
due to its superior performance for different classes of compounds, better isomer separation,
good repeatability, and high metabolic coverage. We also specifically demonstrated the ion
suppression caused by the sodium chloride in the plasma analysis. Thereby, it is
recommended to restrict the introduction of salt ions, for instance anticoagulant counter
cations (Na+ from citrate in Na-citrate plasma and K+ from K-EDTA in EDTA plasma), as
reported by a previous study [3]. Additional difficulties arise because citrate and EDTA
show some retention on the HILIC column and will induce ion suppression or enhancement
effects on other co-eluting peaks. Considering these obstacles, heparin plasma is preferred
for future HILIC-MS global analysis. This evaluation procedure can be selectively applied
to any new HILIC column or new biomatrix test in the future. And as current HILIC
columns are not yet fully robust, new HILIC columns can be expected to be developed and
offered. The optimized HILIC-MS chromatographic method developed in Chapter 2
served as the basis for the targeted metabolomics study in Chapter 3, and the mass
spectrometric approach coupled with this separation method was further optimized for
tracer-based metabolomics in Chapter 4.

Targeted metabolomics provides distinct advantages in the quantification of known
metabolites belonging to certain compound classes or common metabolic pathways with a
high level of confidence in the accuracy, precision, and repeatability, despite the limited
number. To achieve a broad and known metabolite analysis with a wide dynamic range in
our PD pathogenesis investigation, we adopted three analytical platforms for targeted
profiling of 106 polar metabolites, 50 acyl-carnitines, and over 200 signaling lipids. By
utilizing human iPSC-derived midbrain neuronal models, a new way for simulating PD
metabolic disease brought on by specific genetic/environmental factors and their interacting
contributions was presented. The methodological advancements enabled us to capture a
comprehensive picture of metabolomic dysregulation in an in-vitro iPSC-derived midbrain
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neuronal model of PD represented by the PINK1 mutation, mitochondrial complex |
inhibitor (rotenone), and joint-factor intervention in Chapter 3. This gave us a chance to
investigate into the hypothesis that genetic deficiency involved in mitochondrial-stress
pathways could increase the susceptibility towards neurodegeneration in response to
environmental toxins. Through comparative metabolomics analysis, we found similar
metabolic dysregulation caused by rotenone and the PINK1 mutation seen in energy failure
(reduced fueling by glucose, saturated fatty acids, and branched chain amino acids),
impaired redox balance (blocked oxidation of NADH to NAD+), as well as different TCA
cycle disturbances, all leading to impaired mitochondrial respiration. Moreover, oxidative
damage was found in both the mutated and rotenone-exposed groups. However, the PINK1-
mutated model showed a robust anti-oxidative and anti-inflammatory response, while a
rather severely disturbed response was seen due to rotenone exposure. Neurons with the
inherent PINK1 mutation interacting with exogenous rotenone stress resulted in a more
complicated neurodegenerative metabolism. This study clearly unraveled the underlying
molecular mechanism of mitochondrial dysfunction induced by a genetic or environmental
toxin perturbation and explained the complexity of neurodegeneration from a metabolomics
perspective. The supplementation of NAD+ or its precursors has been reported as a
promising therapeutic strategy for future clinical PD treatment [4,5]. Targeting the same set
of PD neuronal models, this study additionally demonstrated the limited efficacy of NAD+
treatment in ameliorating rotenone-related energy defects, and had no effectiveness for the
PINK1 mutated group. Instead, it unexpectedly introduced dysregulation of polyunsaturated
fatty acids to the joint-factor group. Overall, our study provides valuable insights into a
deep understanding of parkinsonism pathogenesis.

In Chapter 3, the combination of multiple metabolomics platforms targeting specific polar
and non-polar metabolites opened several windows that allowed us to specifically probe
cellular metabolic activity in different metabolic pathway modules. Since just one patient
cell line was used as the established neuronal model, a follow-up validation using more
patient cell lines with the PINK1 mutation is still required. In the future, improved or novel
drug treatments can be evaluated using the established neuronal models and targeted
metabolomics platforms. Targeted metabolomics analysis can also be performed on plasma
samples from patients in order to highlight the release of unique metabolite markers from
neurons into the intravascular fluid. In addition, global plasma analysis will be a crucial and
indispensable approach for identifying novel biomarkers with a strong correlation to
neuronal alterations as well as a high level of significance, which is achievable by
combining the established HILIC-MS method described in Chapter 2 with the
complementary RPLC-MS methods.
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Use of Stable isotope labeling for in-depth metabolic flux investigations

