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Abstract

Annotation of untargeted high-resolution full-scan LC-MS metabolomics data remains challenging due to
individual metabolites generating multiple LC-MS peaks arising from isotopes, adducts and fragments.
Adduct annotation is a particular challenge, as the same mass difference between peaks can arise from
adduct formation, fragmentation, or different biological species. To address this, here we describe a
Buffer Modification Workflow (BMW), in which the same sample is run by LC-MS in both liquid
chromatography solvent with *NHs-acetate buffer, and in solvent with the buffer modified with °NHs-
formate. Buffer switching results in characteristic mass and signal intensity changes for adduct peaks,
facilitating their annotation. This relatively simple and convenient chromatography modification
annotated yeast metabolomics data with similar effectiveness to growing the yeast in isotope-labeled
media. Application to mouse liver data annotated both known metabolite and known adduct peaks
with 95% accuracy. Overall, it identified 26% of ~ 27,000 liver LC-MS features as putative metabolites, of
which ~ 2600 showed HMDB or KEGG database formula match. This workflow is well-suited to biological

samples that cannot be readily isotope labeled, including plants, mammalian tissues, and tumors.



A major challenge in untargeted metabolomics is to correctly identify all detectable metabolites for a
given biological system, e.g., cultured cell or plant or animal tissue. Nuclear Magnetic Resonance (NMR)
and high resolution liquid chromatography mass spectrometry (LC-MS) are two common platforms [1-3].
Typical LC-MS runs detect >10,000 “peaks” or “features”, defined by mass-to-charge ratio (m/z) and
retention time (RT). Not all of these peaks directly correspond to metabolite protonated or deprotonated

ions [M+H]* or [M-H] [4-10]:

(i) There are non-biological background peaks from diverse sources, such as culture medium, chemicals
introduced during sample preparation (e.g. from Eppendorf tubes), and contaminants from the LC-MS

system;

(ii) In addition to [M+H]* and [M-H] ions, a metabolite may produce additional ions including natural

isotopes, adducts, and in-source fragments.

Thus, a critical aspect of untargeted analysis is to pinpoint the metabolite ions. One approach is to group
all peaks from the same metabolite. This can be done based on RT and peak shape similarity within same
sample, and/or peak abundance correlation across samples. Such grouping is followed by annotation

using m/z differences [11-18].

An alternative approach applies a set of rules to categorize peaks without performing peak grouping as
the first step [8]. A challenge is to find rules that accurately discriminate metabolite peaks. For
microorganisms, such as E. coli and S. cerevisiae, analysis of unlabeled and isotope-labeled specimens
facilitates accurate peak categorization [6, 8, 19-23]. One workflow, which we named a Peak Annotation
and Verification Engine (PAVE), involves growing microbes in unlabeled, 3C, **N, and dual *3C/**N-labeled
media [8]. Biological peaks are differentiated from nonbiological peaks based on whether the peaks
exhibit mass shifts between unlabeled and labeled samples. Moreover, the mass shifts can be used to
derive metabolite C and N atom counts (with carbon or nitrogen atoms coming from adducting remaining
unlabeled). Metabolite and adduct peaks share the same C and N counts, even though their masses are
different, facilitating annotation. Fragments are annotated based on their peak intensity increasing under

weak in-source collision-induced dissociation (CID).

Approaches based on isotope labeling work well for microorganisms that can grow in minimal media and
thus are readily fully isotope labeled. Many types of samples are, however, difficult to label completely,
including plant and animal tissues. An alternative approach is needed to annotate metabolite peaks in
such samples. Through careful examination of the PAVE workflow, we found that adduct annotation is the

step for which the isotope labelling is critical. Specifically, without knowing C/N counts, the analysis based



on mass difference alone is not accurate. For example, our LC buffer contains ammonium acetate which
is a common mobile phase additive. This leads to extensive [M+NH,]* and [M+CHsCOOQO] adducts with mass
difference of 17.0265 and 60.0211 from [M+H]* and [M-H] ions, respectively. lons matching these mass
differences can also come from unrelated metabolites or from fragmentation. When the cause of the
mass difference is fragmentation, the metabolite peak is the heavier one. Conversely, when the cause is

adduct formation, the metabolite peak is the lighter one.

