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Abstract

Identifying metabolites in model organisms is critical for many areas of biology, including unravelling disease aetiology or
elucidating functions of putative enzymes. Even now, hundreds of predicted metabolic genes in Saccharomyces cerevisiae
remain uncharacterized, indicating that our understanding of metabolism is far from complete even in well-characterized
organisms. While untargeted high-resolution mass spectrometry (HRMS) enables the detection of thousands of features per
analysis, many of these have a non-biological origin. Stable isotope labelling (SIL) approaches can serve as credentialing
strategies to distinguish biologically relevant features from background signals, but implementing these experiments at large
scale remains challenging. Here, we developed a SIL-based approach for high-throughput untargeted metabolomics in S.
cerevisiae, including deep-48 well format-based cultivation and metabolite extraction, building on the peak annotation and
verification engine (PAVE) tool. Aqueous and nonpolar extracts were analysed using HILIC and RP liquid chromatography,
respectively, coupled to Orbitrap Q Exactive HF mass spectrometry. Of the approximately 37,000 total detected features, only
3-7% of the features were credentialed and used for data analysis with open-source software such as MS-DIAL, MetFrag,
Shinyscreen, SIRTUS CSI:FingerID, and MetaboAnalyst, leading to the successful annotation of 198 metabolites using MS?>
database matching. Comparable metabolic profiles were observed for wild-type and sdhlA yeast strains grown in deep-48
well plates versus the classical shake flask format, including the expected increase in intracellular succinate concentration
in the sdhlA strain. The described approach enables high-throughput yeast cultivation and credentialing-based untargeted
metabolomics, providing a means to efficiently perform molecular phenotypic screens and help complete metabolic networks.
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MTBE Methyl tert-butyl ether

NAD* Nicotinamide adenine dinucleotide (oxi-
dized form)

NEG Negative ionization mode

Norm. Normalized

PAVE Peak annotation and verification engine

PCA Principal component analysis

POS Positive ionization mode

RP Reverse phase

rpm Revolutions per minute

RT Retention time

S. cerevisiae  Saccharomyces cerevisiae, Budding yeast

SD Standard deviation

sdhlA Yeast strain with single gene deletion for
the flavoprotein subunit of succinate dehy-
drogenase. In this work also referred to as
“knockout”

SF Shake flask

ESM Electronic supplementary material

SIL Stable isotope labelling

TOF Time-of-flight

YMDB Yeast Metabolome Database

YNB Yeast nitrogen base

Introduction

Saccharomyces cerevisiae (S. cerevisiae, budding yeast) is
a unicellular, eukaryotic model organism that is well-suited
for discovering key cellular processes and even studying
mechanisms of human disease due to its genetic malleabil-
ity, the availability of genome wide knockout (KO) collec-
tions, and the considerable conservation between yeast and
human genes [1, 2]. Compellingly, thousands of sequenced
genes remain uncharacterized in model organisms. In 2017,
it was estimated that the biological function of 29% of the
S. cerevisiae proteome was still unknown, with a significant
proportion suspected to have catalytic functions [2]. Metabo-
lomics, a technique enabling the comprehensive study of
metabolic networks and metabolic states of organisms, is
routinely performed using gas chromatography (GC) or
liquid chromatography (LC) coupled to mass spectrometry
[3]. Advancements in high-resolution mass spectrometry
(HRMS) have expanded our understanding of biochemi-
cal metabolic networks, yet the large number of remaining
enzymes of unknown function indicates that there are likely
still many hidden or unknown metabolic reactions and hence
metabolites. HRMS instrumentation offers high mass resolv-
ing power and mass accuracy, which is ideal for identify-
ing novel metabolites with high confidence [4]. HRMS data
often are acquired using data-dependent acquisition (DDA),
where a selected number of ions are fragmented using tan-
dem mass spectrometry (MS?) at a given time to obtain a
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chemical fingerprint of the ion, which can be pieced together
like a puzzle to reveal its structure. Large community efforts
have established open source MS? libraries (e.g. MassBank)
[5] and data processing software (e.g. MS-DIAL [6], XCMS
[7], and Open MS [8]) [9, 10] to assist in metabolite anno-
tation. Cheminformatics and in silico fragmentation tools
are commonly used to overcome the gap between avail-
able experimental MS? and the reported chemical space by
retrieving candidates from compound databases and ranking
them using in silico methods [10, 11]. Widely used in silico
fragmentation prediction approaches include MetFrag [12],
Sirius CSi:FingerID [13, 14], and LipidBlast [15]. These,
combined with compound databases such as HMDB [16,
17], YMDRB [18, 19], KEGG [20], and PubChemLite [11],
assist feature annotation and help to condense, filter, and
organize the obtained results [9—11]. Untargeted HRMS-
based metabolomics is a valuable approach for elucidating
the biochemical roles of unknown enzymes and completing
metabolic networks. In particular, the ex vivo metabolic pro-
filing approach [2, 21] has been used for functional investi-
gations of unknown enzymes based on the analysis of over-
expression and/or knockout strains of the gene of interest,
including notable examples in budding yeast [22-26].

The intracellular formation of non-canonical metabolites
adds another layer of complexity to metabolome annotation
efforts. In contrast to the historical viewpoint that meta-
bolic enzymes are highly specific, it is now clear that non-
canonical metabolites arise from enzyme promiscuity and
non-enzymatic reactions, thereby increasing the chemical
diversity of the metabolic space. Under normal conditions,
the concentration of these non-canonical metabolites is usu-
ally maintained at very low levels by dedicated metabolite
repair enzymes, which reconvert the useless or potentially
toxic metabolic side products to useful and/or benign prod-
ucts [27, 28]. Deficiencies in metabolite repair enzymes can
lead to inherited metabolic disorders, and enzyme promiscu-
ity and metabolite repair possibilities are important consid-
erations in metabolic engineering endeavours [29-32]. It is
anticipated that metabolite repair enzymes could make up a
considerable portion of the remaining enzymes of unknown
function, since there should be relatively few gaps remaining
in primary metabolic pathways [2]; untargeted metabolomics
approaches are a valuable asset to also elucidate this (often
neglected) part of metabolism.

However, of the tens of thousands of features classi-
cally detected by untargeted HRMS metabolomics analysis
in biological samples, over 90% are likely not of (direct)
biological origin but rather in-source fragments, adducts,
isotopes, environmental contaminants, and other artefacts
[33]. In addition, approximately only 2% of the detected
features are commonly annotated, leaving the vast majority
of the collected information uncharacterized (the so-called
dark matter [34]). Often, it is not possible to distinguish
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between background and truly biological signals in con-
ventional untargeted workflows, leading to important peaks
being overlooked, along with annotation (or misannotation)
of less relevant background features and potentially errone-
ous biological interpretations. Credentialing strategies [35]
are designed to unearth biologically derived features from
background by comparing data obtained from unlabelled and
stable isotope-labelled metabolite extracts. Here, microbial
cultures can be grown in identical conditions using unla-
belled or stable isotope-labelled substrates (e.g. glucose-
B¢y, (°NH,),S0,), and the metabolite extracts are analysed
by GC-MS or LC-MS [28]. Various software approaches
(e.g. IROA [36], X'>*CMS [37], mzMatch-ISO [38], geoRge
[39], MetExtractll [40]) and the Peak Annotation and Veri-
fication Engine (PAVE) [41] are available to identify mass
shifts (corresponding to the number of labelled atoms) at a
given retention time (RT). Credentialing reduces the tens
of thousands of features typically detected in an untargeted
experiment to hundreds or thousands of biologically relevant
ones [35, 41], which can then be prioritized for annotation
and biological interpretation. The latter still represent major
bottlenecks of metabolomics studies together with metabo-
lite coverage and analytical throughput [42]. Credentialing is
particularly appealing to perform with prototrophic microor-
ganisms where uniformly labelled extracts can be obtained,
as highlighted in the PAVE workflow [41]. PAVE compares
metabolite extracts of cells cultivated in unlabelled, 1*C,
15N, and *C+'5N media and injected separately to identify
and remove adducts, isotopes, MS artefacts, and in-source
fragments. The resulting peak list contains only biologically
derived features (i.e. those features where the stable isotopes
have been integrated), which are assigned carbon/nitro-
gen counts and, in some cases, molecular formulas. When
applied to microorganisms, PAVE successfully credentialed
between 2 and 5% of the features detected in Escherichia
coli and S. cerevisiae extracts, while the rest of the detected
signals were recognized as non-biological with the majority
arising from background signals (80%), along with adducts
(4%), and isotopes (4%). Over 200 credentialed features
were subsequently annotated using internal standards and
mass-to-charge ratio (m/z), retention time (RT), and MS?
spectral matches (148 by RT and m/z, 73 with additional
MS? match).

Credentialing dramatically increases the experimental
complexity, sample number, analytical time, and cost of
metabolomics experiments. High-throughput, multi-well
cultivation methods may alleviate the experimental effort
and enable testing of multiple strains and/or conditions in
a single experiment [43—47], ultimately making large-scale
credentialing experiments feasible. For instance, Ewald and
colleagues (2009) [44] used a multi-well format for culti-
vation, quenching, and quantification of 30 primary yeast
metabolites using GC-TOF. Using a vacuum manifold,

fast quenching of metabolism in the exponential growth
phase was achieved by transferring the cultivation broth
of a 96-well fritted plate into a 48-well plate containing
pre-cooled methanol (-40 °C). The validity of the method
was supported by the highly comparable results observed
in multi-well and shake flask format in terms of growth
rate, substrate uptake, by-product formation, and metabolic
profiles.

Although high-throughput cultivation is a promising
approach for performing large-scale metabolomics, rela-
tively few studies of this type are reported in the literature
and to the best of our knowledge, none of the reported stud-
ies have integrated a high-throughput labelling strategy with
untargeted metabolic profiling. Herein, a high-throughput S.
cerevisiae cultivation method in a deep-48 well (D48) for-
mat is presented that enables credentialing-based untargeted
metabolomics using hydrophilic interaction liquid chroma-
tography (HILIC)-HRMS and lipid analyses using reverse
phase (RP) LC-HRMS. Yeast strains were simultaneously
cultivated in unlabelled or uniformly labelled (13C, 5N,
and *C+'°N) conditions, and the presented robust, easy-
to-handle, and efficient experimental workflow allowed for
screening of multiple conditions and/or strains and genera-
tion of 48 polar and nonpolar extracts for LC-HRMS analy-
sis per experiment. A computational workflow based on MS-
DIAL and MetFrag combined with PubChemlLite, Sirius
CSI:FingerID, and MetaboAnalyst [48] was established. The
openly accessible R package Shinyscreen [49, 50] was used
to perform automated mass shift quality control for creden-
tialed results, including pre-screening of MS data with qual-
ity control of MS' and MS? event alignment and automated
MS? spectra extraction. Analogous to Ewald and co-authors
[44], we compared metabolic profiles between a strain with
a metabolic enzyme gene deletion (sdhlA) and a wild-type
control strain as a case study and expanded their proof-of-
principle for biological application using a hypothesis-gen-
erating untargeted approach. The highly comparable results
obtained with the D48 well format and classical shake flask
(SF) approaches, at both the cultivation and analytical levels,
support that the proposed workflow for high-throughput cre-
dentialing-based untargeted metabolomics in yeast will push
the outcome and quality of metabolic phenotypic screening
efforts in this model organism to the next level.

Materials and methods

Experimental pipeline

Yeast cultivation The prototrophic S. cerevisiae strains
(MATa canlA::STE2pr-SpHISS his3Al lypIAO ho™) were
kindly provided by Prof. Joseph Schacherer [51]. The KO
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strain (sdhlA) used had the SDH1 gene (encoding the flavo-
protein subunit of succinate dehydrogenase) replaced by the
kanamycin resistance cassette (kanMX). A strain with the
kanMX cassette in the HO gene was used as the wild-type
(WT) control strain. Yeast strains were cultivated in filter-
sterilized minimal yeast nitrogen base (5 g/L) medium with-
out ammonium sulphate (YNB w/o ammonium sulphate,
MP Biochemicals) containing 20 g/L. D-glucose (Sigma)
and 1.7 g/L ammonium sulphate (Sigma), and the pH was
adjusted to 5.5 (this medium is hereafter designated as '*C-
YNB medium). D-Glucose was replaced with uniformly car-
bon labelled D-glucose (20 g/L, U-"*C, 99%, Cambridge
Isotope Laboratories Inc.) in the '3 C-YNB and '*C!>N-YNB
conditions, while the ammonium sulphate was replaced with
uniformly nitrogen labelled ammonium sulphate (1.7 g/L,
15N2804, 99%, Cambridge Isotope Laboratories Inc.) in BN
YNB and "*C'>N-YNB conditions.