The metabolomics study performed in Chapter 3 to determine the probable changes in the
metabolic network in neurons was helpful in identifying relevant biochemical pathways to
follow up using stable isotope labeling. Therefore, we focused on central carbon
metabolism and its connection to de novo nucleotide synthesis and glutathione metabolism
pathways in an effort to capture the reaction changes from energy failure towards oxidative
stress related to PD neurodegeneration. Current stable isotope enrichment analysis using
mass spectrometry primarily records the total number of labeled atoms and the mass
isotopologue distribution (MID) of the intact metabolite structure. Labeling information at
the intact level can be used to probe pathway activity. Labeling information at the
metabolite substructure (moiety) level also plays an important role in discovering novel
pathways and estimating metabolic fluxes. A dissection at the moiety level can bring
additional insights into pathway reconstruction, reaction connections, and relevant flux
regulation [6-8]. However, there are still technological challenges in detecting intact
metabolites and fragmented moiety isotopologues with strong specificity while maintaining
high sensitivity and accuracy.

In Chapter 4, we developed a HILIC-Zeno MRM"R method for structurally-resolved mass
isotopologue distribution analysis, allowing simultaneous acquisition at MS* and MS?
levels in a single analytical run. From an analytical perspective, this method successfully
achieved accurate and reproducible MID quantification for intact metabolites as well as
their fragmented moiety, with notably high sensitivity in the MS? fragmentation mode using
Zeno trap pulsing, a system of trapping fragment ions prior to the Time-of-Flight (TOF)
injection for duty cycle improvement. Compared to the conventional SWATH method, this
method still preserved the relationship between labeled precursor and fragment ions, which
was beneficial in accurately identifying the same labeled isotopologue with differential
labeling positions. We demonstrated the case by distinguishing two different isotopomers
(1,2-33C,-glutamate and 3,4-13C,-glutamate) that belong to the same isotopologue (**Co-
glutamate) but are produced by pyruvate anaplerosis (PDH) and pyruvate carboxylase (PC)
activity, respectively, from a given D-'3Cs-glucose tracer.

From an application perspective, the HILIC-Zeno MRMH"R method successfully identified
flux regulations of glutathione metabolism in relation to rotenone-induced
neurodegeneration. By interpreting the intact metabolite and moiety MID data, we first
validated the pathway reconstruction of de novo glutathione synthesis in mid-brain neurons
from isotopically labeled nutrient sources, separately using D-*Cs-glucose and L-*°N,-
glutamine. Increased oxidation from basal and de novo synthesized glutathione pools under
neuronal oxidative stress both contributed to the severely impaired anti-oxidative capability
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caused by rotenone exposure. Furthermore, we demonstrated the decreased de novo
glutathione synthesis was associated with altered activities of several key enzymes found
in the glucose-derived glutamate supply and GSH synthetic reaction. The application of our
approach was not limited to elucidating glutathione metabolism but also included studying
de novo nucleotide metabolism connected with central carbon metabolism in response to
rotenone perturbation. By considering the hypothesis of potentially changed enzyme
activity along relevant pathways, the method allows for flexibility in selecting target
metabolites for fragmentation. Identification of the key metabolic flux regulations within
these metabolic pathways can further augment our understanding of disease mechanisms.
Metabolite labeling patterns in conjunction with targeted metabolomics data are strongly
effective in elucidating the cellular flux control of a specific metabolic pathway or reaction
under selectively perturbed conditions [9]. This approach works well for hypothesis
verification via revealing localized regulation [9,10]. To achieve comprehensive flux
phenotyping for studied cell models on a network-wide scale, a quantitative approach to
metabolic flux inference has been gradually developed, named fluxomics. This global
monitoring approach shows promise for quickly identifying primary flux re-routing for
accommodating diseased condition based on the changes of absolute fluxes over multiple
metabolic pathways and contributes to new hypothesis generation. However, there is still a
long way to go before it finally reaches its true potential for accurately characterizing
mammalian cell metabolism at the broader scale. This heavily relies on the constant
development and improvement of both analytical and computational methodologies
covering reliable reconstruction of a cell type-specific metabolic model, accurate atom
mapping in metabolic reactions, measurement of isotopmers encompassing labeled
positional information, the development of standardized and high-throughput data
processing and analysis pipelines, etc [11,12].