To annotate accurately metabolite peaks, we must distinguish these possibilities. To this end, here we
modified the LC buffer by replacing half of the 1*NHs-acetate with >NHs-formate. This results in robust
mass and intensity shifts in adduct ions specifically (e.g. ammonia adduct ions now appear as a pair of
similar intensity peaks separated by 0.997 amu). Incorporation this additional information allowed us to
develop a Buffer Modification Workflow (BMW), which is suitable for the untargeted analysis of samples

that are not readily isotope labeled.

Experimental section.

LC-MS and buffer modification

LC used a Vanquish UHPLC system (Thermo Fisher) and Xbridge BEH Amide column (Waters) with 25 min
HILIC gradient [8]. Solvent A is 95:5 water:acetonitrile with 20 mM ammonium hydroxide (**NH4OH) and
20 mM ammonium acetate (CHsCOONH,), pH 9.4 [19]. Solvent B is acetonitrile. We designated this
buffer system as “Buffer-1”. For modified buffer (“Buffer-2”), solvent A is 95:5 water:acetonitrile with 10
mM ¥NH;0H, 10 mM *NH40H, 10 mM CH3COO»NH, and 10 mM HCOONHj, resulting in 20 mM *NH,*,
20 mM NH4*, 10 mM CH3COO and 10 mM HCOO'". Solvent B is acetonitrile. LC was coupled to a Q-
Exactive Plus mass spectrometer to perform MS1 scan from m/z 70 to 1000, with a resolving power of

160,000 at m/z 200 and 80,000 at m/z 800.
S. cerevisiae metabolome analysis

S. cerevisiae strain FY4 was grown at 30°C in medium containing 1.7 g/L YNB without vitamin and amino
acids (Sunrise, #1524), 0.002 mg/L biotin, 20 g/L glucose as carbon source, and 5 g/L (NH4),SO, as nitrogen
source. Cells were grown under the following four labeling conditions: unlabeled, *3C, >N and 3C/**N.
Labeling was carried out for > 10 generations. Cells were harvested at ODgy0=0.80 by filtering and

metabolites were extracted using 40:40:20:0.5% FA (acetonitrile:methanol:water:formic acid), followed



by neutralization with 15% NH4HCOs [24]. For unlabeled cultures, additional samples were collected at
ODe00=0.02 using same volume of extraction solvent to serve as a procedure blank which can be used to
annotate “Background” peaks. All samples were analyzed in triplicate with Buffer-1, with additional runs
applying in-source CID at 5 and 10 eV for unlabeled samples. In addition, the unlabeled samples were also

analyzed with Buffer-2.
Mouse liver metabolome analysis

Twelve-month-old female wild-type C57BL/6 mice (Jackson Laboratory, Bar harbor, ME) on normal diet
were sacrificed by cervical dislocation and tissues quickly dissected and snap frozen in liquid nitrogen with
precooled Wollenberger clamp. To extract metabolites, frozen liver tissue samples were first weighed
individually (~20 mg each sample) and ground with a cryomill machine (Retsch, Newtown, PA) maintained
at cold temperature using liquid nitrogen. Samples were then extracted using 40:40:20:0.5% FA
(acetonitrile:methanol:water:formic acid), followed by neutralization with 15% NH,HCOs. A procedure
blank was generated identically without tissue. All samples were analyzed in triplicate with Buffer-1, with
additional runs of in-source CID at 5 and 10 eV for liver extract. In addition, the liver extract was also

analyzed with Buffer-2.
24-hour stability of fresh liver extract

Additional samples were generated to evaluate the stability of liver extract. 1.5 mL fresh liver extract was
prepared as above, and transferred into a glass vial. The vial was loaded into LC autosampler maintained
at 5 °C, and continuously analyzed over 24-hour period using the same LC-MS method. We estimate that

there was approximately a 2-hour delay from the beginning of the extraction to the first time point.
Synthesis of formyl-serine from serine and formate in extraction solvent

Serine powder was dissolved into water at 1 mg/mL. 10 pL of this stock solution was added to 1 mL
40:40:20:0.5% FA (acetonitrile:methanol:water:formic acid) in a glass vial, vortexed, and allowed to sit on
ice for 5 minutes followed by adding 84 L of 15% NH4HCOs. The vial was transferred to the autosampler
maintained at 5 °C and analyzed continuously for 24 hours using the above 25 min LC-MS method in
negative mode. Control samples with serine standard alone in 50:50 methanol:H,0 at 10 ug/mL and

extraction solvent alone were analyzed in parallel.

