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ABSTRACT: Ultrahigh-resolution Fourier transform mass spectrometry has revealed unprecedented detail of
natural complex mixtures such as dissolved organic matter (DOM) on a molecular formula level. However, we lack
detailed information on the underlying structural complexity which hinders full-scale molecular identification.
Therefore, we applied a novel approach to decipher DOM’s characteristic mixed (“chimeric”) tandem mass (MS?)
spectra that represent multiple precursors of the same nominal mass. We (i) calculated mass difference (Am)
matrices for all precursor and product ions, (ii) matched them with reference Am’s from 11280 library MS? spectra
and 14 phenolic reference compounds and (iii) linked the matched Am’s to molecular structures. Indicative Am’s
revealed the presence of analogs of lignin, glycosides, hydrolyzable tannins, and flavonoids as well as unknown N-
and S-containing molecules, which likely reflect remaining imprints of organic matter sources and processing. We
found only weak support for postulated Van Krevelen structural domains often applied to identify DOM’s molecular

composition. However, we discovered multiple gradients of precursor properties significantly linked to the type
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and number of matches, and structural suggestions. Additionally, the approach revealed heteroatom-containing (P,
Cl) precursors not covered by our molecular formula annotation. Our paper highlights Am matching by MS? as a

promising tool to reveal novel structural information of complex mixtures like DOM.

Keywords: Natural organic matter, NOM, DI-ESI-MS/MS, FTMS, Orbitrap, tandem mass spectrometry,

MS/MS, deconvolution

Synopsis: We present an approach to explore the structural composition of mixtures of unknown organic

molecules in environmental media to reveal their identity, source, and diversity.
INTRODUCTION

Complex mixtures are key study objects in environmental and industrial applications, but their analysis remains
challenging.’= One of the most complex mixtures in natural ecosystems is dissolved organic matter (DOM). 4® The
diverse sources and molecular interactions of DOM with its abiotic and biotic environment mirror ecosystem
functioning and ecosystem services®® that form the basis for sustainable ecosystem management.’%1? Despite
significant advances in ultrahigh-resolution mass spectrometry (FTMS)!3%* and nuclear magnetic resonance
spectroscopy®®, scientists still struggle to decode this information on the molecular level'**8, and novel approaches

to identify distinct process markers are required.

Open and living systems are characterized by a large process diversity due to spatial organization and heterogeneity,
changing boundary conditions, and community shifts, which promote the formation of an ultra-complex mixture of
thousands to millions of individual constituents!®?' that mirror these large environmental gradients.’®?® As a
consequence, most compounds found in DOM pose significant challenges in separation, isolation, and structure
elucidation. Hence, direct infusion (DI) FTMS techniques have become indispensable tools for the molecular-level
analysis of DOM as they reveal unprecedented detail at the nominal mass (MS! data) even without prior
fractionation or separation.'®2* However, FTMS techniques alone do not fully resolve all structural detail observed
at the exact mass in DOM as the presence of isobars and isomers hinders the annotation of particular molecules and

thus, full meta-metabolome annotation.??2" In addition to this, current structural databases cover only a minority
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of the molecular formulas encountered, typically allowing for the annotation of less than 5% of features (i.e., ions,

precursors),928:29

One way to dissect single molecular formula's chemical makeup in DOM is through gas phase fragmentation (MS?,
or multistage MS") experiments.?**° However, the relatively wide isolation windows (~ 1 Da) of mass filters applied
for precursor selection often hinders the isolation and subsequent fragmentation of single exact masses, hence
leading to mixed "chimeric" mass spectra.®® Even though single authors have achieved isolation of single masses
or improved description of chimeric tandem MS data, fragmentation patterns were found to be universal across
DOM samples.?9222331-34 These studies, however, focused mainly on the major product ion peaks (fragments),