Yeast glycerol stock solutions [23] were used to inoculate
2C-YNB cultures with a single colony of the respective
strains from agar plates (20 g/L agar, 20 g/LL D-glucose,
6.7 g/L YNB with ammonium sulphate) after incubation of
minimum 3 days at 30 °C. For a complete experiment, 12
single colonies of each strain were used to inoculate 5-mL
pre-cultures for the four media conditions ('>*C-YNB, '*C-
YNB, ’'N-YNB, and '*C!>N-YNB) in 14-mL cell culture
tubes (CELLSTAR® Cell Culture Tubes, Greiner bio-one)
that were shaken at 30 °C and 200 rpm (Infors HT Multi-
tron Standard). The cell densities of the pre-cultures were
measured 24 h after inoculation to set the starting ODg
of the main cultures (in D48 plates or SF) to 0.025. For the
D48 plates (Axygen, 5 mL 48 rectangular wells, V-bottom,
P-5ML-48-C-D), 4-mm glass beads were added to each
well in order to improve the mixing [44]. For the presented
work, twenty-four wells of the D48 plates were filled with
3 mL of each main culture. The remaining wells were filled
with either sterile YNB medium (without carbon or nitro-
gen source, n=8) or sterile ?C-YNB (n=16) to prepare
extraction blanks (the glucose-free YNB medium blanks
were used for the PAVE data analysis; I2C_YNB blanks were
used to estimate cross-over between wells during cultiva-
tion and metabolite extraction). The D48 plates were sealed
with a gas-permeable lid (AeraSeal film, Sigma-Aldrich),
and the cultivation was conducted at 30 °C and shaken at
400 rpm (Edmund Biihler, TiMix 2). The SF cultivations
were performed in 250 mL Erlenmeyer flasks filled with
25 mL medium at 30 °C and shaken at 200 rpm (Infors HT
Multitron Standard).

Using the above-described growth conditions, and in an
independent experiment, cell concentrations and extracel-
lular glucose levels were measured hourly to estimate the
growth and glucose uptake rate of the yeast WT strain for
the SF and D48 cultivation method in the 2C-YNB medium.
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Cell concentration was measured using a Multisizer Z3
Coulter Counter (30 pm measurement capillary, Beckman
Coulter) after dilution in ISOTON II solution (Beckman
Coulter). The substrate consumption was measured in ster-
ile-filtered (0.2 pm cellulose syringe filter, VWR Chemicals)
spent media that were stored at —20 °C until D-glucose
measurement using a YSI (Yellow Springs Instruments 2900
Series Biochemistry Analyser).

Sampling and extraction of intracellular metabolites Cell
pellets were harvested during the exponential growth phase
(16 h) using a fast centrifugation treatment [52]. For the D48
approach, prior to centrifugation, 200 pL of culture per well
was transferred, using a multichannel pipette (E4 XLS, 8
channel electronic pipette, 100-1200 xL, Rainin), to another
D48 plate containing 2.8 mL ISOTON II solution per well
for the biovolume measurements (also referred to as Meas-
ured Biovolume [uL/mL]) using the Multisizer Z3 Coulter
Counter. The D48 plates were centrifuged for 20 s at 4 °C
and 4816 g (Heraeus Multifuge X 3R, Thermo Scientific),
the supernatant was discarded by plate inversion, and the
cell pellets were flash-frozen by placing the plates in liquid
nitrogen. The above-described sampling procedure using
the D48 approach took approximately 6 min, per D48 plate,
i.e. 7.5 s per sample. Analogously, 1 mL of the SF cultiva-
tions was sampled for biovolume measurements, and 2-mL
aliquots was transferred to fresh 2-mL Eppendorf tubes
and centrifuged for 20 s at 4 °C and 16000 g (Centrifuge
5415 R, Eppendorf). The supernatants were discarded, and
cell pellets were flash-frozen in liquid nitrogen. The sam-
pling time for the SF cultivation method was approximately
16 min for 27 samples (24 biological samples represent-
ing three biological replicates for each of the WT and KO
strains in the four cultivation conditions needed in the PAVE
approach and three YNB glucose-free extraction blanks) or
35.5 s per sample. For both experimental setups, metabo-
lites were extracted using biphasic liquid—liquid extraction
(MTBE:MeOH:H,0 65:20:15) [53]. For the D48 plates, 635
pL of MeOH:H,O mixture (55:45, —20 °C) was added to
the pellets. Cells were resuspended by shaking at 1000 rpm
for 5 min at room temperature (Thermomixer Comfort,
Eppendorf) and 1154 pL. MTBE (- 20 °C) was added for
metabolite extraction. The plates were covered with an
empty D48 plate, sealed with parafilm (PARAFILM® M,
Merck) and tape, and incubated for 2 h at 4 °C and shaken
at 700 rpm (Thermomixer Comfort). The whole cell lysates
were transferred to 2-mL Eppendorf tubes for subsequent
phase separation. During this extraction procedure, all pipet-
ting steps were performed using a multichannel pipette for
the D48 approach. The same metabolite extraction procedure
and extraction fluid volumes were applied to the SF samples
but through manual pipetting. The extraction procedure for
the D48 approach took approximately 12 min per D48 plate
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(i.e. 15 s per sample), compared to approximately 18 min
for 27 samples in the SF approach (i.e. 40 s per sample). For
both methods, phase separation between the upper, nonpolar
phase (MTBE), and the lower aqueous phase (MeOH:H,0)
was achieved by centrifugation for 10 min at 4 °C and
16000 g (Centrifuge 5415 R, Eppendorf). Subsequently, 750
pL and 300 pL of the upper nonpolar and lower aqueous
phase, respectively, were transferred to 1.5-mL Eppendorf
tubes. To improve evaporation, 200 pL. MeOH were added
to the nonpolar phase, and all metabolite extracts were dried
overnight in a SpeedVac at —4 °C (Labconco).

LC-HRMS analyses Adapted from already published work
[54, 55], the dried polar extracts were resuspended in 80:20
ACN:H,O containing 10 pM 4-chloro-L-phenylalanine
(Sigma-Aldrich) as the internal standard, while the dried
nonpolar extracts were reconstituted in 90:10 MeOH:toluene
containing 440 nM 12-[(cyclohexylcarbamoyl)amino]dode-
canoic acid (Sanbio) as the internal standard. Samples were
normalized by adjusting the Resuspension Volume [mL] to
obtain a Fixed Biovolume of 10 pL/mL using the Measured
Biovolume [pL/mL] as follows:

uL
mL

A schematic representation of the experimental approach
and techniques used in this study is summarized in Fig. 1.

Intracellular succinate quantification Intracellular '*C
succinate concentrations were quantified in uniformly
13C-labelled cell extracts with a newly designed method
based on spiking with unlabelled (‘2C) succinate. The spike
concentration was estimated using the measured intracellular
13C succinic acid areas and an external calibration curve
generated with unlabelled succinate.

Data analysis

The parameter settings for the different software described
below (Proteowizard, MS-DIAL, PAVE, Shinyscreen, SIR-
IUS CSI:FingerID) are all available in the electronic sup-
plementary material (ESM, Section S3).

Computational workflow Raw LC-HRMS files of all sam-
ples (including extraction and procedural blanks) were first
imported into MS-DIAL 4.8 [6] for peak detection, decon-
volution, and alignment. Through this common peak-pick-

Measured Biovolume [—] X Sampling Volume [mL] X Collected Phase [mL]

Resuspension Volume [mL] =

Extraction Fluid Volume [mL] X Fixed Biovolume [—L]

H
mL

The Sampling Volume [mL] refers to the collected cul-
ture aliquots (e.g. 2.8 mL from the D48 plates and 2 mL
from the SFs), the Collected Phase [mL] is 0.75 mL for the
organic and 0.3 mL for the aqueous phase, and the Extrac-
tion Fluid Volume [mL] refers to the added organic solvent
(1.154 mL MTBE for the organic/nonpolar phase, 0.635 mL
MeOH:H,0 for the aqueous phase).

The obtained cell extracts, after resuspension to 10 pL/
mL biovolume, were diluted further to a final biovolume
of 7.5 pL/mL for injection. Samples were centrifuged for
10 min at 4 °C and 16000 g (Centrifuge 5415 R, Eppendorf),
and 50 pL of the supernatant was transferred into HPLC
vials containing 250 pL inserts.

Metabolic and lipidomic profiling was conducted using
a Thermo Vanquish LC coupled to a Q Exactive HF Orbit-
rap mass spectrometer. Polar metabolites (cell extracts from
aqueous phase) were measured using a previously described
HILIC method [54], and 5 pL of the extracts was injected.
Nonpolar metabolites (cell extracts from organic phase)
were measured using a previously described RP method for
lipid detection [54] with the adapted DDA parameters (AGC
target of 1e6 and maximum injection time of 70 ms), and 5
pL of extracts was injected.

ing alignment input, each detected feature became a unique
numeric MS-DIAL ID that was used to identify features in
the subsequent data analysis. This feature list was imported
into the PAVE 2.0 MATLAB GUI [56] using MATLAB
version R2017b. Raw files were converted to mzXML files
(Proteowizard, v3.0.20022-e71f69e07, [57]) and parsed to
generate a single M file for each experimental setup, strain/
condition, and ionization mode (.mat format, n =4 for posi-
tive ionization mode, n =4 for negative ionization mode,
available in the ESM, GNPS [58]). The credentialing data
analysis followed the PAVE workflow [41] and was per-
formed separately for each strain and experimental condi-
tion tested using the generated M files (SF-WT, SF-KO,
D48-WT, and D48-KO), and a list of credentialed features
for each strain and condition was generated (ESM, Zenodo,
files FO3-04 [59]). The MS-DIAL ID was used to elimi-
nate duplicate features by merging the credentialed features
obtained for the WT and KO strains in each experimental
setup after the credentialing analysis of PAVE. This gener-
ated list, containing unique features per experimental setup
(referred to as “Total Features Exp. Setup” by the further
steps of the data analysis), was used as the input for the next
step of the computational pipeline (available by the ESM,
Zenodo, files F05-08 [59]).

@ Springer
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1. Cultivation

200 puL cell culture

400 rpm, 30°C

3 mL Working Volume
4 mm glass beads l

2. Normalization (2"9D48 Plate)

9. Untargeted LC-MS Analysis
Aqueous Phase: HILIC Analysis
Organic Phase: RP Lipids Analysis

8. Sample Reconstitution
> Aqueous Phase: ACN:H20 (8:2)+ IS (4-CI-Phe)

1 Cell Counter

3. Cell Pelleting
20s, 4700 rpm, 4°C
Cell Pellets

l

4. Quenching 5. Metabolite Extraction

Organic Phase: MeOH:Toluene (9:1) +IS (CUDA)

7. Samples Evaporation
Overnight, Speedvac

1

6. Phase Separation

‘ (a) Incubation: 2h, 700 rpm, 4°C

i

MeOH:H:0 (5.5:4.5, -20°C)
MTBE (-20°C)

Liquid Nitrogen (Bottom)

Fig. 1 High-throughput sample generation using a D48-well plate.
(1) Cultivation: yeast strains are cultivated in a D48 well plate in the
presence of unlabelled and/or stable isotope-labelled substrates. (2)
Normalization: before pelleting the cells, 200 pL aliquots of the cell
cultures are transferred into a new D48 plate containing ISOTONE
II (Beckman Coulter) solution for biovolume (pL/mL) determina-
tion using the Multisizer Z3 (Beckman Coulter). The latter is used to
calculate the resuspension volume for the dried metabolite extracts
prior to LC-MS analysis. (3) Cell pelleting: fast centrifugation treat-
ment. (4) Quenching: the bottom of the plate is immerged in liquid
nitrogen. (5) Metabolite extraction: the cell pellets are resuspended in
pre-cooled MeOH:H,0 (—20 °C). After resuspension, —20 °C pre-

Quality control of credentialed features using Shiny-
screen The feature list fed into PAVE and the resultant car-
bon and nitrogen count of credentialed features was used to
calculate the theoretical '>*C'*N-m/z for each feature. The
calculated *C'*N-mass shift was used to perform a creden-
tialing quality control using Shinyscreen (v1.0.3 [49]). Con-
verted mzXML 3C!5N files and the merged PAVE results
coming from the same experimental setup (e.g. D48-WT-KO
and SF-WT-KO, “Total Features Exp. Setup”) were used
as the input. Features that showed the corresponding mass
shift in the uniformly labelled data were retained (recog-
nized by Shinyscreen and tagged with MS1=TRUE, with
results and data analysis steps available by ESM, Zenodo,
files FO5-08 [59]) and used for feature annotation and further
data analysis.