Chapter 5 presented our efforts in constructing a semi-automated pipeline in MATLAB,
for computing flux with Tracer-metabolomics in Atom-resolved Modelling (fluxTrAM).
The first part of the fluxTrAM pipeline could process tracer-based LC-MS raw data and
convert them into a standardized MID dataset. This involved multiple steps, including raw
MS data format conversion, metabolite peak detection and integration, isotopologue peak
correction with naturally occurring isotopic abundance, and basic summarization of
metabolite MID results. The peak integration performance of both manual and automated
software packages was rigorously assessed using the HILIC-MS method to measure
multiple metabolite classes. The optimal package, mzMatch-1SO, was embedded into the
pipeline and guaranteed accurate targeted isotopologue integration. Additionally,
automated connections between various packages reduced the amount of data format
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manipulation and enabled a sequential data processing workflow. The second part of the
fluxTrAM pipeline focused on atomically resolving any given genome-scale metabolic
model, where the results included a chemoinformatic database of standardized and context-
specific metabolite structures and atom mapped reactions. In the final part of the fluxTrAM
pipeline, experimental MID data could be exported into external 3C flux analysis programs
for flux estimation on a small network scale. Meanwhile, it could also be integrated into the
atomically resolved genome-scale model for flux analysis at the genome-scale. The feasible
flux distribution obtained from the small and generic central carbon metabolism model
served as a good reference solution for determining the flux feasibility obtained from the
neuron-specific genome scale model. On the other hand, the genome-flux solution revealed
extensive metabolism regulation in the studied cell model that extended far beyond central
carbon metabolism. Our work presented the first genome-scale flux solution of human
dopaminergic neuronal metabolism based on experimental tracer-based metabolomics data.
It helped in revealing many characteristic metabolic phenotypes of neuronal cells while also
raising the necessity for studying more PINK1 patient-derived cell lines. In the future,
follow-up verification of disease hypotheses generated from genome-flux solutions can be
achieved using the combined targeted metabolomics (Chapter 3) and tracer-based
metabolomics approaches (Chapter 4). In addition, new (tracer-based) metabolome data
can be used as input for further refining the neuron-specific genome-scale model and
predicting new flux distribution, as illustrated in the Figure 6.1 (a, b, c, e, rl and r2).
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Figure 6.1. A schematic workflow for combining conventional metabolomics and tracer-based
metabolomics approaches in the PD neuronal metabolism study. Tracer culture represents cells fed
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with stable isotope-labeled substrates, while normal culture is provided with unlabeled substrates. The
future implementations are labeled in red dotted lines and the expected results to be collected are
labeled in red dotted boxes. a-e: cell culture, analytical experiments, and computational analysis. r1-
r4: Metabolome results, as data input for the iDopaNeuro model.

Future perspectives

In this thesis, we demonstrated the capacity of our developed HILIC-MS method for global
polar metabolome analysis (Chapter 2) and its subsequent application into targeted
metabolomics analysis for a Parkinson’s disease neuron metabolism study (Chapter 3),
where relative quantification results were reported. Beyond this thesis with rigorous method
validation, targeted absolute quantification so far has been achieved for 106 polar
metabolites from nine classes, including amino acids, amines, sugars, sugar phosphates,
nucleosides, nucleotides, acyl-carnitines, coenzyme A, and organic acids. By using the
increasingly available reference standards and related internal standards, identification and
characterization followed by adequate validation will allow to further expand the number
of quantifiable targets. Two approaches can be generally followed for extending metabolite
coverage. One is the pathway-wise inclusion strategy, which involves adding the missing
metabolites from a pathway that is already covered or adding metabolite sets related to a
newly given pathway. As an example, as discussed in Chapter 4, y-glutamylcysteine should
be added to the HILIC method because it is an important intermediate in the de novo
synthesis of glutathione [13]. In addition, the UDP-GIcNAc synthetic pathway is an
important pathway to investigate due to its position as a significant hub connecting glucose-
, amino acid-, fatty acid-, and nucleotide-metabolism. UDP-GIcNACc is involved in O- and
N-linked protein glycosylation, which is important for regulating nutrient sensing and
responding to cellular stress [14,15]. The other strategy for prioritizing method extension is
metabolite class-wise inclusion, which involves including as many metabolites as possible
from a specific class. Growing evidence implies altered polyamine metabolism as a
correlate of PD progression [16,17]. Our method has included some polyamine precursors
and catabolites, such as L-ornithine and -aminobutyric acid. Many polyamines, including
1,3-diaminopropane, putrescine, cadaverine, spermidine, spermine, agmatine, N-
acetylputrescine, N-acetylspermine, and N-acetylspermidine, remain to be tested and
should be given priority for inclusion in an extended method.