which usually make up only 60 — 70 % of the total product ion abundance.?>%

The major product ions encountered in tandem mass spectra of DOM relate to sequential neutral losses of common
small building blocks, mainly CO2, H,O, or CO units. A mass difference between a precursor and a product ion in
an MS2 spectrum is called "delta mass" and herein referred to as Am (Am's in the plural form). Many Am's such as
CO; or H20 are commonly observed and thus are non-indicative for the identification of structural units (Table S-
1).19223L3536 |n contrast, early studies found recurring low m/z product ions (e.g., m/z 95, 97, 109, 111, 123, 125,
137, 139, 151, and 153) that were interpreted as a limited set of core structural units substituted with a set of
functional groups, yet in different amounts and configurational types that would lead to highly diverse mixtures,
thus opening an avenue to identify their precursors.®253742 Although many studies followed up on the core
structure idea,"194344 most recent studies mainly focus on similarities in the more abundant but non-indicative
neutral losses, arguing that this reflects universal patterns of DOM diversification upon decomposition across
environments.?>%® From a stochastic standpoint, the occurrence of common neutral losses may not be surprising;
for example, many structures contain hydroxyl groups that could yield H-O losses, and CO- can originate from
different functionalities despite carboxyl groups.*® In contrast, the occurrence of two molecules sharing a larger
substructure —a higher-order structural unit with a certain exact Am —would be less probable. Signatures of DOM's
structural diversity could thus prevail in the large number of rare higher-order structural units usually detected
below m/z 200-300. The analysis of indicative Am's, in contrast to indicative fragments alone, is independent of the

masses of the unknown precursors and known reference compounds in databases of annotated Am values. Although
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this approach will sacrifice the identification of true knowns, it allows for the identification of potential structural
analogs and is suited best when annotation rates are as low as 5% in the case of DOM, i.e., when most compounds

are yet unknown, 192230

Despite the unknown identity of most of the molecules present in DOM, its potential sources can be constrained
reasonably well. Plants produce most of the organic matter that sustains heterotrophic food webs in natural
ecosystems. Plant metabolites such as polyphenols and polyaromatic structures thus represent a major source of
DOM. Therefore, an early decomposition phase likely exists when the plant-related DOM source imprint is still
detectable by MS? experiments using recent FTMS technology. An approach to circumvent the problem of
unknown isomeric and isobaric diversity is to hypothesize about potential structural units that would be present if
there was a plant-related imprint in DOM. For example, lignin-related compounds show indicative methoxyl and
methyl radical losses?>*%; glycosides indicate the loss of a sugar unit*”“® and hydrolyzable tannins are expected to
lose galloyl units.*®4° Flavon-3-ols and flavan-3-ols show variable indicative retro-cyclization products.*’-%-52
Indicative Am fingerprints could also provide evidence of putative compound group annotations derived solely

from molecular formula data, as commonly applied for structural domains in the Van Krevelen diagram.53°

We hypothesized that DOM from near-surface layers of soil in close contact to plant inputs and active microbial
communities would reflect universal patterns of decomposition and recognizable plant-related source imprints that
can be revealed by Orbitrap tandem mass spectrometry. We assumed that our approach allows the assignment of
Am identities in DOM based on a defined set of phenolic compounds, and that there will be clear differences among
unknown precursors in Am matching depending on precursor characteristics such as nominal mass, mass defect,
initial ion abundance, fragmentation sensitivity, oxygen-to hydrogen ratio (O/C), or heteroatom content, which are
predictable from the assigned molecular formula and thus allow an evaluation of the approach (“proof-of-concept™).
More specifically, we hypothesized that indicative Am features of plant phenols, e.g., lignin- and tannin-related
losses, would match their yet unknown structural analogs in DOM and that these patterns reflect compound group

distributions suggested by molecular formula and structural domains in the Van Krevelen plot.%5¢

EXPERIMENTAL SECTION
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A detailed experimental procedure is provided in the Supplemental Information of this article (Note S-1). In
short, we chose a set of 14 aromatic reference compounds as representative plant metabolites in soil DOM (Figure
S-1, Table S-2) and forest topsoil pore water isolate®’ as an exemplary DOM sample (Figure S-3) and infused the
reference and sample solutions directly into the ESI (electrospray) source of an Orbitrap Elite (Thermo Fisher
Scientific, Bremen) in the negative ionization mode (Table S-3). We performed collision-induced dissociation
(CID) experiments at three normalized collision energy levels (15, 20, and 25%). MS? spectra of selected key
product ions were acquired in some cases. We chose four nominal masses spanning the range of maximum ion
abundance typically observed in terrestrial DOM samples for fragmentation (m/z 241, 301, 361, and 417)%, and
each of these contained a potential tannic forest marker described earlier.”” After recalibration with known (Table
S-4) or predicted product ions (losses of CO,, H>0O, etc.), all major product ions were annotated with a molecular
formula (Figure S-2, Table S-5, Table S-6). Formula annotation was conducted with a Matlab routine recently
incorporated into an openly available FTMS data processing pipeline.’® For MS? data analysis, we generated
pairwise Am's matrices of every combination of precursor and product ions. We matched DOM features against
three lists of known Am features: a) features ubiquitously found in DOM (Table S-1), b) features from a set of 14
reference compounds (Table S-7), and c) features from 11280 reference compound MS? library spectra in SIRIUS®
(based on data from GNPS, MassBank and NIST) with a mass tolerance of &+ 0.0002 Da (2 ppm at 200 Da). We
assessed the probability of a false positive match and accounted for molecular formula constraints to evaluate our
approach's validity. To analyze patterns of matching frequency, we visualized precursor formulas in Van Krevelen
space.”® We compared individual matching profiles of reference compounds and DOM precursors to evaluate the
potential identity of underlying unknown structures by two-way hierarchical clustering using Ward's method and
Euclidean distance in PAST (v3.10).%! Precursors that only matched to non-indicative Am's were disregarded from
this analysis but were considered in a separate analysis of N- and S-containing formulas identified as lignin-like
(based on O/C and H/C ratios).*® The matching data was then combined for each CID level and transformed into a
binary format. To evaluate the identity of potential structures based on indicative Am features, we compared
matching profiles of individual and clustered DOM formulas with structural formula suggestions. We then assessed
structure suggestions from different databases, including Dictionary of Natural Products®’, KNApSAcK®,