Feature annotation For the HILIC-based analysis, the

feature annotation was performed using a confidence level
scheme [60]. Level 1 or confirmed structures were assigned
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‘ (b) Transfer into Eppendorf Tubes,
10 min 13200 rpm, 4°C

Aqueous Phase (MeOH:H:0)
Organic Phase (MTBE)

cooled MTBE is added for metabolite extraction. After the incubation
step, the cell extracts of each well are transferred into 2-mL Eppen-
dorf tubes. (6) Phase separation: the cell extracts are centrifuged in
order to achieve a phase separation between the upper organic phase
(MTBE) and the lower aqueous phase (MeOH:H,0). (7) Sample
evaporation: the collected phases are evaporated overnight using a
SpeedVac vacuum device (Labconco). (8) Sample reconstitution:
samples are reconstituted, adapting the resuspension volume to the
biovolume (pL/mL) for the purpose of normalization. (9) Untargeted
LC-MS analysis: the biovolume-normalized samples are analysed by
HILIC-MS (metabolomics) or RP-LC-MS (lipidomics). Abbrevia-
tions are reported in the abbreviation list

to features having a RT, m/z, and MS? match with authen-
ticated reference standards; Level 2A or probable struc-
ture was assigned by MS? spectral matching using spectral
databases; Level 3 or tentative structure candidates were
obtained with the detected spectral information and pre-
dicted with in silico fragmentation tools; Level 4 or une-
quivocal chemical formula assignment was assigned using
exact masses and natural isotope distributions; and Level 5
or mass of interest was assigned to features where the esti-
mation of chemical composition or structure elucidation was
not possible using the experimental data. The annotation was
conducted by applying a hierarchical step-by-step approach
using the cheminformatics software outlined below.

Annotation with MS-DIAL First, features were putatively
annotated in MS-DIAL as Level 2A following manual
review if they fulfilled the minimal criteria of a dot prod-
uct >50% and fragment presence >50%. These features
were reported as “Level 2A MS-DIAL”. The database used
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for feature annotation of the HILIC data was the MSMS-
Public-(Neg/Pos)-VS15.msp (available on the MS-DIAL
website [6]).

Pre-screening and MS? spectra extraction The remaining
features underwent the pre-screening with Shinyscreen [50]
for MS!/MS? alignment verification and MS? extraction.
Only features that passed this quality control step were used
for further annotation (ESM, GNPS [58]).

Annotation with MetFrag and PubChemlLite The spectral
information of features that passed the pre-screening with
Shinyscreen were imported in MetFrag to achieve tenta-
tive identification using an early version of PubChemLite
(PCLite, PubChemLite tierl [61]). The R script for Met-
Frag is available on Zenodo (see ESM, Zenodo, file F10
[59]). To simplify the annotation, the spectral information
of the samples showing the highest MetFrag overall score
was used. Further, the carbon and nitrogen counts obtained
with PAVE were compared with the molecular composi-
tion of the MetFrag-PCLite candidates. The correspondence
of the number of carbon and nitrogen atoms between the
PAVE and MetFrag-PCLite results allowed to annotate the
features either as Level 2A (if a MoNA score >90% was
present) or as Level 3 and reported as “Level 2A MetFrag”
or “Level 3 MetFrag”, respectively. The best three MetFrag
Level 3 candidates were reported, together with the pres-
ence of annotation information from the “Interactions and
Pathways” section, which indicates whether candidates may
be of biological relevance [11].

Annotation with SIRIUS CSl:FingerID The spectral infor-
mation of the features remaining without annotation were
imported into SIRIUS CSI:FingerID [13, 14]. Adapted
software parameters were used, and all possible ionization
adducts for the positive and negative modes were considered.
The carbon and nitrogen number calculated by PAVE was
specified in the CSI:FingerID parameters (see ESM, Section
S3) where all the available databases and default adducts
were used. Putative results were annotated as Level 3 when a
possible structure candidate was found or as Level 4 in case
of an unequivocal chemical formula match and reported as
“Level 3 SIRIUS” or “Level 4 SIRIUS”, respectively.

Unknown features The remaining orphan features were
annotated as “Level 5” with the PAVE-calculated carbon
and nitrogen numbers.

Manual quality control of credentialed features To esti-
mate the quality of the computational pipeline results, a
manual quality control step was conducted for the features
that passed the above presented computational workflow
using the Xcalibur software (Qual Browser, Thermo Fisher

Scientific). Here, the carbon and nitrogen count information
obtained with PAVE was used to calculate the mass shift in
the 13C, 15N, and uniformly labelled condition (}*C'*N) of
each feature. Features for which a corresponding unlabelled/
uniformly labelled mass shift could not be confirmed upon
this manual inspection were discarded and reported as false-
positive credentialed features. The percentage was calculated
as the ratio between false-positive credentialed features to
the total amount of features which passed the computational
pipeline. A schematic representation of the experimental
setup and data analysis pipeline is shown in Fig. 2.

Lipid analysis Only the first annotation step using MS-DIAL
and the subsequently mass shift quality control with Shiny-
screen were applied for the lipidomic analysis. The creden-
tialed and curated lipid features were imported in MS-DIAL
and putatively annotated as “Level 3 MS-DIAL” by a dot
product >40% [54]. Less strict annotation criteria compared
to the HILIC data were used, since only an in silico spectral
database was used for annotation.

Level 1 metabolite identification Authentic reference stand-
ards were used to achieve Level 1 identification using an RT
matching window of +0.2 min, a mass accuracy + 10 ppm,
and MS? spectral matching. The identification results are
provided in the supplementary files (see ESM, Zenodo, file
F13 [59]).

Data visualization and statistical analysis Data visualiza-
tion and statistical analysis were only applied to the metab-
olomics (not lipidomics) data, where credentialed peak
heights were normalized to the IS (4-chloro-L-phenylala-
nine). The normalized data were uploaded to MetaboAnalyst
5.0 and Pareto-scaled prior to principal component analysis
(PCA). Excel was used to calculate the coefficient of vari-
ance (defined as ratio between standard deviation and sig-
nal intensity average, CV %) distribution between the two
approaches and generate histograms. A one-way analysis of
variance (ANOVA) followed by FDR-corrected and Tukey’s
HSD post hoc tests (p value <0.01) was conducted in R to
compare metabolic changes between groups. The results of
the statistical analysis are available in the supplementary
files (see ESM, Zenodo, file F12 [59]).

Results and discussion

In this part of the study, we aimed to benchmark our pro-
posed high-throughput approach for yeast cultivation and
sample generation for credentialing-based untargeted metab-
olomics against a classical shake flask (SF) approach, by
comparing physiological parameters such as growth and glu-
cose uptake rates and intracellular succinate concentration,
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Fig.2 Experimental and computational pipelines used in this study.
Yeast WT (ho:kanMX) and KO (sdhl1A) strains were cultivated in
the presence of unlabelled and/or labelled substrates in a D48 well
plate and SF, followed by extraction of polar and nonpolar metabo-
lites for LC-HRMS analysis. The raw data obtained was processed
with the MS-DIAL peak-picker to obtain a feature list for the PAVE
workflow. Credentialed features underwent a mass shift quality con-
trol using Shinyscreen. Features with confirmed mass shift were

as well as credentialing and annotation results. Furthermore,
we discuss the distribution of CV values and investigated
metabolic differences between the analysed WT and KO
strains using a parametric ANOVA test (Turkey’s HSD).

Physiological constraints and intracellular succinate
concentration

The growth and glucose uptake rates were monitored in the
control yeast strain cultivated in D48 and SF format. Similar
linear ranges of the growth rate (0.37 and 0.36 h™!, respec-
tively) and glucose consumption (4.17 and 3.45 mMeh~!,
respectively) were observed in both cultivation modes (ESM,
Figures S1-3). In the SF condition, cells entered the glucose
consumption phase earlier than in the D48 condition. We
speculate that fine differences at the level of gene expression
or other regulatory processes govern the entry into the high
glucose uptake phase slightly differently in both experimental
setups. Recently, deep-well well cultivation of Pseudomonas
putida and Pseudomonas aeruginosa showed no remark-
able differences in substrate assimilation compared to the SF
approach, suggesting that deep-well based high-throughput
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imported into MS-DIAL for Level 2A annotation. The MS? spectra
of the remaining, non-annotated features were extracted with Shiny-
screen and annotated as Levels 2A-3 with MetFrag combined with
the PubChemLite (PCLite) chemical database, or as Levels 3—4 with
Sirius CSI:FingerID. The non-annotated features are reported as
Level 5 with their relative carbon and nitrogen number. Abbreviations
are reported in the abbreviation list

methods represent a robust and flexible technique for per-
forming microbial metabolic profiling [45]. The highly com-
parable bioprocess parameters obtained here suggest indeed
that budding yeast, likewise, features very similar metabolic
behaviour in deep-well cultivation as in the classical shaking
flask format. Next, we cultivated a yeast strain deficient in
the SDHI gene (KO), encoding the FAD-binding subunit of
succinate dehydrogenase, and the corresponding control strain
(WT) under SIL in the D48 and SF setups, and measured
the intracellular succinate concentration using an innovative
quantification approach based on spiking the '*C-labelled
cell extracts with standard '>C-succinate. We observed the
expected increase in the intracellular succinate concentration
in the KO compared to the WT strain and the calculated KO/
WT -fold change (FC) values were comparable with previ-
ously reported values [44] (see ESM, Zenodo, file FO1 [59]).
These results, summarized in Fig. 3, suggest that our D48
method should yield metabolomic results consistent with the
classical SF approach. Moreover, by applying the proposed
quantification method, we showed that the uniformly labelled
cell extracts can be used in a versatile way for the quantifica-
tion of intracellular metabolite concentrations, allowing for



High-throughput Saccharomyces cerevisiae cultivation method for credentialing-based... 3423

A) 13C Succinatein
Sample

12C Succinate in
Spike

Peak Intensity [au]

RT [min]

Fig.3 Quantification of intracellular '*C-Succinate in yeast WT and
KO strains following classical SF or D48 cultivation. A The *C uni-
formly labelled cell extracts (black, MS' signal) were spiked with
unlabelled succinate (light blue, MS' signal). B Calculated intra-
cellular concentration of '*C succinate for the yeast WT and KO
strains after applying the D48 (D48-KO/WT) or SF (SF-KO/WT)

reduced experimental costs by circumventing the need for
expensive labelled standards.

Credentialing results

The data generated from the (un)labelled samples for each
strain and experimental setup were processed individually

250, 8

b

5200

£ 150

£

S 100

a

& 50

= 4L &

o

D48-WT D48-KO SF-WT SF-KO

approaches. The bar plot values refer to means+ SDs for three bio-
logical replicates. The '3C succinate concentrations calculated in pM
amount to 24.5+2.0 (D48-WT), 16.2+6.3 (SF-WT), 166.0+29.2
(D48-KO), and 141.3+19.0 ( SF-KO). The resulting fold changes
(KO/WT) were 7.2+0.2 (D48) and 9.0+0.9 (SF). Abbreviations are
reported in the abbreviations list

with the PAVE software [41]. One reason for choosing the
PAVE approach was to minimize dilution of low-abundant
intracellular signals that may result from mixing unlabelled
and labelled cell extracts as performed in other credential-
ing approaches [36, 40]. Tables 1 and 2 summarize the
results of the credentialing analysis for the metabolomics
data acquired in the positive and negative ionization modes,

Table 1 Feature statistics

. PAVE output
following the PAVE-supported

HILIC-HRMS, positive ionization mode

analysis of the HILIC-HRMS D48-WT D48-KO SF-WT SF-KO

data acquired in positive

ionization mode Total detected features 16,518
Adduct 666 532 572 591
Background 12962 13931 14138 13981
Dimer 22 13 14 16
Fragment 22 43 58 79
Heterodimer 36 31 24 27
Isotope 142 115 118 116
Low carbon count 95 84 65 61
Low score 759 440 256 301
Multicharge 53 30 21 27
Discarded features 14757 15219 15266 15199
Discarded features (%) 89.3% 92.1% 92.4% 92%
Credentialed features 1761 1299 1252 1319
Credentialed features (%) 10.7% 7.9% 7.6% 8%
Total unique credentialed features per setup 2077 1656
Total unique credentialed features per setup (% 12.6% 10.0%

vs. total detected features)

Retained features* 1115 908
Retained features (%) 6.8% 5.5%

*Credentialed features that passed mass shift quality control criteria in Shinyscreen (i.e. showing the
expected mass shift in the uniformly labelled '3C'°N cultivation condition). Bold font indicates retained
features that were used in the following workflow steps
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Table 2 Feature statistics

X PAVE output HILIC-HRMS, negative ionization mode

following the PAVE-supported

analysis of the HILIC-HRMS D48-WT D48-KO SF-WT SF-KO

data acquired in negative

ionization mode Total detected features 19828
Adduct 77 46 172 156
Background 18308 18384 18041 18108
Dimer 2 1 22 13
Fragment 40 13 152 96
Heterodimer 5 0 33 26
Isotope 94 42 135 123
Low carbon count 50 24 68 60
Low score 239 270 90 127
Multicharge 6 0 3 2
Discarded features 18821 18780 18716 18711
Discarded features (%) 94.9% 94.7% 94.4% 94.4%
Credentialed features 1007 1048 1112 1117
Credentialed features (%) 5.1% 5.3% 5.6% 5.6%
Total unique credentialed features per setup 1441 1400
Total unique credentialed features per setup (% 7.3% 7.1%

vs. total detected features)

Retained features* 1004 705
Retained features (%) 51% 3.6%

*Credentialed features that passed mass shift quality control criteria in Shinyscreen (i.e. showing the
expected mass shift in the uniformly labelled '>*C!°N cultivation conditions). Bold font indicates retained
features that were used in the following workflow steps

describing the number of discarded features (e.g. adducts,
background peaks, dimers, fragments, heterodimers, iso-
topes, low carbon counts, low scores for chemical formula
assignment with Pearson’s correlation coefficient <0.5,
multicharges) and retained credentialed features [41]. We
also report the total number of unique credentialed features
detected per experimental setup obtained after merging the
credentialed feature lists for the WT and KO strains by the
different experimental setups (i.e. SF and D48) and remov-
ing duplicates. Duplicate entries were removed using the
initial feature list generated by the MS-DIAL peak-picker.
Prior to the credentialing analysis using PAVE, all the ana-
lysed samples (unlabelled condition for WT and KO for the
SF and D48 approach, including extraction and procedurals
blanks), were processed using MS-DIAL, and a list of fea-
tures resulting from this common alignment was generated.
This common alignment enabled the assignment of a unique
numeric ID to each feature using MS-DIAL. The common
alignment feature list was used as input for the PAVE data
analysis in MATLAB, and the generated credentialed fea-
tures conserved the numeric ID assigned using MS-DIAL.
This unique numeric ID was used to eliminate duplicates
value by merging the credentialing results outcoming from
the different strains but from the same experimental setups.
These total unique credentialed features list per experimental
setup underwent the automated credentialing quality control
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check using Shinyscreen (filtering for features showing the
expected mass shift in the uniformly labelled *C'>N cultiva-
tion conditions). The resulting retained features were used
for the subsequent steps in our data analysis pipeline and for
further comparison of the D48 and SF methods.