From a technical perspective, high resolution-based MS and MS/MS methods coupled to a
chromatography method can be ideal tools for bridging the gap between untargeted
metabolomics profiling and targeted metabolite quantification [18], further extending
metabolite coverage in relative or absolute quantitative methods. In terms of large-scale
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polar metabolomics quantification, the high-resolution TOF-MS approach can be more
susceptible to interferences and have less selectivity than a typical multiple reaction
monitoring (MRM) method. However, many QTOF mass spectrometers are able to perform
data-dependent or data-independent acquisition (DDA or DIA), such as SWATH or MSA",
which allow for recording retention time, high-resolution m/z and MS/MS spectra within
the same chromatographic run [19,20]. These three elements are valuable parameters and
useful for constructing a comprehensive metabolite MS/MS library database, hence
facilitating unknown feature identification in a new sample matrix, and comparing to
existing (on-line) databases. Along with further enhanced dimensions in both
chromatography and MS instrumentation, other advanced parameters including MS?®
spectra, ion mobility-derived collision cross sections [21], and retention time matching
using an orthogonal chromatography can be also recruited for metabolite identification.
Newly identified metabolites can be incorporated for later targeted quantification, as
illustrated in the left part of Figure 6.1. For overcoming the lack of selectivity in
quantitative analysis, a high-resolution TOF-MS approach equipped with parallel reaction
monitoring (PRM/MRMH"R) works as an ideal approach. A recent method coupling HILIC
to the general PRM method in a positive/negative ion switching mode achieved
simultaneous relative quantification for 237 polar metabolites [22]. Equipping the general
PRM/MRM"R method with Zeno trap pulsing could improve MS/MS sensitivity and extend
the linear dynamic ranges even further. In Chapter 4, we showed how we used a HILIC-
Zeno MRM"R method to quantify 180 precursor isotopologue ions from 25 polar
metabolites. This (HILIC-Zeno MRM"R) method can also be easily modified to measure
individual metabolites. Based on reduced elution overlap and a scheduled window design,
it would have the advantages of providing a lower cycle time and higher method sensitivity
for individual metabolite quantification.

The power of stable isotope tracer-based metabolomics, via leveraging additional labeling
information to monitor individual reactions or pathway alterations within the interconnected
metabolic networks, has been successfully demonstrated not only in our study but in many
others as well. However, the potential of stable isotope tracing combined with high-
resolution metabolomics technology for characterizing labeled metabolites in an untargeted
manner has still not been fully explored. So far, most studies have focused on the targeted
analysis of limited known metabolites from anticipated metabolic pathways. This is
regarded as the most efficient and accurate way to answer the hypothesis-driven question,
whereas a data-driven discovery based on isotope-enriched metabolome (isotopolome)
analysis can be of great value to a systematic investigation of metabolism and generate new
hypothesis. Untargeted isotopolome analysis is still quite challenging due to the complexity
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of isotope labeled metabolomics data. The major bottleneck is the lack of an appropriate
workflow to identify unknown labeled features and extract isotopologue information with
good accuracy and reproducibility on a large scale.

Through the aforementioned high-resolution LC-MS/MS (DDA or DIA) analysis,
metabolite annotation can be first carried out based on collected MS? and MS? data from
unlabeled samples without tracer treatment. Following that, all present isotopologues of
annotated metabolites present in labeled samples treated with tracer after a certain period
can be extracted. This concept was successfully demonstrated in a recent study named
"MetTracer". The study results showed high promise in the unbiased large-scale MID
analysis of up to 830 3C-labeled metabolites and 1725 ‘3C-labeled isotopologues, which
covered 66 metabolic pathways in human embryonic kidney 293T cells [23]. Among the
annotated 830 metabolites, each one is assigned three confidence levels. Level 1 means
metabolites annotated through matching of retention time, high-resolution m/z and MS/MS
spectra with the in-house metabolite database. Level 2 means metabolites annotated through
matching high-resolution m/z and MS/MS spectra with public metabolite databases. Level
3 means metabolites annotated based on MS1 and surrogated MS/MS match using in-house
identification software. It should be noted that total annotated metabolite at levels 1 and 2
accounted for less than 50%. The use of in-house developed metabolite libraries still has its
limits due to standards availability and cost issue. Additionally, it is prone to errors when
using external metabolite databases, easily leading to ambiguity and low coverage of
identification. To increase confidence in identification, labeled metabolites can provide
valuable information on the possible numbers of certain atoms in the molecule. Besides, the
metabolite labeling pattern may convey potential connections with other known labeled
metabolites. A special effort has been made to analyze MID similarity for pathway
contextualization of unidentified metabolites, which provides an alternative solution to
further constrain database searches [24]. The proposed approach remains to be tested with
LC-MS data and may provide higher metabolome coverage. Available software specializing
in unknown labeled metabolite detection and extraction are often bespoke solutions
developed to address specific project needs following specific analytical and culture
workflows or data structures, for instance, having preconditions for selective ionization
techniques, LC-MS or GC-MS, parallel labeling designs, joint analyses for native and
highly isotope-enriched biological samples in a single run, etc [25-30]. This requires users
to pre-evaluate suitable solutions applicable to their own scenario and tailor the tracer-based
metabolomics workflow accordingly. In Chapter 5, we tested and incorporated mzMatch-
ISO in fluxTrAM given its excellent capacity for targeted metabolite isotopologue
extraction and integration. Future work can add unknown metabolite identification as a pre-
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step before targeted processing, also complementing the automated demand of connecting
Figure 6.1 d and Figure 6.1 r3. Candidate software can be tested for its performance in the
following areas: speed of processing high-resolution LC-MS/MS (DDA or DIA) data,
database matching accuracy, cell culturing cost, interoperability with other packages or
manual curation, etc. This process can be time-consuming and cumbersome but will be
long-term beneficial for future large-scale data analysis in studies involving multiple
experimental conditions or serial time-points in dynamic monitoring.