Metacyc®, KEGG®, and HMDB® as well as their expanded in-silico annotations based on predicted enzymatic
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transformations in the MINEs database.®’ The InChi-Key of structures was used to exclude stereoisomers and

classify structures into major scaffold types by ClassyFire.®
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Figure 1. Tandem MS data from a) reference compounds and b) soil DOM. a) The total number of Am's matched. Colors
denote the number of Am's that were specific to reference compounds or non-indicative (such as COy). Groups are A) small
carboxy-phenols, B) small methoxy-phenols and methoxy-quinones, C) linked carboxy-phenols, D) flavanol-related structures,
and E) flavonol glycosides and aglycones. b) The total number of Am matches of precursors at m/z 301 (at CID25, n = 38, m/z
increases to the right) with lists of indicative (blue), non-indicative (yellow) and ubiquitous DOM Am's (orange). Black bars

show (dimensionless) initial ion abundance of precursors. Only ten precursors (numbers) contributed to indicative matches.
RESULTS AND DISCUSSION

Tandem MS fragmentation behavior of reference compounds. The 14 phenolic reference compounds
(Figure S-1, Figure S-4) yielded non-indicative as well as indicative Am features. We observed CO, losses in nine
reference compounds but this was not limited to the presence of carboxyl functionalities (as in substances #1-3).3
Despite some common Am's such as CO,, the reference compounds also showed distinct fragmentation patterns
(Table S-5). A dominant CO; loss characterized the three small carboxy-phenols (Figure 1a, Figure S-1, group A,
Vanillic acid, Hydroxy-cinnamic acid, Gallic acid). Vanillic acid (#1) shared with members of group B (methoxy-

phenols and methoxy-quinones) the presence of a methoxy group, which gave rise to the loss of a methyl radical
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(CH3°). This loss was the main Am in group B (Creosol, m-Guaiacol, 2,3-Dimethoxy-5-methyl-1,4-benzoquinone).
Both methoxy-phenols indicated a formal O vs. CH4 insertion. lon abundance of the oxidized product was below
1% at CIDO and increased to 2% (#5, m-Guaiacol) and 17% at CID 15 (#4, Creosol). The benzoquinone did not
expel a CO unit.*” Group C (linked carboxy-phenols, #7 — #9) was mainly characterized by cleavage of ester bonds
(e.g., loss of quinoyl or caffeoyl moieties from #7). The intramolecular lactone bonds in ellagic acid (#8) were, in
contrast, exceptionally stable upon fragmentation and yielded rich product spectra only at higher relative CID
energies (> 25), featuring indicative CO losses®, but also losses of CO,. Compounds #10 and #11 (group D) shared
a C¢HgO; loss (unmodified A ring in #10, abstraction of trihydroxy-benzene from gallate unit in #11). 37° Catechin
(#10) had the most diverse product spectrum among all compounds investigated, including some indicative Am's
of retro-cyclization reactions (fragments at m/z 205, 203, 179, 151, 125, and 109, Table S-5).5%527! Compound #11,
containing a flavan-3-ol subunit, resembled especially #9 through the presence of a gallate subunit that produced
similar Am's: An incomplete galloyl loss with retention of H,O (C7H404), a galloyl loss (C7HeOs), or a combined
galloyl and H>O loss (C7HsOs). The flavonoids (group E, compounds #12 — #14, containing flavon-3-ol cores,
Spiracoside, Isoquercetin, Myricitrin) showed a clear loss of the attached glycosidic sugar as the main Am (Table
S-7). They differed in the type of sugar (12 and 13, glucose, 14, rhamnose), and also in the charge state (12, ion
form of aglycon dominated; 13, equal; 14, radical anion form dominated).*® This effect also influenced the further
fragmentation of the aglycon, which proceeded in 14 (less so in 13) but not in 12. MS? spectra of the aglycon ions
(m/z 301; #12*, #13*) showed indicative retro-cyclization products (at m/z 179, 151, 121 and 107).*” More details

on reference compound fragmentation are given in the supplementary material (Note S-2).