The number of discarded (e.g. adducts, background) and
credentialed features for the different strains and experimen-
tal conditions following the metabolomics analyses is highly
comparable (Tables 1 and 2). Multiple processing attempts
revealed that the best way to apply the PAVE approach and
perform comparative metabolomics between WT and KO
strains was to process the data from the different strains
or conditions separately. We assume that processing WT
and KO samples together proved to be problematic for the
ATOMCOUNT function in PAVE which uses peak inten-
sity (within a given threshold, e.g. applied threshold 0.5)
as the criterion to identify credentialed features [41] and
undoubtedly can be highly strain or condition dependent
(e.g. genetic background, cultivation method, supplemen-
tations). Processing the strains and conditions separately
increased the data analysis time but yielded comparable
percentages of credentialed features to Wang and co-authors
(between 3.1-4.6% [41] versus 5.1-6.8%, herein for the D48
experimental setup) who analysed single strains grown in a
single condition, suggesting that the applied data processing
method is suitable. Compared to Wang and co-authors, we
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Table 3 Pre-screening results of Shinyscreen for the HILIC-HRMS
data acquired in positive and negative ionization modes. Features
with an acceptable MS'/MS? alignment underwent annotation with
MetFrag-PCLite and SIRIUS CSI:FingerID

HILIC, positive Processed features HILIC, negative

ionization ionization

D48 SF D48 SF

1115 908 Retained features 1004 705

110 106 Level 2A MS-DIAL 83 95

1005 802 Retained features 921 610
(without level 2A MS-DIAL)

286 264 MS!/MS? alignment 214 215

28.5% 32.9% MS'/MS? alignment 23.2% 35.2%

(% vs. retained features)

used less stringent credentialing parameters (e.g. Pearson
correlation coefficient cut-off of 0.75 by PAVE and 0.5 in
this work; for complete parameter setting see ESM, Sect. 3)
that was compensated for by our downstream quality con-
trol steps. This modification allowed us to better retain false
negatives that were otherwise discarded by the software,
which is particular useful for our practical application and
research interest relative to metabolites mapping of canoni-
cal and non-canonical metabolites (the latter known to be
less abundant and more challenging to detect). Ultimately,
our workflow results in high-quality credentialed features
(i.e. “retained features”) to use in our annotation approach.
The percentage of credentialed features obtained via lipid-
omics for the nonpolar extracts using PAVE and Shinyscreen
is reported in the ESM (Sect. 2, Tables S1-2).

Results of feature annotation

Annotation of the credentialed yeast polar metabo-
lome Following feature credentialing with PAVE and
quality control using Shinyscreen, we proceeded with our
hierarchical step-by-step annotation approach. The first step

matched features with the integrated MS? spectral database
in MS-DIAL, and the positively identified features (ESM,
Zenodo, file FO9 [59]) were labelled as Level 2A (MS? spec-
tral database matching). The remaining features were further
processed with Shinyscreen to perform a pre-screening qual-
ity control step to verify MS!/MS? alignment prior to MS?
spectral extraction. This spectral information was used for
further analyses in MetFrag combined with PCLite or SIR-
IUS CSI:Finger ID. Finally, the quality of the credentialing/
annotation results was checked manually by recovering the
signals for the annotated features to determine the percent-
age of false-positive entries (i.e. that were credentialed via
the automated workflow, but for which the expected mass
shift in the fully labelled condition could not be confirmed
manually). The processing and annotation results for creden-
tialed polar metabolites are summarized in Tables 3 and 4.

The aim of this work was to compare the credentialing and
annotation performance in our developed high-throughput
D48-well approach with the low-throughput, classical SF
cultivation format, in addition to showing a potentially appli-
cation of credentialing in the D48 approach. With the goal
to generate a list of annotated features, in an automated and
unbiased way, to use the resulting feature lists as a met-
ric for method comparison, the credentialed features were
annotated by applying defined rules. With MS-DIAL, for
instance, a Level 2A was assigned based on parameters such
as a minimum dot product of 50% and a fragment presence
(i.e. irrespective of intensity) of 50% by comparison of the
experimental results with a freely available MS? spectral
database. We did not modify the annotation results and
included duplicate annotation entries (e.g. isobars with dif-
ferent RT time and fulfilling the criteria for MS? spectral
match with the reference MS? experimental database) and
less likely biological molecules or potential fragment mol-
ecules that were not successfully discarded by PAVE (e.g.
MS-DIAL ID 1190 [M+H]*, 3-methylpyrazole, PubChem
CID 15073; MS-DIAL ID 1366 [M+H]*, morpholine,

Table 4 HILIC-HRMS-based

. HILIC, positive ionization
annotation results for the

credentialed features (positive D48 SF

and negative ionization modes)

with their absolute value per 286 263

experimental setup (abs. value) Abs. value [%]

Abs. value [%]

Total annotated features HILIC, negative ionization

D48 SF

214 215

Confidence level Abs. value [%] Abs. value [%]

and relative percentage (%)

to the features with an MS'/ 110 38.5 106 40.2
MS? alignment. False-positive 5 17 3 1.1

percentage refers to the ratio

of the annotated features in 107 374 96 36.4
which a mass shift could not 11 38 9 34
be confirmed manually in the 11 38 9 3.4
labelled raw data to the total 0 147 40 152
amount of annotated features

8% 7%

prior the mass shift quality
control

Level 2A MS-DIAL 83 38.8 95 44.2
Level 2A MetFrag 0 0 2 0.9
Level 3 MetFrag 50 234 46 21.4
Level 3 SIRIUS CSI:FingerID 30 14 19 8.8
Level 4 SIRIUS CSI:FingerID 8 37 5 23
Level 5 43 20.1 48 22.3

False-positive (no-mass shift/ 15.4% 12.6%

total annotated)
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PubChem CID 8083). As summarized in Table 3, the total
amount of annotated features that passed the final manu-
ally curated mass shift quality control step (286 and 264 in
the positive ionization mode, for the D48 and SF samples,
respectively; 214 and 215 in the negative ionization mode,
for the D48 and SF samples, respectively) was lower com-
pared to the number of credentialed features that had passed
the mass shift quality control with Shinyscreen (1115 and
908 in the positive ionization mode, for the D48 and SF
samples, respectively; 1004 and 705 in the negative ioniza-
tion mode, for the D48 and SF samples, respectively) and
referred to as “Retained features” in Tables 1, 2, and 3. This
is due the fact that the MS data acquisition was performed
in DDA mode and only credentialed features with an MS!
aligned with detected MS? events were used for the annota-
tion (obtained with Shinyscreen and referring to “MS'/MS?
alignment” in Table 3) and some of the features that passed
the automatic mass shift quality control with Shinyscreen
were erroneously retained. We report these erroneously
retained features and explain these as the overall false-pos-
itive entry generated by the proposed computational pipe-
line. Our results underlie the fact that often a combination
of different software could be challenging in the praxis and
parameters setting and especially fine tuning of these affect
the outcome of an untargeted analysis. In this works, we
aim to show and propose a way to combine open-source
software and conduct metabolomics data analysis without
coding knowledge using community-developed software
with user-friendly interfaces. Furthermore, we would like to
show the value of credentialing information, which enables
us to validate the biological origin of features and inevitably
allows us to confidently answer biological questions. Despite
this, the annotation results, summarized in Table 4, led to
a comparable number of annotated features per confidence
level for the D48 and SF experimental setups, in both ioni-
zation modes, with also comparable false-positive percent-
ages, determined after the final manual mass shift quality
control. To assess the biological relevance of the annotation
results, we performed an InChIKey-based search against
the Yeast Metabolome Database (YMDB) [18, 19] and the

Human Metabolome Database (HMDB) [16, 17]. For this,
we used the InChIKeys obtained by the MS-DIAL annota-
tion (Level 2A MS-DIAL) and generated an InChIKey list
without duplicates entries. The number of exact InChIKey
matches and of exact InChIKey first block matches between
the annotated HILIC-HRMS features and both databases is
shown in Table 5. A full analysis is available in the ESM
(Zenodo, file F14 [59]).

The InChlIKey-based database search also revealed highly
comparable numbers of database matches between the D48
and SF experimental setups for both ionization modes
(Table 5). All this further indicated that the D48 cultiva-
tion and sample generation approach represents a solid basis
for unbiased metabolite mapping in yeast. Intriguingly, the
HMDB-based database search resulted in more matches than
YMDB (Table 5). This suggests that potentially more of
the metabolites reported in HMDB (220,945 small molecule
entries, last updated 2022) are to be found in yeast, although
not yet reported in YMDB (16,042 small molecule entries,
last updated 2017). The HMBD annotation results that are
not present in YMDB would still have to be confirmed with
authenticated chemical standards. However, the InChIKey-
based database search results show how the choice of the
chemical database used in a biological study may influence
the biological interpretation of the resulting annotation,
and the choice of the reference chemical database has to
be considered when judging the annotation results in the
context of a specific biological study. An important consid-
eration was how our results compared to the ones of Wang
et al. (2019), although a direct comparison was challeng-
ing due to differences in metabolite extraction and LC-MS
methods, instrumentation, and metabolite confidence level
reporting. To simplify the comparison, we decided to only
compare the 500 features annotated in our D48 method
with their 221 annotated features using the first block of
the unique InChIKey entries. These were obtained by con-
verting their metabolite list (found in their supplementary
information under “Annotation of all peaks” in the filename
“ac8b03132_si_004.x1Is”) to InChIKeys using the PubChem
Identifier Exchange Service [62]. Of the 221 overall

Table 5 InChlkey recovery
comparing YMDB and HMDB
with the annotated features from
the HILIC-HRMS data analysis.
“POS” and “NEG” refer to

the positive and negative InChIKey match

Unique Level 2A MS-DIAL per experimental setup

Level 2A MS-DIAL POS/NEG

D48 SF

112 115

Abs. value [%] Abs. value [%]

ionization modes, respectively.

Absolute values (Abs. value) Exact InChIKey match in YMDB 31 274 30 26.1
and percentage matches to the Exact InChIKey First Block (skeleton) match in YMDB 81 717 83 722
total unique Level 2A annotated .

features per experimental setup Exact InChIKey match in HMDB 44 389 42 36.5
are reported Exact InChIKey First Block (skeleton) match in HMDB 101 89.4 103 89.6
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annotated metabolites by Wang et al. (2019), 136 unique
InChlkeys were obtained, while 417 unique InChIKeys were
obtained for the 500 features annotated in our work. Only 56
metabolites overlapped in the two studies, while 80 metabo-
lites were unique to Wang et al. (2019) and 341 unique to our
pipeline (results available in ESM, Zenodo, file F15 [59]).
The major difference in our annotation workflow is that it
expanded beyond Levels 1 and 2 annotation and included in
silico fragmentation (Level 3 annotation) and unequivocal
chemical formula assignment (Level 4 annotation, although
this does not yield InChIKeys). The reported unknown fea-
tures in PAVE were 22.1% and 30.3% (205 of 926 and 209
of 690 credentialed features for the positive and negative
ionization modes, respectively) of the total credentialed fea-
tures [41]. This is slightly higher than the Level 5 feature
numbers reported in this study (Table 4, 14.27% and 20.1%
Level 5 features of the total retained features with MS!/MS?
alignment in positive and negative ionization mode with
the D48 method). Nevertheless, both studies highlight that
many unknown metabolites remain to be elucidated in the
yeast metabolome and credentialing represents an impor-
tant approach for tackling this knowledge gap. As recently
demonstrated, the additional spatial selectivity gained by
coupling HRMS to ion mobility spectroscopy may further
enhance credentialing efforts and annotation confidence
[63]. Moreover, identification is not limited to exact mass
and collecting biologically relevant MS" spectra but also
having the relevant chemical databases for annotation as
shown by the discrepancy between YMDB, HMDB, and
PubChemLite. Tools to predict metabolites resulting from
enzymatic side activities [64], non-enzymatic chemical dam-
age, and biotransformation reactions [65, 66] provide use-
ful resources for expanding chemical databases beyond the
known chemical space. However, it remains difficult to vali-
date good candidates beyond in silico approaches if authen-
ticated standards or MS? spectra are not available. Never-
theless, the confidence in the biological origin of detected
features gained through credentialing approaches provides
motivation to pursue the identification of unknown or low-
level peaks that would normally be discarded. Recently, SIL-
based credentialing metabolomics analyses in erythrocytes
infected with the malaria parasite Plasmodium falciparum
provided the basis for comparison and identification of gaps
within the metabolic model of the disease, where 41% of
the metabolome predicted from the parasite’s genome was
covered in their multi-method analysis of polar extracts with
GC-MS and LC-MS and nonpolar extracts using LC-MS
[67]. Importantly, their analysis revealed the existence
of non-canonical (non-predicted) metabolites and aided
enzyme function discovery, further illustrating the utility
of credentialing as a tool in completing metabolic networks.