Data analysis



Raw LC-MS data were converted to mzXML format using the command line “msconvert” utility [25]. The
BMW analysis starts with a peak list generated from triplicate samples of interest using EI-Maven software
[26]. We specify that “100% peaks above minimum quality” in order to find those peaks showing up in all
three replicates. Duplicate peaks were removed with m/z and RT tolerance of 10 ppm and 0.1 min. Peaks

were annotated based on a set of rules as described below.

Results and discussion.

Overall strategy

We aimed to develop a workflow for peak annotation of samples that are not readily isotope labeled, such
as liver extract. We initially sought to assign peaks into 5 major categories: “Background,” “Isotope,”
“Adduct,” “Fragment,” or “Putative metabolite.” Later, we added a category for peaks that are formed by
chemical reactions of metabolites with the extraction buffer and therefore increase over time after initial
sample preparation (“Reaction product”) (Figure 1). Additional less common artifacts were added as

subcategories of the main categories, such as Fourier transform artifact peaks [27, 28] and dimers.

To establish the rules for each category, we relied on fundamental principles (e.g. background peaks
should be similar in samples and procedure blanks) and chose the initial quantitative cutoffs based on
roughly 200 manually selected known metabolite peaks in positive mode, and a similar number in negative
mode. For fragments, the fundamental principle was increasing signal with a weak in source collision-
induced dissociation voltage. For adducts, it was altered signal in the modified LC running buffer.
Quantitative cutoffs were then refined by examining additional peaks whose annotation had been

determined using isotope-labeled yeast samples.

BMW annotation rules

(1) “Background”: Peaks with intensity < 2-fold of “procedure blank”.
(2a) “FTMS artifact”: Low intensity “ringing” or “satellite” peaks > 2 order of magnitude smaller than their
parents and located within £ 800 ppm m/z window [28]. Such peaks occur in Orbitrap and FT ICR MS

but not time-of-flight.



(2b) “Isotope”: Isotopes were annotated based on three criteria: Am/z match with a tolerance of + 3 ppm,
RT match with a tolerance of + 0.05 min, and intensity ratio lisotope/Imetabolite Within set ranges based on

the isotope’s natural abundance (Figure S1, Table S1).

(3a) “Adduct”: Adducts were first annotated using a general rule similar to isotopes. The three criteria
were Am/z match, RT match with a tolerance of * 0.05 min, and intensity ratio ladduct/Imetabolite Within
set ranges (Table S1). Am/z tolerance of + 3 ppm was used for all adducts except sodium adduct for
which + 1.5 ppm is used. This is due to the fact that [Na-H] and [C>-H;] have very similar masses
(21.9819 vs. 21.9844) (Figure S1). The intensity ratio criteria were determined empirically based on

data from a list of known adducts (Figure S2 & S3, Table S1).

(3b) “NH4* and CHsCOO adduct”: The above rules are insufficient to annotate NH," and CH3COO" adducts
for two reasons. First, due to the high concentrations of NH,s* and CHsCOO" in LC buffer, the adduct
intensity can be very high, sometimes far above the parent ion (Figure S2 & S3, Table S1). This is not,
however, consistently the case — it depends on the intrinsic ionization properties of both the
metabolite and the adduct — so we cannot discriminate such adducts based on intensity ratios.
Secondly, for any pair of ions with the relevant Am/z of ammonia or acetate, their relationship is
nevertheless unclear: (i) the higher mass ion may be an adduct of the lower mass one, (ii) the lower
mass ion may be a fragment of the higher mass one, or (iii) they may be biologically distinct. LC
buffer modification distinguishes the adducts from the other two situations. In the modified buffer
containing equal amounts of *NH4* and >NH,*, the 1*NH,* adduct intensity decreases and a similar
size peak appears at 0.997 m/z higher mass. Specifically, BMW requires the ¥*N and *N peaks in the
modified buffer to have an intensity ratio between 0.5 to 1.5 with Am/z = 0.997 and m/z tolerance
of + 3 ppm (Figure 2). Similarly, in the modified buffer, half of the acetate is replaced by formate,
resulting in lower acetate adduct signals. In practice, the 50% reduction of acetate in the LC running
buffer produces at least a 2-fold decline in the acetate adduct signals, because the added formate
also competes with the remaining acetate. Therefore, after normalizing to the [M-H] peak intensity,
BMW requires a > 2-fold intensity decrease in the modified buffer to annotate a peak as an acetate