One aspect that still needs to be addressed regarding stable isotope tracer-based
metabolomics is the effective utilization of metabolite moiety MID data in metabolic flux
analysis. For a localized pathway analysis, moiety MID from a key-node metabolite can be
investigated in conjunction with intact metabolite MID to understand the enzymatic
regulations of a series of connected reactions [7,8], as demonstrated in Chapter 4. For a
global network analysis, moiety MIDs act as additional valuable inputs for improving the
precision of metabolic flux prediction [31,32]. For instance, they were applied for shrinking
the feasible flux solutions for the model of the cyanobacterium Synechococcus sp. PCC
7002 (59 reactions, 53 metabolites) [32]. It is highly promising that in future studies, we
can incorporate both intact and moiety MIDs acquired by the HILIC Zeno MRM"R method
further into the established genome-scale model, iDopaNeuro, representing human
dopaminergic neurons [33]. The computational approaches for performing genome-scale
flux analysis assisted with intact and moiety MIDs can highly accelerate the process of
biological inference and hypothesis generation for a new stable isotope tracing experiment.
Current moiety MID analysis still requires a significant level of manual integration and
calculation, once automated software tools are developed in the future, it will be possible
to have them evaluated and integrated into the fluxTrAM pipeline.

Aiming at the ideal goal of fully comprehending cellular metabolism regulation in
Parkinson’s disease, there is still a long way ahead. With the recent analytical and
computational developments in revealing metabolite concentrations and flux alterations, it
becomes increasingly possible to address ambitious questions. Parallel efforts have been
made on constructing the iPSC-derived microglial cell or astrocyte model using healthy
and PINK1 mutant cell lines in our group. In the future, we can consider extending our
metabolomics investigations into glial response to degenerative neurons. Activated
microglial cells and reactive astrocytes are reported to exert both protective and detrimental
effects in the neuronal extracellular environment [34,35]. To mimic the intercellular
communication between glial cells and neurons and answer how these effects modulate
neuronal degeneration, for instance, we can treat the patient-derived neurons with glial cell-
conditioned media and perform our proposed tracer-based metabolomics analysis. After
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more work is put into developing cellular models of co-cultures in an environment
analogous to the human substantia nigra pars compacta, together with their corresponding
interactive cellular genome-scale models based on multi-omics data, we expect to design
new tracer-based metabolomics experiments to help determine the distinct role of each cell
type in the neurodegenerative process. Overall, combining metabolomics profiling based
on patient-derived cellular models with metabolic phenotype predictions via in silico
genome-scale model analysis would constantly generate new hypotheses and allow us to
perform validation or possible enzymatic treatment in a loop fashion. We believe that a
better understanding of the metabolic dysregulation leading to PD pathogenesis may bring
novel diagnostic and therapeutic approaches into clinical trials. On the other hand, our
proposed strategy can also be used to examine any novel medications, providing additional
indicators for drug preclinical evaluation. Combined efforts from the analytical, biological,
and computational fields will be extremely valuable and will eventually contribute to the
development of personalized treatments for Parkinson's disease patients, allowing them to
live a high-quality elder life.
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Samenvatting