Potential of using credentialing to facilitate lipid annota-
tion Analogous to the annotation of polar metabolites, we
applied our rule-based annotation approach to the lipid data.
As the lipid data analysis was done mostly as a feasibil-
ity check without prior parameter optimization or further
refinement of the algorithm, the summarized annotation
results of the relatively low number of credentialed features
retrieved are reported in the ESM (Sect. 2.1., Table S3) and
not described further here. One example of credentialed lipid
molecule, putatively annotated as 1-tetradecyl-2-acetyl-sn-
glycero-3-phosphocholine (PC (O-16:0), is shown in Fig-
ure S4 with related mass shift across the labelled conditions
and match between the experimental and predicted MS?
spectra.

Credentialing is a strategy that, to the best of our knowl-
edge, has not been applied to assist in the annotation of
lipids, yet it offers solutions for some challenges in the field,
such as signal deconvolutions, elimination of in-source frag-
ment signals or de-adducting (as highlighted in the PAVE
workflow [41]), and the quantification of lipid species which
is normally difficult due to lack of isotope-labelled chemi-
cal standards [68]. The confirmed biological origin together
with chemical formula information obtained with credential-
ing (e.g. observed mass shift and related carbon/nitrogen
counts) may assist with correct feature annotation and help
to discriminate between different lipid candidates. Addition-
ally, spiking '*C-labelled lipid extracts with non-labelled
lipid standards could help improve intracellular lipid quan-
tification and thus provide deeper insights into lipid metabo-
lism dynamics or turnover occurring during biological pro-
cesses or disease development [69-71]. The raw data from
the RP-LC-HRMS analysis of (un)labelled nonpolar extracts
derived from all cultivations tested in this study are available
as an open access data set (see ESM, GNPS [58]).

Feature variance in the D48 approach

A potential limitation with our D48 cultivation and extrac-
tion method is that it could introduce more experimental var-
iance in comparison to the SF approach. First, we performed
PCA to visualize the variance between D48 unlabelled
metabolite extractions, extraction blanks, and procedural
blanks. Procedural blanks (Fig. 4, “BLANK”) consisted of
the resuspension solvent with IS, while extraction blanks
(Fig. 4, BLANK-GLU) were samples generated from wells
of the D48 plate containing '>C-YNB medium (with glu-
cose) only that went through the entire experimental pipe-
line. Normalized peak intensities of the annotated features
from both ionization modes of the HILIC-HRMS analyses
for the D48 well format were imported to MetaboAnalyst
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Fig.4 PCA score plot of the annotated credentialed features from the
HILIC analysis of the D48 cultivation. Green dots: extraction blank
samples (BLANK-GLU, n=8). Red squares: procedural blank sam-
ples (BLANK, n=3). The dashed zone shows the section of the PCA
plot, where extraction and procedural blanks overlap. Purple trian-
gles: KO samples from the D48 method (D48-KO, n=3). Light blue
diamonds: WT samples from the D48 method (D48-WT, n=3)

5.0 [48]. As shown in Fig. 4, a partial separation between
the WT and KO samples is observed by principal compo-
nent analysis. This partial separation seems in line with the
results obtained in the quantitative approach used by Ewald
et al. (2009) to compare intracellular concentrations of cen-
tral carbon metabolites of the same yeast strains [44]. In
this previous study, accumulation of the substrate (succinate)
of the deleted enzyme was by far the most prominent dif-
ference observed between the sdhlA and the WT strains,

2

CV Distribution D48

Frequency
B D
o o

N
o

while similar or indistinguishable levels were found for
other central carbon metabolism intermediates. Procedural
and extraction blanks grouped closely together, suggest-
ing that their profiles are nearly identical. The clear sepa-
ration between the blank and biological samples strongly
suggests that there was negligible cross-over to other wells.
Supporting this, the average normalized peak intensities
of the biological and extraction blank samples were cal-
culated and compared. From the total amount of analysed
features (n=>500 times two strains, = 1000), 956 showed
fold change values > 5 between biological and extracted
2C-YNB media blank samples (“BLANK-GLU”, median
FC =60 with 90" percentile =327.2), indicating that negli-
gible cross-contamination between the wells occurred during
cultivation and metabolite extraction.

Since PCA represents an exploratory data analysis
method, we next examined the CV distribution of cre-
dentialed annotated features between the D48 and SF
approaches to compare experimental variance. CV values
should represent the total variability induced through all
the steps of the experimental pipeline, and their distribution
allows to assess the precision, reproducibility, and suitabil-
ity of the experimental setups [40]. For each experimental
setup, the CVs of the annotated features in both strains were
calculated, and the distribution was split up into 5% bins and
visualized with histograms (Fig. 5). The CV values for the
D48 experimental setup (Fig. SA) showed a wider distribu-
tion compared to the SF approach (Fig. 5B). The median
CV value of the D48 setup was 34% with a 90th percentile
of 66%, whereas the median CV value for the SF approach
amounted to 15% with a 90th percentile of 39%. Comparing
the D48 and SF approaches, 52.5% and 87.4% of the fea-
tures, respectively, had lower CV values than 35% (see ESM,
Zenodo, file F16 [59]). As observed by others before [44],
this shows that using multi-well plate-based cultivation and
extraction methods for increased throughput in microbial
sample generation for metabolomics analyses comes at the
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Fig.5 CV distribution for annotated credentialed features measured through the D48 (A) and SF (B) approaches. The bar plot represents the
number of features inside 5% CV bin intervals, whereas the red line shows the cumulative frequency
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price of higher errors and experimental variability. Specifi-
cally in our approach, we assume that the higher observed
experimental variation was mainly introduced through the
different pipetting steps using a multichannel pipette (sample
normalization and metabolite extraction, see the “Materials
and Methods” section) and less precise handling possibilities
when working in a multiplex format compared to processing
single samples individually, as also noted previously [44].
Blank subtractions or CV cut-off thresholds between 20 and
30% are commonly used in untargeted metabolomics data
analysis pipelines for feature prioritization [72]. Applying
a 35% CV cut-off in our data would discard approximately
50% and 13% of the features detected with the D48 and SF
approaches, respectively. Prioritizing the subsequent annota-
tion effort for a subset of features using a CV cut-off would
improve the significance of the obtained results. However,
by applying this strategy, low-abundant signals or features
with higher variance due to very low intracellular concen-
tration or non-specific detection, would not be annotated.
This means that precious information about unknowns or
non-canonical metabolites would not be considered further.
Credentialing-based metabolomics data analysis does not
depend on a posteriori statistical significance for feature pri-
oritization. While the higher dispersion of the metabolomics
data after D48 cultivation and sample generation can thus
be overcome in combination with credentialing strategies for
feature prioritization and may not greatly affect metabolite
and pathway mapping in microorganisms, it nevertheless
makes it more challenging to detect subtle metabolite level
changes in comparative analyses between different strains or
conditions than with classical, low-throughput approaches.

Impact of genetic background and cultivation
approach on metabolism

To explore the utility of the presented methods to investigate
the metabolic impact of genetic alterations, the metabolic
perturbations induced by succinate dehydrogenase defi-
ciency in yeast were investigated based on the credentialed
D48 and SF metabolomic datasets. A parametric ANOVA
followed by FDR-corrected, Tukey’s HSD post hoc tests
(p <0.01) was performed in R using normalized peak height
intensities of metabolites present in both experimental set-
ups (n=327; see ESM, Zenodo, file F16 [59]). We found
that 52 or 15.9% of features showed statistically significant
differences between the groups tested (D48-WT/KO and
SF-WT/KO), with 32 or 9.8% of the total features showing
an opposite WT versus KO trend in both experimental setups
(ESM, Zenodo, file F16 [59]). Metabolite changes in the
same direction between WT and KO in both experimental
setups are interesting to consider as robust consequences
of the genetic perturbation that are maintained in different
environments. Metabolites showing opposite trends in WT

versus KO in both experimental setups may be more affected
by the different cultivation formats (D48 versus SF) than by
the gene deletion.

As described above and previously described by others
[44], succinate levels were significantly higher (Fig. 6A;
D48-WT vs. D48-KO p value=2.6110"%, SE-WT vs.
SF-KO p value =2.08+107) in the sdhIA strain com-
pared to the WT strain in both approaches. The calcu-
lated FCs between KO and WT strains amount to 3.0 for
the D48 and 4.3 for the SF approach. These values differ
from the FCs calculated using the above presented quan-
tification approach (FCs of 7.2+0.2 and 9.0 + 0.9 found
with the D48 and SF samples, respectively), which are
based on absolute concentrations instead of relative val-
ues (normalized peak height). The intracellular succinate
concentration change is the most proximal effect expected
from the gene deletion, as succinate is the substrate of the
enzyme deficient in the analysed KO strain. Interestingly,
we observed that xanthurenate showed the exact opposite
trend to succinate, with depleted levels in the KO strain
compared to the WT strain in both experimental setups
(Fig. 6B; D48-KO vs. D48-WT: p=7.26¢10"%, FC =0.27,
SF-KO vs. SF-WT: p=2.2-10_4, FC=0.27). Xanthure-
nate is formed through transamination of the tryptophan
catabolic pathway (or kynurenine pathway) intermediate
hydroxykynurenate [73]. Kynurenate, another kynurenine
pathway derivative [74], showed also the exact opposite
trend to succinate with decreased levels in the KO strain
compared to the WT strain, but this feature only showed
statistical significance in the ANOVA (overall p =0.008)
with post hoc tests failing to show significance for the
SF samples (Fig. 6C; D48-KO vs. D48-WT: p=0.02,
FC=0.49; SF-KO vs. SF-WT: p=0.16, FC=0.71). The
observed differences in the levels of succinate, xanthure-
nate, and kynurenate are intriguing, since succinate dehy-
drogenase deficiency can cause the development of rare
neuroendocrine tumours (e.g. bladder tumours [75]) and
succinate ranks amongst the known oncometabolites [76,
77]. Furthermore, perturbations in tryptophan metabolism
and increased excretion of tryptophan intermediates were
observed in mouse models and patients with bladder can-
cer [78]. This preliminary data demonstrates a potential
enhanced excretion of xanthurenate and kynurenate by the
sdhlA KO compared to the WT. Further experiments are
needed to validate these preliminary findings; however,
they may support a link between succinate dehydroge-
nase deficiency and perturbation in tryptophan catabo-
lism that could be useful to explore for cancer research.
In this regard, our metabolomic dataset may represent an
interesting resource for uncovering conserved metabolic
perturbations caused by succinate accumulation that may
potentially contribute to tumorigenesis, but further con-
firmation is needed for corroborating this hypothesis.
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Fig.6 Box plot of the selected

differential metabolites in D48

and SF conditions. Statistical 4
significance was evaluated using
a one-way ANOVA followed

by Tukey’s HSD post hoc test
(p<0.01) from the HILIC-
HRMS analyses. Metabolites
were grouped by signals
showing the same (succinate,
xanthurenate, and kynurenate)
or opposite (NAD?*, gluconate,
histidine) trends. The identities
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Potentially, the quantification strategy proposed in this
work, based on the use of non-labelled standards in fully
labelled extracts (see “Material and methods”, subsection
Intracellular succinate quantification), could be applied
for future targeted studies that aim to quantify a poten-
tial relationship between SDH! deficiency and perturba-
tion of tryptophan metabolism at reduced costs. As the
kynurenine pathway leads to de novo nicotinamide adenine
dinucleotide (NAD™) synthesis [74], we looked into the
levels of this cofactor in our credentialed metabolomic
dataset. Notably, a feature having the expected m/z value
for NAD* and the same RT as standard NAD* was dis-
carded as a background signal with PAVE in the D48 sam-
ples but successfully credentialed and annotated as NAD™*
in the SF samples. The expected NAD* mass shift was
manually confirmed by comparing unlabelled and labelled
data from both the D48 and SF samples, exemplifying that
going back to the (un)labelled raw data may help retriev-
ing false-negative signals and enhance feature annota-
tion. The observed intracellular NAD" signals showed
about twofold changes between WT and KO strains, but
with opposite directionalities in the D48 and SF samples
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(Fig. 6D), thus indicating that the effect of SDH deficiency
on NAD™ levels is strongly dependent on the cultivation
format. Furthermore, gluconate showed a decreased sig-
nal in the KO strain compared to the WT strain using the
D48 approach (FC =0.42), whereas in the SF approach,
the gluconate signals showed comparable levels in both
strains (Fig. 6E; ANOVA p value =0.007; post hoc tests
failed to show significance). Gluconate can be derived
from the pentose phosphate pathway by dephosphoryla-
tion of 6-phosphogluconate [79] and higher gluconate
levels could indicate that the pentose phosphate pathway
has an enhanced activity in the D48-WT group compared
to the other biological groups. Supporting this assump-
tion, the intracellular histidine signal showed the same
intensity level pattern and WT vs. KO trend as the gluco-
nate signal (Fig. 6F; ANOVA p value =9.0.1073). Since
phosphoribosyl pyrophosphate is produced from the pen-
tose phosphate pathway intermediate ribose-5-phosphate
and is a precursor of histidine [80] (both not detected or
annotated by the applied LC-MS method and annotation
pipeline), an enhanced pentose phosphate pathway activ-
ity could provide more phosphoribosyl pyrophosphate,
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resulting in higher histidine biosynthesis, as previously
observed in biotechnological optimized microorganisms
[81]. The reason behind the higher gluconate levels in the
D48-WT group compared to all other groups remains cur-
rently unknown.