Fragmentation behavior of unknown DOM precursor mixtures. The nominal masses of the isolated
precursor ion mixtures (IPIMs) m/z 241, 301, 361 and 417 cover the mass range that is typically observed in soil
DOM and were thus chosen for MS? experiments. Each IPIM yielded a mixture of up to 44 isolated precursor ions
and showed universal continua of fragmentation properties. The molecular weight of the four IPIMs was
significantly (Pearson, p<0.05) related to lower numbers of double bonds (DBE) and aromaticity (Almod), higher
nominal oxidation state of carbons (NOSC) and higher numbers of precursor ions and product ions (up to 44 and
491, respectively; Table S-8). Independent of m/z, we always detected the highest numbers of product ions at the

highest CID of 25 (Figure S-5). The product ion spectra did not indicate abrupt structural changes upon increasing
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fragmentation energy, showing no clear separation of groups of isomers or scaffold types but rather a continuous
increase in fragmentation across all precursors. Fragmentation was selective in terms of mass defect across all
IPIMs. With increasing collision energy, the remaining mixture of precursors significantly increased in average
DBE, DBE-O, and Almod, and decreased in O/C and NOSC (ion abundance-weighted averages; Table S-8). [PIMs
also became more similar in molecular composition upon fragmentation (i.e., average H/C, O/C, etc.; not shown),
suggesting common properties among precursors resisting fragmentation. This finding supports the view that

DOM's structure is based on a limited set of regular backbone structures with similar properties. 373841

Precursors more sensitive to fragmentation showed a significantly (Pearson, p < 0.05) lower mass defect, lower
numbers of C and H atoms per formula, and a higher O/C and NOSC (but not related to N/C or S/C). As a result,
we found a continuum of fragmentation sensitivities across the mass defect scale at each of the four IPIMs, ranging
from half-abundance energies (i.e., the collision energy causing 50% decrease in ion abundance) of CID 10 — 35
under our instrumental settings (calculated from linear fits, Figure S-6). A minor group of oxygen-poor formulas
was non-responsive (Note S-3). These findings indicate that intrinsic averaging prevailed in the property of
fragmentation sensitivity in our study, similar to other continua reported in DOM.'*!"2 In contrast, initial ion
abundance was not linked to fragmentation sensitivity but showed a significant correlation to higher numbers of
non-indicative (Table S-9, Table S-10, Table S-11, and Table S-12) and indicative Am matches (Figure S-7).
Abundant and relatively oxygen-rich precursors matched more often to both non-indicative and indicative Am's
(Figure 1b, Figure S-7, Figure S-8).!°?33 These observations show that fragmentation sensitivity and Am
matching are independent DOM precursor properties, except in the case of fragmentation-resistant precursors that

showed no Am matches (Figure S-9).

Evaluation of the Am matching approach. We used the matching data of unknown DOM precursors annotated
with a molecular formula for a proof-of-concept evaluation of our Am matching approach. Our analysis of Am's in
DOM was congruent with previous observations, showing ubiquitous losses of small non-indicative oxygen-
containing functionalities (Table S-1) while also revealing more detail (Figure S-3c, Table S-7). In line with
continua reported in the previous section, we found distinct trends in the Van Krevelen distributions of unknown
precursors, indicating regular shifts in dominance of serial losses of CO,, CO, and CH, units (Figure 2a — ¢). Highly

oxidized precursors (high O/C) tended to expel CO; rather than CH> units (as noted above, they were also more
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sensitive to fragmentation and matched to more Am's). In contrast, precursors with low O/C ratios were generally
more resistant to fragmentation and subsequently showed a tendency to match with Am's related to subsequent