De hoge prevalentie van neurodegeneratieve ziekten onder de oudere bevolking is een almaar
zorgwekkender probleem geworden. Dit vormt voor zowel individuele gezinnen als de gehele
maatschappij een gezondheids- en economische last. Mensen bij wie de ziekte van Parkinson is
vastgesteld hebben de gebruikelijke gebreken in motorisch handelen, die in een later stadium
gepaard kunnen gaan met ontwikkeling van cognitieve- en gedragsstoornissen. De huidige
beschikbare medicatie voor de ziekte van Parkinson helpt bij de symptomatische verlichting,
maar is ineffectief in het vertragen van de ziekte. Daarom kan inzicht in de pathogene
mechanismen van de ziekte baanbrekend zijn bij de behandeling. Gelukkig wordt er op dit gebied
enorm veel onderzoek verricht in een poging om het ziekteverloop van Parkinson te verhelderen.
De ontwikkeling van -omics-technieken voor het vinden van biomarkers gerelateerd aan
Parkinson voor diagnose, prognose en behandeling, zijn met name in het laatste decennium in
een stroomversnelling geraakt.

Metabolomics (metaboloomanalyse) verwijst naar de systematische analyse van Kleine
biochemische moleculen in organismen. Het analyseren van het metabolisme kan een ideaal
uitgangspunt zijn voor het begrijpen of interpreteren van systematische regulatie dat onder
invloed staat van upstream veranderingen op genetisch of enzymatisch niveau. Dit kan bereikt
worden door diverse analytische technieken, waarbij veranderingen in de metabolietenpoel of
metabole response gekwantificeerd worden. Massaspectrometrie (MS) gecombineerd met
vloeistofchromatografie (LC) is de meest gebruikte techniek vanwege haar voordelen: goede
robuustheid, hoge verwerkingscapaciteit, groot dynamisch bereik en relatief eenvoudige
monstervoorbewerking. Door regelmatig vernieuwing in kolommateriaalchemie en
instrumentatie zullen LC-MS methoden alsmaar dichterbij het uiteindelijke doel van
metabolomics komen: het nauwkeurig identificeren en kwantificeren van alle aanwezige
metabolieten in een specifiek biologisch monster. Metabolomics gecombineerd met stabiele
isotopenlabels is onmisbaar bij het bestuderen van metabole flux door metabole routes en
netwerken. De huidige LC-MS methoden voor het meten van gelabelde metabolieten hebben
echter hun beperkingen in het volledig vastleggen van de gelabelde informatie met hoge
efficiéntie en gevoeligheid. Bovendien wordt de verdere benutting van informatie uit de
gelabelde metabolieten voor de fluxinterpretatie beschouwd als een zeer rekenintensief en
tijdrovend proces.

In het licht van de bovengenoemde uitdagingen, is de ontwikkeling van een passende strategie
voor het bestuderen van het metabole landschap in relatie tot de pathogenese van de ziekte van
Parkinson het belangrijkste doel van dit proefschrift. De door ons voorgestelde analytische
strategie om metabole activiteit vast te stellen omvat twee analytische methoden en één
dataverwerkingslijn. Deze kunnen vervolgens toegepast worden op het bestuderen van neuronale
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modellen van het mesencephalon voortkomend uit geinduceerde pluripotente stamcellen (iPSC)
in toestand van gezondheid of tijdens de ziekte van Parkinson.

Analyse  van  het polaire  metaboloom  door middel wvan  hydrofiele-
interactievloeistofchromatografie (HILIC), die complementair is aan omgekeerde-
fasevloeistofchromatografie (RPLC), is in populariteit gestegen dankzij de verbeterde
chromatografische retentie en scheiding. Deze toepassing als routineplatform voor grootschalig
klinisch breedvoerige metabolomics onderzoek wordt nog steeds onderschat vanwege een
gebrek aan de systematische evaluatie van resolutie, reproduceerbaarheid, robuustheid, high-
throughput en betrouwbaarheid van het resultaat. In Hoofdstuk 2 hebben we richtlijnen
opgesteld voor het systematisch beoordelen van het functioneren van hydrofiele-chromatografie
kolommen voor breedvoerig bloedplasma metabolomics onderzoek. Deze evaluatie heeft
betrekking op diverse eigenschappen van chromatografisch functioneren, waaronder, matrix
effect, herhaalbaarheid van batch analyses en dekkingsgraad van metabole kenmerken. Onze
resultaten laten zien dat de ZIC-c HILIC-kolom met zwitterionische stationaire fase bij neutrale
pH bruikbaar is voor een uitgebreide polaire metaboliet profilering vanwege de superieure
prestaties voor verscheidene stofklassen. Bovendien zorgt het voor betere isomeerscheiding,
goede herhaalbaarheid en hoge dekkingsgraad van metabolieten. Deze beoordelingsprocedure
kan selectief worden ingezet voor elke toekomstige test met een nieuwe HILIC-kolom of -
biologische matrix. De ontwikkelde HILIC-MS-methode heeft een solide basis gevormd voor
de analyse van doelgerichte polaire metabolieten in onze vervolgonderzoeken.