Conclusions

In this work, we combined a credentialing method (PAVE
approach [41]) based on stable isotope labelling with high-
throughput yeast cultivation (D48) and extraction to per-
form untargeted metabolomics using LC-HRMS, followed
by an elaborate pipeline of quality control steps and com-
pound annotation tools and finally, manual curation steps.
Growth and glucose uptake rates of the high-throughput
yeast cultures were highly comparable to the ones of clas-
sical SF cultures. We proposed a new intracellular quanti-
fication strategy, by spiking '*C-labelled cell extracts with
non-labelled standard, a method that does not depend on
using expensive labelled chemical standards. We adapted
our cultivation method from Ewald and co-authors [44] and
used the yeast sdhlA strain as well as a wild-type control
strain for comparative metabolomics analyses. Data pro-
cessing with our adapted PAVE workflow led to a com-
parable amount of credentialed features between the D48
and classical SF approach, and the subsequent annotation,
performed using open data sources (MS-DIAL, MetFrag,
SIRIUS CSI:FingerID [6, 12—14]), led to a comparable
amount of annotated features. We found that the optimal
way to perform a credentialing analysis using PAVE with
different yeast strains is to process the different biologi-
cal groups or conditions separately, despite the associated
increase in processing time. For future works, integrated,
tailor-made computational tools could support the devel-
opment of a semi-automated annotation pipeline to reduce
the overall analysis time. The high-throughput sample gen-
eration method described here enables faster sampling and
metabolite extraction compared to a classical SF approach.
However, this comes at the cost of increased experimen-
tal variance for the credentialed features due probably in
large part to increased experimental errors when working in
multiplex format, increasing the importance of subsequent
targeted validation experiments. Nevertheless, using the D48
approach, we detected 2119 credentialed features (5.8% out
of 36346 features detected in total in positive and negative
modes) across the analysed strains and of those we were
able to annotate 198 with high confidence (MS? database
match), showing the potential of the D48 method for com-
paring high number of true biological signals between dif-
ferent strains and/or conditions in one single experiment.
The ANOVA between the different strains and conditions

tested revealed that 52 or 15.9% of the total analysed fea-
tures (n=327) showed statistically significant differences
amongst the groups (D48-WT/KO and SF-WT/KO), with
32 or 9.8% of the features showing an opposite WT versus
KO trend in both experimental setups and 20 or 6.1% of the
features showing changes with the same directionality (see
ESM, Zenodo, file F16 [59] for details). Preliminary analy-
ses also suggest that our pipeline can be further developed
to perform credentialing-based lipid analyses from the same
yeast cultivations using the high-throughput D48 approach,
but optimisation efforts are needed.

Supplementary Information The online version contains supplemen-
tary material available at https://doi.org/10.1007/s00216-023-04724-5.

Acknowledgements The Environmental Cheminformatics and the
Enzymology and Metabolism Groups of the LCSB, University of Lux-
embourg, Randolph R. Singh of the Institut Francais de Recherche
pour I’Exploitation de la Mer, and Rainer Schuhmacher of the Uni-
versitit fiir Bodenkultur Wien, are acknowledged, for the valuable and
constructive suggestions during the planning and development of this
research work, along with the metabolomics platform of the LCSB for
the technical support during the LC-MS analysis.

Funding LF and ELS acknowledge funding support from the Luxem-
bourg National Research Fund (FNR) for project A18/BM/12341006,
while CLL and CMG acknowledge support from the European Union’s
Horizon 2020 Research and Innovation Programme under grant agree-
ment No. 814418 (SinFonia).

Data availability All raw data associated with this manuscript are avail-
able on GNPS (https://doi.org/10.25345/C5BN9X73B), with other
associated files available on Zenodo (https://doi.org/10.5281/zenodo.
7299206) as detailed in the manuscript.

Code availability The major software used in this work, namely,
PAVE2.0 (https://github.com/xxing9703/PAVE2.0), MS-DIAL
(http://prime.psc.riken.jp/compms/msdial/main.html), MetFrag R
Script (https://doi.org/10.5281/zenodo.7299206, F10), and SIRIUS
CSI:FingerID (https://bio.informatik.uni-jena.de/software/sirius/),
are open-source. The code and files associated with this manuscript
are provided in GNPS (https://doi.org/10.25345/C5BN9X73B), and
Zenodo (https://doi.org/10.5281/zenodo.7299206).

Declarations

Ethics approval Not applicable.

Conflict of interest The authors declare no competing interests.

Open Access This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes
were made. The images or other third party material in this article are
included in the article's Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in
the article's Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a
copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

@ Springer


https://doi.org/10.1007/s00216-023-04724-5
https://doi.org/10.25345/C5BN9X73B
https://doi.org/10.5281/zenodo.7299206
https://doi.org/10.5281/zenodo.7299206
https://github.com/xxing9703/PAVE2.0
http://prime.psc.riken.jp/compms/msdial/main.html
https://doi.org/10.5281/zenodo.7299206
https://bio.informatik.uni-jena.de/software/sirius/
https://doi.org/10.25345/C5BN9X73B
https://doi.org/10.5281/zenodo.7299206
http://creativecommons.org/licenses/by/4.0/

3432

Favilli L. et al.

References

10.

11.

12.

13.

14.

15.

Nielsen J. Yeast systems biology: model organism and cell fac-
tory. Biotechnol J. 2019;14:1800421. https://doi.org/10.1002/biot.
201800421.

Ellens KW, Christian N, Singh C, Satagopam VP, May P, Linster
CL. Confronting the catalytic dark matter encoded by sequenced
genomes. Nucleic Acids Res. 2017;45:11495-514. https://doi.org/
10.1093/nar/gkx937.

Alonso A, Marsal S, Julia A. Analytical methods in untargeted
metabolomics: state of the art in 2015. Front Bioeng Biotechnol.
2015;3:23. https://doi.org/10.3389/fbioe.2015.00023.

Li D, Liang W, Feng X, Ruan T, Jiang G. Recent advances in
data-mining techniques for measuring transformation products
by high-resolution mass spectrometry. TrAC Trends Anal Chem.
2021;143:116409. https://doi.org/10.1016/j.trac.2021.116409.
Horai H, Arita M, Kanaya S, Nihei Y, Ikeda T, Suwa K, Ojima Y,
Tanaka K, Tanaka S, Aoshima K, Oda Y, Kakazu Y, Kusano M,
Tohge T, Matsuda F, Sawada Y, Hirai MY, Nakanishi H, Tkeda K,
Akimoto N, Maoka T, Takahashi H, Ara T, Sakurai N, Suzuki H,
Shibata D, Neumann S, Iida T, Tanaka K, Funatsu K, Matsuura
F, Soga T, Taguchi R, Saito K, Nishioka T. MassBank: a public
repository for sharing mass spectral data for life sciences. J Mass
Spectrom. 2010;45:703—14. https://doi.org/10.1002/jms.1777.
Tsugawa H, Cajka T, Kind T, Ma Y, Higgins B, Ikeda K, Kanazawa
M, VanderGheynst J, Fiehn O, Arita M. MS-DIAL: data-independ-
ent MS/MS deconvolution for comprehensive metabolome analysis.
Nat Methods. 2015;12:523-6. https://doi.org/10.1038/nmeth.3393.
Mahieu NG, Genenbacher JL, Patti GJ. A roadmap for the XCMS
family of software solutions in metabolomics. Curr Opin Chem
Biol. 2016;30:87-93. https://doi.org/10.1016/j.cbpa.2015.11.009.
Rost HL, Sachsenberg T, Aiche S, Bielow C, Weisser H, Aicheler
F, Andreotti S, Ehrlich H-C, Gutenbrunner P, Kenar E, Liang X,
Nahnsen S, Nilse L, Pfeuffer J, Rosenberger G, Rurik M, Schmitt
U, VeitJ, Walzer M, Wojnar D, Wolski WE, Schilling O, Choud-
hary JS, Malmstrom L, Aebersold R, Reinert K, Kohlbacher O.
OpenMS: a flexible open-source software platform for mass spec-
trometry data analysis. Nat Methods. 2016;13:741-8. https://doi.
org/10.1038/nmeth.3959.

Tsugawa H. Advances in computational metabolomics and databases
deepen the understanding of metabolisms. Curr Opin Biotechnol.
2018;54:10-7. https://doi.org/10.1016/j.copbio.2018.01.008.
BlaZenovic¢ I, Kind T, Ji J, Fiehn O. Software tools and approaches
for compound identification of LC-MS/MS data in metabolomics.
Metabolites. 2018;8:31. https://doi.org/10.3390/metabo8020031.
Schymanski EL, Kondi¢ T, Neumann S, Thiessen PA, Zhang
J, Bolton EE. Empowering large chemical knowledge bases for
exposomics: PubChemLite meets MetFrag. J] Cheminformatics.
2021;13:19. https://doi.org/10.1186/s13321-021-00489-0.

Wolf S, Schmidt S, Miiller-Hannemann M, Neumann S. In silico
fragmentation for computer assisted identification of metabolite
mass spectra. BMC Bioinformatics. 2010;11:148. https://doi.org/
10.1186/1471-2105-11-148.

Diihrkop K, Fleischauer M, Ludwig M, Aksenov AA, Melnik AV,
Meusel M, Dorrestein PC, Rousu J, Bocker S. SIRIUS 4: a rapid
tool for turning tandem mass spectra into metabolite structure
information. Nat Methods. 2019;16:10. https://doi.org/10.1038/
$41592-019-0344-8.

Diihrkop K, Shen H, Meusel M, Rousu J, Bocker S. Searching
molecular structure databases with tandem mass spectra using
CSI:FingerID. Proc Natl Acad Sci. 2015;112:12580-5. https://
doi.org/10.1073/pnas.1509788112.

Kind T, Liu K-H, Lee DY, DeFelice B, Meissen JK, Fiehn O.
LipidBlast in silico tandem mass spectrometry database for lipid

@ Springer

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

217.

28.

29.

identification. Nat Methods. 2013;10:755-8. https://doi.org/10.
1038/nmeth.2551.

Wishart DS, Feunang YD, Marcu A, Guo AC, Liang K, Vazquez-
Fresno R, Sajed T, Johnson D, Li C, Karu N, Sayeeda Z, Lo
E, Assempour N, Berjanskii M, Singhal S, Arndt D, Liang Y,
Badran H, Grant J, Serra-Cayuela A, Liu Y, Mandal R, Neveu V,
Pon A, Knox C, Wilson M, Manach C, Scalbert A. HMDB 4.0:
the human metabolome database for 2018. Nucleic Acids Res.
2018;46:D608—17. https://doi.org/10.1093/nar/gkx1089.
Wishart DS, Tzur D, Knox C, Eisner R, Guo AC, Young N,
Cheng D, Jewell K, Arndt D, Sawhney S, Fung C, Nikolai L,
Lewis M, Coutouly M-A, Forsythe I, Tang P, Shrivastava S, Jer-
oncic K, Stothard P, Amegbey G, Block D, DavidD H, Wagner
J, Miniaci J, Clements M, Gebremedhin M, Guo N, Zhang Y,
Duggan GE, Maclnnis GD, Weljie AM, Dowlatabadi R, Bam-
forth F, Clive D, Greiner R, Li L, Marrie T, Sykes BD, Vogel
HIJ, Querengesser L. HMDB: the human metabolome database.
Nucleic Acids Res. 2007;35:D521-6. https://doi.org/10.1093/
nar/gkl923.