adduct (Figure 3).

(3c) “Buffer sensitive”: Most known metabolite [M+H]* and [M-H] peaks did not change markedly in
retention time or intensity with buffer switching (Figure 2 & 3). In contrast, many other peaks did. As
seen in Figure 3, the formate adducts, acetate adducts, and NOs™ adducts of uridine and adenosine

change more than the deprotonated ions from Buffer-1 to Buffer-2. We wondered if peak intensity



change with buffer switching could be used to filter metabolite from adduct peaks. To this end, we
compared all yeast peaks to yeast metabolite peaks annotated using the PAVE workflow (~500
metabolite peaks both in positive and in negative mode) (Table S4). We found that the metabolite
peaks were much less likely to change dramatically with buffer switching (Figure 4). Accordingly, we
filtered out peaks with intensity changes with buffer switching exceeding 95% of metabolite peaks. At

the expense of losing 5% of metabolite peaks, this filtering removed ~ 30% of total peaks.

(3d) “Multicharge” and “Dimer”: Multicharge peaks were annotated based on the *3C peak being at higher

(4)

mass of +1.0034/n, rather than simply +1.0034 (Table S1). For dimers, BMW requires a co-eluting
single-charge monomer peak with Am/z tolerance of + 3 ppm, RT tolerance of £ 0.05 min, and intensity
ratio lgimer/lmonomer <1.

“Fragment”: Fragment peaks are identified based on the intensity increase upon ramping up the in-
source CID energy [8]. Peaks with statistically significantly higher intensity with in-source CID of 5 or
10 eV as compared to 0 eV are candidate fragments. Such candidates include (i) actual fragments and
(ii) metabolite ions, where the metabolite peak increases with increasing CID because the metabolite
is released from adducts (Figure S4). Because we were using ammonium acetate buffer, the adducts
that are abundant enough to release substantial metabolite are ammonium and acetate adducts.
Accordingly, if a peak was previously annotated (at step 3b) as the parent ion of an ammonium or
acetate adduct, it is excluded from being annotated as a fragment. This reinforces the value of the

buffer modification to accurately annotate these abundant adducts.

All the remaining peaks were considered as “Putative metabolites” and searched against freely available

metabolomics databases (HMDB [29] and KEGG [30]) for formula match with + 5 ppm m/z tolerance.

Comparison of BMW with PAVE for yeast data

We evaluated the performance of BMW on yeast metabolomics data, using annotations based on isotope-

labeling and the PAVE workflow. Both workflows start with the same peak list, from an unlabeled S.

cerevisiae sample run in Buffer-1. This list consists of 18460 peaks in positive mode and 8555 peaks in

negative mode. The rules used for BMW and PAVE are summarized in Tables S2 and S3. The major

difference between BMW and PAVE is that the latter determines the C/N numbers for every peak in

unlabeled sample based on mass shifts across unlabeled and labeled samples [8].



Metabolite annotation in PAVE is more stringent than BMW because of the requirement for the molecular

formula to match both the metabolite mass and C/N counts. Not surprisingly, BMW found many more
metabolites than PAVE: 1068 in positive mode and 853 in negative mode for BMW, versus 473 and 540
for PAVE (Table S4, Figure S5). The number of overlapping is 439 in positive mode and 503 in negative
mode. Thus, BMW correctly identified 93% of metabolites found in PAVE.