Om vervolgens metabole ontregeling te identificeren in humane iPSC afgeleide neuronale
modellen onder individuele en gecombineerde invloed van Parkinson-gerelateerde genetische-
en omgevingsfactoren, te weten PINK1 gen mutatie en rotenon blootstelling, hanteert
Hoofdstuk 3 meerdere doelgerichte metabolomics platformen. Deze platformen richten zich
zowel op polaire metabolieten van het centrale koolstof- en acylcarnitinemetabolisme als op
apolaire metabolieten van het meervoudig onverzadigde vetzuurmetabolisme. Bij deze
uitgebreide analyse van metabolietniveaus is soortgelijke metabole ontregeling gevonden,
veroorzaakt door rotenon en de PINK1 gen mutatie. VVoorbeelden zijn onder andere falende
energieproductie (vermindering van glucose, verzadigde vetzuren en vertakte keten aminozuren
metabolisme), verstoorde redoxbalans (geblokkeerde oxidatie van NADH naar NAD"), evenals
verschillende stoornissen van de citroenzuurcyclus, die allen leiden tot verminderde
mitochondriale ademhaling. Bovendien vertoonden zowel de gemuteerde als de aan rotenon
blootgestelde groepen oxidatieve schade, die relatief ernstiger was in de groep met
rotenonblootstelling. Al met al wezen deze resultaten erop dat neuronen met een inherente
PINK1 genmutatie combineerd met exogene rotenonstress zouden kunnen resulteren in een
complexer neurodegeneratief metabolisme. Vervolgens hebben wij de metabole effecten van
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NAD"-suppletie op neuronale modellen van de ziekte van Parkinson met PINK1 genmutaties
en/of rotenonblootstelling geévalueerd. Deze resultaten van de metabolomics toonden een
beperkte werkzaamheid van de NAD*-behandeling wat betreft het verbeteren van rotenon-
gerelateerde energietekorten en geen effect voor de PINK1-gemuteerde groep. In plaats daarvan
bracht het een onverwachte ontregeling van meervoudig onverzadigde vetzuren in de joint-factor
group. Over het geheel genomen biedt deze studie waardevolle inzichten en een diepgaand
begrip voor de pathogenese van Parkinsonismen vanuit een metabolomics perspectief. Voor
toekomstige studies bij PINK1 patiénten is het van wezenlijk belang om deze ontregelde
metabolieten vroegtijdig als mogelijke diagnostische biomarkers te kunnen valideren met
meerdere doelgerichte metabolomics platformen.

Vanwege het gebruik van stabiele isotopenlabels om metabole routes te traceren, zijn we in staat
een extra laag van metabole regulering bloot te leggen in een dynamisch beeld. In navolging van
de in Hoofdstuk 3 ontdekte fluxregulatie van verstoorde metabole routes in het kader van
neurodegeneratie, waar hoofdzakelijk is gekeken naar het centrale koolstofmetabolisme en de
bijbehorende de novo nucleotidesynthese en glutathionmetabolismeroutes, stelden wij in
Hoofdstuk 4 een nieuwe analysemethode voor. Deze HILIC methode koppelt aan hoge resolutie
meervoudige reactie monitoring (MRM"R) met Zeno-val, te weten HILIC-Zeno-MRMR,
Hiermee bereikten wij nauwkeurige en reproduceerbare massa-isotopoloogkwantificering voor
intacte metabolieten en het bijbehorende gefragmenteerde deel (substructuur), met vooral hoge
gevoeligheid in de MS? fragmentatiemodus met ingeschakelde Zeno-valpulsering. Daarnaast
behield de HILIC-Zeno-MRM"R methode de relatie tussen gelabelde precursor- en
fragmentionen. Dit hielp in het nauwkeurig onderscheiden van gelabelde isotopologen met
verschillende labelposities. Vervolgens hebben wij deze methode toegepast op het bestuderen
van een neuronaal model voor neurodegeneratie geinduceerd door rotenon. Door de gegevens
over isotopologen van intacte metabolieten en fragmentionen te interpreteren, valideerden wij
eerst de reconstructie van de de novo glutathionsyntheseroute van neuronen in het
mesencephalon aan de hand van voedingsbronnen met D-*Cg-glucose en L-'No-glutamine
isotopenlabels. Onder neuronale oxidatieve stress droeg verhoogde oxidatie van zowel de basale-
als de de novo gesynthetiseerde glutathionpoel bij aan de ernstig verminderde antioxidatie
capaciteit als gevolg van rotenonblootstelling. Voorts toonden wij aan dat de verminderde de
novo glutathionsynthese gepaard ging met veranderde activiteit van verschillende
sleutelenzymen van de glucose-afgeleide glutamaataanvoer en de glutathionsynthese. Het
identificeren van belangrijke regulatoren van metabole flux, van falende energieproductie tot
oxidatieve stress, heeft ons geholpen om de ziektemechanismen beter te begrijpen.