Jewison T, Knox C, Neveu V, Djoumbou Y, Guo AC, Lee J, Liu
P, Mandal R, Krishnamurthy R, Sinelnikov I, Wilson M, Wishart
DS. YMDB: the yeast metabolome database. Nucleic Acids Res.
2012;40:D815-20. https://doi.org/10.1093/nar/gkr916.
Ramirez-Gaona M, Marcu A, Pon A, Guo AC, Sajed T, Wishart
NA, Karu N, Djoumbou Feunang Y, Arndt D, Wishart DS.
YMDB 2.0: a significantly expanded version of the yeast metabo-
lome database. Nucleic Acids Res. 2017;45:D440-5. https://doi.
org/10.1093/nar/gkw1058.

Kanehisa M, Goto S. KEGG: kyoto encyclopedia of genes and
genomes. Nucleic Acids Res. 2000;28:27-30. https://doi.org/10.
1093/nar/28.1.27.

Prosser GA, Larrouy-Maumus G, de Carvalho LPS. Metabolomic
strategies for the identification of new enzyme functions and meta-
bolic pathways. EMBO Rep. 2014;15:657-669. https://doi.org/10.
15252/embr.201338283.

Clasquin MF, Melamud E, Singer A, Gooding JR, Xu X, Dong
A, Cui H, Campagna SR, Savchenko A, Yakunin AF, Rabinowitz
JD, Caudy AA. Riboneogenesis in yeast. Cell. 2011;145:969-80.
https://doi.org/10.1016/j.cell.2011.05.022.

Becker-Kettern J, Paczia N, Conrotte J-F, Kay DP, Guignard C,
Jung PP, Linster CL. Saccharomyces cerevisiae forms d-2-hydrox-
yglutarate and couples its degradation to d-lactate formation via
a cytosolic transhydrogenase. J Biol Chem. 2016;291:6036-58.
https://doi.org/10.1074/jbc.M115.704494.

Long JZ, Cisar JS, Milliken D, Niessen S, Wang C, Trauger SA,
Siuzdak G, Cravatt BF. Metabolomics annotates ABHD3 as a
physiologic regulator of medium-chain phospholipids. Nat Chem
Biol. 2011;7:763-5. https://doi.org/10.1038/nchembio.659.
LvM,Ji X, ZhaolJ, LiY, Zhang C, SuL, Ding W, Deng Z, Yu Y,
Zhang Q. Characterization of a C3 deoxygenation pathway reveals
a key branch point in aminoglycoside biosynthesis. J Am Chem
Soc. 2016;138:6427-35. https://doi.org/10.1021/jacs.6b02221.
Singh C, Glaab E, Linster CL. Molecular identification of d-ribu-
lokinase in budding yeast and mammals. JBC. 2017;292:1005-28.
https://doi.org/10.1074/jbc.M116.76074.

Linster CL, Van Schaftingen E, Hanson AD. Metabolite dam-
age and its repair or pre-emption. Nat Chem Biol. 2013;9:72-80.
https://doi.org/10.1038/nchembio.1141.

Griffith CM, Walvekar AS, Linster CL. Approaches for complet-
ing metabolic networks through metabolite damage and repair
discovery. Curr Opin Syst Biol. 2021;28:100379. https://doi.org/
10.1016/j.coisb.2021.100379.

Kremer LS, Danhauser K, Herebian D, Petkovic Ramadza Pet-
kovic D, Piekutowska-Abramczuk D, Seibt A, Miiller-Felber W,
Haack TB, Ploski R, Lohmeier K, Schneider D, Klee D, Rokicki
D, Mayatepek E, Strom TM, Meitinger T, Klopstock T, Pronicka


https://doi.org/10.1002/biot.201800421
https://doi.org/10.1002/biot.201800421
https://doi.org/10.1093/nar/gkx937
https://doi.org/10.1093/nar/gkx937
https://doi.org/10.3389/fbioe.2015.00023
https://doi.org/10.1016/j.trac.2021.116409.
https://doi.org/10.1002/jms.1777
https://doi.org/10.1038/nmeth.3393
https://doi.org/10.1016/j.cbpa.2015.11.009
https://doi.org/10.1038/nmeth.3959
https://doi.org/10.1038/nmeth.3959
https://doi.org/10.1016/j.copbio.2018.01.008
https://doi.org/10.3390/metabo8020031
https://doi.org/10.1186/s13321-021-00489-0
https://doi.org/10.1186/1471-2105-11-148
https://doi.org/10.1186/1471-2105-11-148
https://doi.org/10.1038/s41592-019-0344-8
https://doi.org/10.1038/s41592-019-0344-8
https://doi.org/10.1073/pnas.1509788112
https://doi.org/10.1073/pnas.1509788112
https://doi.org/10.1038/nmeth.2551
https://doi.org/10.1038/nmeth.2551
https://doi.org/10.1093/nar/gkx1089
https://doi.org/10.1093/nar/gkl923
https://doi.org/10.1093/nar/gkl923
https://doi.org/10.1093/nar/gkr916
https://doi.org/10.1093/nar/gkw1058
https://doi.org/10.1093/nar/gkw1058
https://doi.org/10.1093/nar/28.1.27
https://doi.org/10.1093/nar/28.1.27
https://doi.org/10.15252/embr.201338283.
https://doi.org/10.15252/embr.201338283.
https://doi.org/10.1016/j.cell.2011.05.022
https://doi.org/10.1074/jbc.M115.704494
https://doi.org/10.1038/nchembio.659
https://doi.org/10.1021/jacs.6b02221
https://doi.org/10.1074/jbc.M116.76074
https://doi.org/10.1038/nchembio.1141
https://doi.org/10.1016/j.coisb.2021.100379.
https://doi.org/10.1016/j.coisb.2021.100379.

High-throughput Saccharomyces cerevisiae cultivation method for credentialing-based. ..

3433

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

E, Mayr JA, Baric I, Distelmaier F, Prokisch H. NAXE mutations
disrupt the cellular NAD(P)HX repair system and cause a lethal
neurometabolic disorder of early childhood. ATHG. 2016;99:894—
902. https://doi.org/10.1016/j.ajhg.2016.07.018.

Linster CL, Noél G, Stroobant V, Vertommen D, Vincent M-F,
Bommer GT, Veiga-da-Cunha M, Van Schaftingen E. Ethylmal-
onyl-CoA decarboxylase, a new enzyme involved in metabolite
proofreading. J Biol Chem. 2011;286:42992-3003. https://doi.org/
10.1074/jbc.M111.281527.

Veiga-da-Cunha M, Schaftingen EV, Bommer GT. Inborn errors
of metabolite repair. J Inherit Metab Dis. 2020;43:14-24. https://
doi.org/10.100/jimd.12187.

Van Schaftingen E, Rzem R, Marbaix A, Collard F, Veiga-da-
Cunha M, Linster CL. Metabolite proofreading, a neglected
aspect of intermediary metabolism. J Inherit Metab Dis.
2013;36:427-34. https://doi.org/10.1007/s10545-012-9571-1.
Peisl BYL, Schymanski EL, Wilmes P. Dark matter in host-
microbiome metabolomics: tackling the unknowns-a review.
Anal Chim Acta. 2018;1037:13-27. https://doi.org/10.1016/j.
aca.2017.12.034.

da Silva RR, Dorrestein PC, Quinn RA. [lluminating the dark
matter in metabolomics. Proc Natl Acad Sci. 2015;112:12549—
50. https://doi.org/10.1073/pnas.1516878112.

Mahieu NG, Huang X, Chen Y-J, Patti GJ. Credentialing fea-
tures: a platform to benchmark and optimize untargeted metabo-
lomic methods. Anal Chem. 2014;86:9583-9. https://doi.org/10.
1021/ac503092d.

de Jong FA, Beecher C. Addressing the current bottlenecks of
metabolomics: Isotopic Ratio Outlier Analysis™, an isotopic-
labeling technique for accurate biochemical profiling. Bioanal.
2012;4:2303-14. https://doi.org/10.4155/bio.12.202.

Huang X, Chen Y-J, Cho K, Nikolskiy I, Crawford PA, Patti
GJ. X '3 CMS: global tracking of isotopic labels in untargeted
metabolomics. Anal Chem. 2014;86:1632-9. https://doi.org/10.
1021/ac403384n.

Chokkathukalam A, Jankevics A, Creek DJ, Achcar F, Barrett
MP, Breitling R. mzMatch—ISO: an R tool for the annotation
and relative quantification of isotope-labelled mass spectrom-
etry data. Bioinformatics. 2013;29:281-3. https://doi.org/10.
1093/bioinformatics/bts674.

Capellades J, Navarro M, Samino S, Garcia-Ramirez M,
Hernandez C, Simo R, Vinaixa M, Yanes O. geoRge: a com-
putational tool to detect the presence of stable isotope labe-
ling in LC/MS-based untargeted metabolomics. Anal Chem.
2016;88:621-8. https://doi.org/10.1021/acs.analchem.5b03628.
Bueschl C, Kluger B, Lemmens M, Adam G, Wiesenberger G,
Maschietto V, Marocco A, Strauss J, Bodi S, Thallinger GG,
Krska R, Schuhmacher R. A novel stable isotope labelling
assisted workflow for improved untargeted LC-HRMS based
metabolomics research. Metabolomics. 2014;10:754—69. https://
doi.org/10.1007/s11306-013-0611-0.

Wang L, Xing X, Chen L, Yang L, Su X, Rabitz H, Lu W, Rabi-
nowitz JD. Peak annotation and verification engine for untar-
geted LC-MS metabolomics. Anal Chem. 2019;91:1838-46.
https://doi.org/10.1021/acs.analchem.8b03132.

Fuhrer T, Zamboni N. High-throughput discovery metabo-
lomics. Curr Opin Biotechnol. 2015;31:73-8. https://doi.org/
10.1016/j.copbio.2014.08.006.

Allen J, Davey HM, Broadhurst D, Heald JK, Rowland JJ, Oliver
SG, Kell DB. High-throughput classification of yeast mutants
for functional genomics using metabolic footprinting. Nat Bio-
technol. 2003;21:692-6. https://doi.org/10.1038/nbt823.
Ewald JC, Heux S, Zamboni N. High-throughput quantitative
metabolomics: workflow for cultivation, quenching, and analy-
sis of yeast in a multiwell format. Anal Chem. 2009;81:3623-9.
https://doi.org/10.1021/ac900002u.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

Pedersen BH, Gurdo N, Johansen HK, Molin S, Nikel PI, La
Rosa R. High-throughput dilution-based growth method enables
time-resolved exo-metabolomics of Pseudomonas putida and
Pseudomonas aeruginosa. Microb Biotechnol. 2021;14:2214—
26. https://doi.org/10.1111/1751-7915.13905.

Malinowska JM, Palosaari T, Sund J, Carpi D, Bouhifd
M, Weber RIM, Whelan M, Viant MR. Integrating in vitro
metabolomics with a 96-well high-throughput screening plat-
form. Metabolomics. 2022;18:11. https://doi.org/10.1007/
s11306-021-01867-3.

Miilleder M, Calvani E, Alam MT, Wang RK, Eckerstorfer F,
Zelezniak A, Ralser M. Functional metabolomics describes the
yeast biosynthetic regulome. Cell. 2016;167:553-565.e12. https://
doi.org/10.1016/j.cell.2016.09.007.

Xia J, Psychogios N, Young N, Wishart DS. MetaboAnalyst:
a web server for metabolomic data analysis and interpretation.
Nucleic Acids Res. 2009;37:W652-60. https://doi.org/10.1093/
nar/gkp356.

Kondic T, et al. Shinyscreen, environmental cheminformatics.
2023. https://gitlab.lcsb.uni.lu/eci/shinyscreen. Accessed 10 May
2023.

Lai A, Singh RR, Kovalova L, Jaeggi O, Kondi¢ T, Schymanski
EL. Retrospective non-target analysis to support regulatory water
monitoring: from masses of interest to recommendations via in
silico workflows. Environ Sci Eur. 2021;33:43. https://doi.org/10.
1186/512302-021-00475-1.

Gibney PA, Lu C, Caudy AA, Hess DC, Botstein D. Yeast meta-
bolic and signaling genes are required for heat-shock survival and
have little overlap with the heat-induced genes. Proc Natl Acad
Sci. 2013;110. https://doi.org/10.1073/pnas.1318100110.
Plassmeier J, Barsch A, Persicke M, Niehaus K, Kalinowski J.
Investigation of central carbon metabolism and the 2-methylci-
trate cycle in Corynebacterium glutamicum by metabolic profil-
ing using gas chromatography—mass spectrometry. J Biotechnol.
2007;130:354-63. https://doi.org/10.1016/j.jbiotec.2007.04.026.
Giavalisco P, Li Y, Matthes A, Eckhardt A, Hubberten H-M,
Hesse H, Segu S, Hummel J, Kohl K, Willmitzer L. Elemental
formula annotation of polar and lipophilic metabolites using 1>
C, '> N and 3 S isotope labelling, in combination with high-res-
olution mass spectrometry: Isotope labelling for unbiased plant
metabolomics. Plant J. 2011;68:364-76. https://doi.org/10.1111/j.
1365-313X.2011.04682.x.