Chemicals produced after the extract was made

In terms of the putative metabolites annotated in BMW but not PAVE, some of these are compounds like
H3PO,which lack carbon or nitrogen and thus fail to label from 3C or °N. Others, like palmitate, are found
extensively in the environment [31] and thus appear partially unlabeled in the 3C-labeled yeast samples,

failing the labeling criteria of PAVE. In these cases, BMW provides the more accurate annotation.

Other putative metabolites found by BMW are overt artifacts that PAVE properly excludes. For example,
two peaks were seen in the chromatogram of aspartate at m/z 132.0302 = 10 ppm in negative mode with
different RTs (11.3 min vs 13.6 min, Figure 5A). Both match the formula C4HsNO,s. The MS2 spectrum,
however, shows that only the latter peak is aspartate (Figure S6A). Labeling data shows that the 11.3 min
peak has 3 carbons (versus 4 for aspartate) (Figure S6B). Both peaks were also seen in liver data (Figure
5B). Repeated analysis of a fresh liver extract that was maintained at 5°C inside the autosampler over 24-
hr period shows that the peak intensity of aspartate is steady, while the earlier-eluting isobaric peak
increases dramatically (Figure 5C). Sauerchnig et al showed the potential for methanol to react with
metabolites to generate artifactual peaks [32]. We later found out that the 11.3 min peak appears upon
addition of pure serine, a three carbon metabolite, to clean extraction buffer which contains methanol,
acetonitrile, and formic acid (Figure 5D). Thus, this peak is formyl-serine. Multiple other formyl amino acid
ex vivo reaction products were found (Table S4): id 12, formyl-threonine; id 395, formyl-glutamine; id

1201, formyl-glycine; id 2640, formyl-asparagine.

Such ex vivo reaction products can easily be weeded out based on their increasing over time in the

autosampler, a criterion that we incorporated into the BMW workflow (Figure 1, Table 1).

(5) “Reaction product”: Any peak that increases more than 2-fold over 21-hour period starting from a

fresh extract.



Validation of BMW using known peaks in liver

We further evaluated the performance of BMW using the manually curated list of known metabolite,
adduct, and fragment peaks which was initially used to set up the rules. This was done by running the
BMW procedure on the liver extract, as opposed to the yeast extracts used for workflow development.
For 196+212 known metabolites (positive+negative mode), BMW correctly annotated 187+201 (95%
properly annotated as metabolites) (Table S5). Two points should be noted here. Some of the
misannotated metabolites were categorized as “Buffer sensitive.” This is as statistically expected (Figure
4). Secondly, half of these misannotated metabolites were correctly annotated in opposite ionization

mode, showing the value of using both ionization modes for more complete coverage.

For 93+126 known adducts, 82+121 were correctly annotated as adducts with additional 5+2 annotated
as “Buffer sensitive” (95% properly annotated as either “Adduct” or “Buffer sensitive”) (Table S5). For 21
[M+NH,]* adducts in positive mode and 16 [M+CHsCOO] adducts in negative mode, 20+15 were correctly
annotated with the 2 others annotated as “Buffer sensitive”. For 65+51 fragments, 61+49 were correctly

annotated (95% properly annotated as fragments).

Global peak annotations in liver extract

For liver data, we detected a total of 16508+10309 peaks (positive+negative mode) with intensity >10°
(Table S6 &S7). Many peaks were removed based on previously well-recognized classes of LC-MS artifact:
“Background” (4289+2043), “Isotope” (2742+1714), “Adduct” (1446+1417), and “Fragment” (638+417).
Strikingly, even after such removal, large number of peaks were annotated as “Buffer sensitive”
(16274972) and “Reaction product” (1032+366). Thus, these additional filters efficiently clean up peaks

that are not likely to be metabolites.

The analysis results in a total of 4197+2806 putative metabolites (positive+negative mode), among which
142241195 match database formula. Peaks with matched formula represent diverse compound classes,
from polar water-soluble metabolites to nonpolar lipid species. Compared to the Mouse Multiple Tissue
Metabolome Database which contains 219 known polar metabolites in mouse liver [33], the present study
is a significant expansion in terms of number of putative metabolites that can be detected, with definitive

identification using MS2 and/or RT comparison with authentic standards ongoing [34-36].