De identificatie van fluxregulering over gelokaliseerde metabole routes is voornamelijk een
hypothesegestuurde benadering die gebruikt wordt voor karakterisatie van een specifiek
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celmetabolisme. Een breedvoerige fenotypering van de metabole flux in het hele netwerk zou
kunnen werken als een gegevensgestuurde aanpak voor vlotte identificatie van primaire
fluxomleidingen onder ziekteomstandigheden die nieuwe hypothesen voortbrengen. Om dit doel
te bereiken, introduceert Hoofdstuk 5 een semi-geautomatiseerde lijn voor fluxberekeningen
met tracer-metabolomics in modellering met atoomresolutie (fluxTrAM) in de technische
softwareomgeving (MATrix LABoratory, MATLAB). Op basis van een in silico model op
genoomschaal van dopaminerge neuronal stofwisseling (iDopaNeuroC) en verzamelde *C-
gelabelde metabolomics gegevens uit in vitro iPSC-afgeleide neuronen van het mesencephalon,
genereerde fluxTrAM automatisch experimentele **C-gelabelde massa isotopologen distributie
(MID) gegevenssets van neuronen van het mesencephalon. Daaruit voortvloeiend genereerde
fluxTrAM ook een chemo-informatica database van gestandaardiseerde en context specifieke
metabolietstructuren en in-kaart-gebrachte atoomreacties voor het iDopaNeuroC model.
Meerdere oplossingen voor de fluxproblematiek zouden kunnen worden geboden door middel
van conventionele *C-gebaseerde metabole fluxanalyse op een kleine netwerkschaal.
Bijvoorbeeld de wvoorspelling van fluxklassificatie, fluxbalansanalyse, en entropische
fluxbalansanalyse op genoomschaal zouden een oplossing kunnen bieden. Dankzij een
uitgebreide analyse- en vergelijking van fluxberekeningen kon de status beter worden
vastgesteld van de fluxdistributie verkregen uit ons iDopaNeuroC model. fluxTrAM draagt ook
bij aan het standaardiseren van high-throughput analyse van metabole flux op genoomniveau.
De oplossing voor de flux op genoomschaal biedt een rekenkundige voorspelling van algemene
metabole fenotypes voor gezonde menselijke neuronen van het mesencephalon, terwijl de
noodzaak onderstreept wordt van het bestuderen van PINKZ1-cellijnen. Een vergelijkende
analyse tussen PINK1- en isogene controlecellijnen zal ons in de gelegenheid stellen om
belangrijke metabole ontregeling te onderscheiden. Voorspelde fenotypes kunnen kruislings
worden gevalideerd en geinterpreteerd aan de hand van de experimentele waarnemingen in
Hoofdstuk 3. Deze kunnen gezamenlijk een extensief inzicht in ziektemechanismen
voortbrengen.

Kortom, dit proefschrift heeft een analytische strategie ontwikkeld voor het bestuderen van het
metabole landschap dat relevant is voor de pathogenese van de ziekte van Parkinson. Het
vaststellen van de veranderingen in de metabole flux en metabolietconcentraties geeft een
uitgebreid overzicht van metabole activiteit en helpt met het beter begrijpen van de
ziektemechanismen van Parksinson. Een meer verfijnde en overtuigende modelreconstructie kan
bereikt worden door toevoeging van compartimentele metabolietmetingen bij modelanalyse op
genoomniveau. Wij hopen dat de identificatie van potentiéle ziektemarkers wordt bespoedigd
door de gecombineerde experimentele en rekenkundige aanpak en uiteindelijk zal bijdragen aan
gepersonaliseerde behandelingen voor patiénten met de ziekte van Parkinson.
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