Blazenovi¢ I, Kind T, Sa MR, Ji J, Vaniya A, Wancewicz B,
Roberts BS, Torbasinovi¢ H, Lee T, Mehta SS, Showalter MR,
Song H, Kwok J, Jahn D, Kim J, Fiehn O. Structure annotation
of all mass spectra in untargeted metabolomics. Anal Chem.
2019;91:2155-62. https://doi.org/10.1021/acs.analchem.8b04698.
Barupal DK, Fan S, Wancewicz B, Cajka T, Sa M, Showalter MR,
Baillie R, Tenenbaum JD, Louie G, Kaddurah-Daouk R, Fiehn O.
Data descriptor: generation and quality control of lipidomics data
for the Alzheimer’s disease neuroimaging initiative cohort. Sci
DATA. 2018;5:180263. https://doi.org/10.1038/sdata.2018.2631.
Wang et al. Peak annotation and verification engine, PAVE
2.0 Software. 2018. https://github.com/xxing9703/PAVE2.0.
Accessed 10 May 2023.

Kessner D, Chambers M, Burke R, Agus D, Mallick P. ProteoWiz-
ard: open source software for rapid proteomics tools development.
Bioinformatics. 2008;24:2534-6. https://doi.org/10.1093/bioin
formatics/btn323.

Favilli L. MassIVE MSV000090663-GNPS-high-throughput Sac-
charomyces cerevisiae cultivation method for credentialing-based
untargeted metabolomics-Supplementary Files. 2022. https://doi.
org/10.25345/C5BN9X73B.

Favilli L. Zenodo-high-throughput Saccharomyces cer-
evisiae cultivation method for credentialing-based untargeted

@ Springer


https://doi.org/10.1016/j.ajhg.2016.07.018
https://doi.org/10.1074/jbc.M111.281527
https://doi.org/10.1074/jbc.M111.281527
https://doi.org/10.100/jimd.12187
https://doi.org/10.100/jimd.12187
https://doi.org/10.1007/s10545-012-9571-1
https://doi.org/10.1016/j.aca.2017.12.034
https://doi.org/10.1016/j.aca.2017.12.034
https://doi.org/10.1073/pnas.1516878112
https://doi.org/10.1021/ac503092d
https://doi.org/10.1021/ac503092d
https://doi.org/10.4155/bio.12.202
https://doi.org/10.1021/ac403384n
https://doi.org/10.1021/ac403384n
https://doi.org/10.1093/bioinformatics/bts674
https://doi.org/10.1093/bioinformatics/bts674
https://doi.org/10.1021/acs.analchem.5b03628
https://doi.org/10.1007/s11306-013-0611-0
https://doi.org/10.1007/s11306-013-0611-0
https://doi.org/10.1021/acs.analchem.8b03132
https://doi.org/10.1016/j.copbio.2014.08.006
https://doi.org/10.1016/j.copbio.2014.08.006
https://doi.org/10.1038/nbt823
https://doi.org/10.1021/ac900002u
https://doi.org/10.1111/1751-7915.13905
https://doi.org/10.1007/s11306-021-01867-3
https://doi.org/10.1007/s11306-021-01867-3
https://doi.org/10.1016/j.cell.2016.09.007
https://doi.org/10.1016/j.cell.2016.09.007
https://doi.org/10.1093/nar/gkp356
https://doi.org/10.1093/nar/gkp356
https://gitlab.lcsb.uni.lu/eci/shinyscreen
https://doi.org/10.1186/s12302-021-00475-1
https://doi.org/10.1186/s12302-021-00475-1
https://doi.org/10.1073/pnas.1318100110.
https://doi.org/10.1016/j.jbiotec.2007.04.026
https://doi.org/10.1111/j.1365-313X.2011.04682.x
https://doi.org/10.1111/j.1365-313X.2011.04682.x
https://doi.org/10.1021/acs.analchem.8b04698
https://doi.org/10.1038/sdata.2018.2631
https://github.com/xxing9703/PAVE2.0
https://doi.org/10.1093/bioinformatics/btn323
https://doi.org/10.1093/bioinformatics/btn323
https://doi.org/10.25345/C5BN9X73B
https://doi.org/10.25345/C5BN9X73B

3434

Favilli L. et al.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

metabolomics-Supplementary Files. Zenodo Dataset. 2022.
https://doi.org/10.528 1/zenodo.7299206.

Schymanski EL, Jeon J, Gulde R, Fenner K, Ruff M, Singer HP,
Hollender J. Identifying small molecules via high resolution mass
spectrometry: communicating confidence. Environ Sci Technol.
2014;48:2097-8. https://doi.org/10.1021/es5002105.

Bolton E, Schymanski E. PubChemLite tier0 and tierl. Zenodo
Dataset. 2020. https://doi.org/10.5281/zenodo.3611238.
PubChem Identifier Exchange Service. https://pubchem.ncbi.nlm.
nih.gov/idexchange/idexchange.cgi. Accessed 12 Dec 2022.
Dodds JN, Wang L, Patti GJ, Baker ES. Combining isotopologue
workflows and simultaneous multidimensional separations to
detect, identify, and validate metabolites in untargeted analyses.
Anal Chem. 2022;94:2527-35. https://doi.org/10.1021/acs.analc
hem.1c04430.

Jeffryes JG, Colastani RL, Elbadawi-Sidhu M, Kind T, Nie-
haus TD, Broadbelt LJ, Hanson AD, Fiehn O, Tyo KEJ, Henry
CS. MINEs: open access databases of computationally pre-
dicted enzyme promiscuity products for untargeted metabo-
lomics. J Cheminformatics. 2015;7:44. https://doi.org/10.1186/
s13321-015-0087-1.

Djoumbou-Feunang Y, Fiamoncini J, Gil-de-la-Fuente A, Greiner
R, Manach C, Wishart DS. BioTransformer: a comprehensive
computational tool for small molecule metabolism prediction and
metabolite identification. J Cheminformatics. 2019;11:2. https://
doi.org/10.1186/s13321-018-0324-5.

Wishart DS, Tian S, Allen D, Oler E, Peters H, Lui VW, Gautam
V, Djoumbou-Feunang Y, Greiner R, Metz TO. BioTransformer
3.0—a web server for accurately predicting metabolic transforma-
tion products. Nucleic Acids Res. 2022;50:W115-23. https://doi.
org/10.1093/nar/gkac313.

Cobbold SA, V Tutor M, Frasse P, McHugh E, Karnthaler
M, Creek DJ, Odom John A, Tilley L, Ralph SA, McConville
MJ. Non-canonical metabolic pathways in the malaria para-
site detected by isotope-tracing metabolomics. Mol Syst Biol.
2021;17:e10023. https://doi.org/10.15252/msb.202010023.

Xu T, Hu C, Xuan Q, Xu G. Recent advances in analytical strate-
gies for mass spectrometry-based lipidomics. Anal Chim Acta.
2020;1137:156-69. https://doi.org/10.1016/j.aca.2020.09.060.
Xicoy H, Wieringa B, Martens GIM. The role of lipids in Parkinson’s
disease. Cells. 2019;8:27. https://doi.org/10.3390/cells8010027.
Anand PK. Lipids, inflammasomes, metabolism, and disease. Immu-
nol Rev. 2020;297:108-22. https://doi.org/10.1111/imr.12891.
Kao Y-C, Ho P-C, Tu Y-K, Jou I-M, Tsai K-J. Lipids and Alz-
heimer’s disease. Int J Mol Sci. 2020;21:1505. https://doi.org/10.
3390/ijms21041505.

@ Springer

72.

73.

74.

75.

76.

71.

78.

79.

80.

81.

Schiffman C, Petrick L, Perttula K, Yano Y, Carlsson H, White-
head T, Metayer C, Hayes J, Rappaport S, Dudoit S. Filtering
procedures for untargeted LC-MS metabolomics data. BMC Bio-
inform. 2019;20:334. https://doi.org/10.1186/512859-019-2871-9.
Shin M, Sano K, Umezawa C. Metabolism of tryptophan to niacin
in Saccharomyces uvarum. J Nutr Sci Vitaminol. 1991;37:269-83.
https://doi.org/10.3177/jnsv.37.269.

Croft T, Venkatakrishnan P, Lin S-J. NAD+ metabolism and regu-
lation: lessons from yeast. Biomolecules. 2020;10:330. https://doi.
org/10.3390/biom10020330.

Gupta S, Zhang J, Rivera M, Erickson LA. Urinary bladder para-
gangliomas: analysis of succinate dehydrogenase and outcome.
Endocr Pathol. 2016;27(3):243-52. https://doi.org/10.1007/
$12022-016-9439-2.

Baysal BE, Ferrell RE, Willett-Brozick JE, Lawrence EC, Mys-
siorek D, Bosch A, van der MEy A, Tascher PE, Rubinstein WS,
Myers EN, Richard CW, Cornelisse CJ, Devilee P, Devlin B.
Mutations in SDHD, a mitochondrial complex II gene, in heredi-
tary paraganglioma. Science 2000;287(5454):848-851. https://doi.
org/10.1126/science.287.5454.848.

Pollard PJ, Wortham NC, Tomlinson IPM. The TCA cycle and
tumorigenesis: the examples of fumarate hydratase and succinate
dehydrogenase. Ann Med. 2003;35(8):632-9. https://doi.org/10.
1080/07853890310018458.

Lower GM Jr, Bryan GT. The metabolism of the 8-methyl ether
of xanthurenic acid in the mousel. Cancer Res. 1969;29:1013-8.
Collard F, Baldin F, Gerin I, Bolsée J, Noél G, Graff J, Veiga-da-
Cunha M, Stroobant V, Vertommen D, Houddane A, Rider MH,
Linster CL, Van Schaftingen E, Bommer GT. A conserved phos-
phatase destroys toxic glycolytic side products in mammals and
yeast. Nat Chem Biol. 2016;12:601-7. https://doi.org/10.1038/
nchembio.2104.

Bertels L-K, Fernandez Murillo L, Heinisch JJ. The pentose phos-
phate pathway in yeasts—more than a poor cousin of glycolysis.
Biomolecules. 2021;11:725. https://doi.org/10.3390/biom 110507
25.

Schwentner A, Feith A, Miinch E, Stiefelmaier J, Lauer I, Favilli
L, Massner C, OhrleinJ GB, Hiiser A, Takors R, Blombach B.
Modular systems metabolic engineering enables balancing of rel-
evant pathways for l-histidine production with Corynebacterium
glutamicum. Biotechnol Biofuels. 2019;12:65. https://doi.org/10.
1186/513068-019-1410-2.

Publisher's note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.


https://doi.org/10.5281/zenodo.7299206
https://doi.org/10.1021/es5002105
https://doi.org/10.5281/zenodo.3611238
https://pubchem.ncbi.nlm.nih.gov/idexchange/idexchange.cgi
https://pubchem.ncbi.nlm.nih.gov/idexchange/idexchange.cgi
https://doi.org/10.1021/acs.analchem.1c04430
https://doi.org/10.1021/acs.analchem.1c04430
https://doi.org/10.1186/s13321-015-0087-1
https://doi.org/10.1186/s13321-015-0087-1
https://doi.org/10.1186/s13321-018-0324-5
https://doi.org/10.1186/s13321-018-0324-5
https://doi.org/10.1093/nar/gkac313
https://doi.org/10.1093/nar/gkac313
https://doi.org/10.15252/msb.202010023.
https://doi.org/10.1016/j.aca.2020.09.060
https://doi.org/10.3390/cells8010027
https://doi.org/10.1111/imr.12891
https://doi.org/10.3390/ijms21041505
https://doi.org/10.3390/ijms21041505
https://doi.org/10.1186/s12859-019-2871-9
https://doi.org/10.3177/jnsv.37.269
https://doi.org/10.3390/biom10020330
https://doi.org/10.3390/biom10020330
https://doi.org/10.1007/s12022-016-9439-2
https://doi.org/10.1007/s12022-016-9439-2
https://doi.org/10.1126/science.287.5454.848
https://doi.org/10.1126/science.287.5454.848
https://doi.org/10.1080/07853890310018458
https://doi.org/10.1080/07853890310018458
https://doi.org/10.1038/nchembio.2104
https://doi.org/10.1038/nchembio.2104
https://doi.org/10.3390/biom11050725
https://doi.org/10.3390/biom11050725
https://doi.org/10.1186/s13068-019-1410-2
https://doi.org/10.1186/s13068-019-1410-2

	High-throughput Saccharomyces cerevisiae cultivation method for credentialing-based untargeted metabolomics
	Abstract
	Introduction
	Materials and methods
	Experimental pipeline
	Data analysis

	Results and discussion
	Physiological constraints and intracellular succinate concentration
	Credentialing results
	Results of feature annotation
	Feature variance in the D48 approach
	Impact of genetic background and cultivation approach on metabolism

	Conclusions
	Anchor 14
	Acknowledgements 
	References