Regarding peaks without formula match, some could be unannotated LC-MS artifacts (e.g, adducts,
fragments), while some could be true metabolites. Some of these peaks might match alternative
metabolomics databases that were not searched here [37]. We found that some such peaks arise from
signal overlap between multiple metabolites, generating an erroneous mass that does not precisely match
either compound. For example, the peak at m/z 808.5801 (Table S6, id 8857, not annotated) has the
contribution from two overlapping peaks, m/z 808.5851 (*2C4sHs3sNOgP* or *2C-PC 38:5) and m/z 808.5759
(13C,12C44Hs1NOgP*, or 13C,-PC 36:3) (Figure S7), resulting in an intermediate measured mass that does not

correspond to any actual metabolite.

Conclusion.

Building on substantial recent progress in annotating untargeted LC-MS metabolomics data [38], here we
address a key bottleneck: adduct annotation. We show that switching the LC running buffer enables
robust annotation of ammonium and acetate adducts, which are otherwise hard to differentiate from
fragmentation events or actual distinct metabolites. The buffer switching generally has limited effects on
the intensities of metabolite peaks ([M+H]* and [M-H]’), but substantially changes the intensities of many
other peaks, most of which are likely unannotated adducts. In addition, we show that roughly 5% of peaks

accumulate during extract storage, and therefore are some form of abiotic reaction product [39].

In liver extract, across positive and negative mode, the buffer modification workflow pulls out about 7000
putative metabolite peaks from over 27,000 total peaks. A majority of these do not match any known
metabolite molecular formula. This is particularly true of less abundant peaks (peak height < 10° ion
counts), while the more abundant peaks (> 10° ion counts) mainly match known metabolites. Further work
is required to confirm the identities of peaks with formula match and identify abundant peaks lacking
formula match. It remains to be determined whether the numerous less abundant peaks lacking formula

match mainly arise from yet-to-be-discovered analytical artifacts or novel metabolites.
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Fig 1. Five major peak annotation categories. (1) “Background” ions were annotated based on whether
the peak intensity is < 2-fold of that in procedure blank. (2) “Isotope” peaks were annotated based on
Am/z match, RT match and intensity ratio within set range. (3) “Adduct” peaks were annotated similar
to “Isotope”, with use of buffer modification to annotate accurately [M+NH;]" and [M+CH3COO]
adducts. See Fig 2 and Fig 3 for more details. Ac: CH;COO". Fo: HCOO'.(4) “Fragment” peaks were
annotated based on whether the peak intensity increases with 5 or 10 eV of in-source CID compared to
0 eV. The chromatogram of fumarate shows the peak of fumarate itself (13.0 min) (which falls in
intensity with increasing CID) and a fragment from malate (13.5 min), which rises. (5) “Reaction product
refers to peaks that increase after extraction as sample sits inside the autosampler at 5 °C. These peaks
can arise from the reactions between endogenous metabolites and the extraction buffer.
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Fig 2. Annotation of ammonium adducts in positive mode is achieved by running the same
sample in LC Buffer-1 which contains 40 mM #NH,*, and Buffer-2 which contains 20mM #NH4*
and NH4*. (A) For ammonium adducts, under Buffer-2, there is a pair of peaks of [M+*NH,]*
and [M+'°NH,4]* with similar intensity (shown here for the metabolite UDP-N-acetyl-
glucosamine). (B) In Buffer-2, the relative intensity of the >N and *N ammonia adduct peaks is
consistently within 0.5 -1.5 (shown here for 18 known ammonium adducts). (C) Fragmentation
with a loss of NHs can be distinguished from adduct formation based on the absence of the °N
peak under Buffer-2 (shown here for the metabolite tryptophan).
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Fig 3. Annotation of acetate adducts in negative mode is achieved by running the same sample
in LC Buffer-1 which contains 20 mM acetate, and Buffer-2 which contains 10 mM acetate and
10 mM formate. (A, B) For acetate adducts, peak intensity decreases >2-fold when switching
buffer, after normalizing to the deprotonated peak intensity, as seen for 16 acetate adducts of
known metabolites including uridine and adenosine. (C) The molecular formula of acetate
(C2H403) is the same as two carbon units in a carbohydrate molecule (2 x CHOH). Acetate
adducts can be distinguished from larger carbohydrates based on their response to Buffer-2. For
example, at the retention time of glucose-6-phosphate (m/z 259.0223), there is an ion at m/z of
319.0437. (D) After normalizing to m/z 259 peak, the intensity of the m/z 319 peak does not
decrease >2-fold. This indicates that the ion at m/z 319.0437 is not the acetate adduct of

glucose-6-phosphate. Instead, it corresponds to the larger phosphorylated carbohydrate
octulose-8-phosphate.



(A) S. cerevisiae - positive mode

2000+ 1 .
» il all peaks
< 1000} i ]
@
Y
o 0 T T T Etlh)‘ { {
— |
5 |
o
g 50l 7 I— knowr.1 |
> i metabolites
0 ©
(9] ((o]
100} sl s .
10° 102 10" 1 10" 10% 10°
IBuffer-Z/ IBuffer-1
(B) S. cerevisiae - negative mode
T T T T T T T
1000 ] .
n | all peaks
X
< 500t ﬂ :
@
o
Y
° 0 —H—=i il M+
5 i
o
c 501 I known .
=) U | | metabolites
Z 100t 1 :
o To)
N ™
150— 1 1 Ol 71 Nl 1 1 |

10°% 102 10" 1 10" 10% 10°
IBuﬁer-Zl IBuffer-1

Fig 4. Peaks showing greater intensity changes in response to buffer switching than 95% of
known metabolites are categorized by BMW as “Buffer sensitive.” Buffer sensitive peaks are
likely to be unknown adducts, rather than metabolite [M+H]" or [M-H] ions. There is a cluster
of peaks that essentially disappear with buffer switching (intensity ratio around 0.001). (A)
Positive mode yeast data for all peaks versus known metabolites. (B) Negative mode data.
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Fig 5. Chemicals can be made by reaction of extraction buffer components with metabolites. (A)
The ion-specific chromatogram at aspartate m/z (132.0302 + 10ppm) in negative mode from S.
cerevisiae extract shows two prominent peaks. Both match a formula of C4HgNO4. MS2 spectra
shows that the 13.6 min peak is aspartate, while the 11.3 min peak is an unknown (Figure S6A).
Labeling experiments show that the aspartate peak as expected has 4 carbons that label, while
the 11.3 min peak has only 3, implying non-biological assimilation of one unlabeled carbon
(Figure S6B). (B) Both peaks were also detected in liver extract. (C) The intensity for the 11.3 min
peak increases as sample sits in the autosampler, while the aspartate peak is steady. (D) The
11.3 min peak is formyl-serine, and appears upon adding pure serine to the extraction solvent

(40:40:20 acetonitrile:methanol:H,0 with 0.5% formic acid).



Table 1. Workflow for liver untargeted metabolomics data analysis, showing the datasets used for different annotation steps.

Steps Notes Buffer-1 Buffer-2
procedure | liver extract | liver extract | 24-hr liver extract at
blank at OeV at 5/10eV | stability OeV
Peak Finding all peaks in liver extract (m/z and RT) X
extraction
1 “Background”: peaks in liver extract with intensity < 2-fold of that in X X
“procedure-blank”
2a | “FTMS artifact”: ringing peaks around strong intensity ions X
2b | “Isotope” X
3a | “Adduct”: other than NH;*and CHsCOO" X
Annotation 3b | NHs*and CH3COO™ adducts X
3c | “Buffer sensitive”: peaks with large intensity change when switching buffer X
3d | “Multicharge”/“Dimer” X
4 “Fragment”: peaks with intensity increasing significantly at 5 or 10 eV of in- X X
source CID, with special rules for peaks with abundant adducts
5 “Reaction product”: peaks with intensity increasing > 2-fold during 21-hr X
period after extract preparation
Metabolite Remaining peaks are considered “Putative metabolite” and searched X
identification against database to find formula matches