losses of CH: units, and precursors with low H/C ratios tended to expel CO units.
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Figure 2. Am matching in Van Krevelen space. Small open diamonds show all precursors with an assigned molecular formula
(n=127) at their atomic ratios of O/C and H/C. Grey boxes indicate representative structural domains that are commonly used
(taken from Minor et al. (2014), see also Figure S-4).5 Symbol and color show the IPIM of matching formulas (see legend in
panel a). Symbol size encodes the number of matches to non-indicative (a-c, left column) and indicative Am's (d-f, right
column). Red boxes in indicative VK plots mark the expected structural region of formulas that would yield the respective Am.
Symbol size adjusted for each VK plot to visualize broad trends. Am’s are a) CO, (max=4, size reduced by factor 0.5), b) CH>
(max=4, size factor 0.5; CH, losses can occur in sequence or as CnH2, units, with n being 2, 3 or 4), ¢) CO (max=2), d) Methyl
radical (max=1) e) Am’s equivalent to polyol losses (max=4, size factor 0.5), and f) Am’s equivalent to benzoic acid or phenol
loss (max=10, size factor 0.33). Red open diamonds in f) indicate loss of up to three gallic acid equivalents (size not drawn to

scale).

Our approach's revealing of inherent structural information was also supported by other key observations, such

as the predicted heteroatom content (O, N, S) of assigned molecular formulas. As expected, matching Am's were
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constrained by precursor formula and vice versa. Precursors rich in oxygen were predicted to expel more oxygen-
containing Am's than oxygen-poor precursors that tended to lose CH» or CH3® (and CO) units instead. Most notably,
no precursors matched to a Am that would have exceeded the number of atoms present in their assigned molecular
formula, a condition that has not always been met in earlier studies.*® Sulfur- and Nitrogen-containing precursors —
and only those — indicated the release of previously described element-specific Am's.*’>7* A second matching
exercise against the complete library of Am's available from 11280 tandem mass spectra combined in the SIRIUS
database substantiated this finding (Figure S-10). We report reoccurring Am's from this database for each CHO,
CHNO, and CHOS formulas, many for the first time in DOM (Supplementary Material, Table S-13, Table S-14,
and Table S-15, and further discussion below). We furthermore did not observe an increase in the number of false-
positive matches upon widening of the tolerance window applied during the Am matching process (Figure S-11,
increase from 2 to 10 ppm, at 200 m/z). Lastly, precursors resisting fragmentation did not match any Am, whereas

"labile" precursors fragmented to relative completeness showed a wide range of matches (Figure S-9).

The combination of these observations leads us to conclude that the Am matching approach presented herein
does not yield random matches, although the pairwise Am calculation (precursor ion m/z - product ion m/z) would
theoretically allow for such an artifact. Instead, it reveals molecular detail of a biogeochemical signal. A random
matching result to Am's of seemingly wrong precursor compositions (e.g., loss of S from a sulfur-free precursor;
four CO; losses from a precursor with only seven oxygen atoms) would be expected if the calculated Am values
were either derived from noise or reactions in the collision cell, and not from an inherently structured
biogeochemical signal from precursors that fragment individually. This is a notable finding as it suggests that it will
be possible to deconvolute chimeric mass spectra from IPIMs in the future. These findings suggest that the "match
assignment" of higher-order indicative Am's may reveal differences in DOM molecular composition not visible

from MS' inspection alone.**”

Lastly, the positive evaluation also shows that mass difference matching is not only a valuable approach to
recalibrate FTMS datasets of complex organic mixtures’® but can also serve to check formula annotation routines.
Most precursors in our study were successfully annotated with a molecular formula containing the major elements
C, H, N, O and S, and this was substantiated by matching to respective Am's of correct mass and elemental

composition. However, a minor number of unannotated formulas did indicate the presence of P and Cl (but not F,
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Br or I, which were also part of the Am library list), which may be taken as a sign that these atoms should be
included for better coverage of elemental composition (i.e., prioritization) in our specific sample context (Figure
S-10).3

DOM ecosystem imprints revealed. Am matching revealed unexpected higher-order mass differences present
in DOM (Am features used, see Table S-16). Among the most prominent indicative features was the methyl radical

105522’33’46

which matched to oxygen-poor DOM precursors (n = 19, average O/C = 0.3, Figure 2d). The distribution
of CH3*-yielding precursors was paralleled by CH» and CO losses, i.e., implying similarities between precursors
expelling these Am’s (Figure 2b, ¢), e.g., condensed structures with aliphatic, lactone, or quinone moieties.*” The
methyl radical loss is an expected diagnostic Am of methoxylated aromatic rings such as present in lignin (Note S-
4), but was also matched to highly condensed DOM precursors not viewed classically as “lignin-like” (Figure 2d,
red square).!”?>334 Methyl radical loss has also been noted from methyl- or methoxy-substituted aromatic
structures in positive ESI conditions.* The presence of methoxy functionalities in soil DOM likely reflects the high
transformation potential of non-soluble organic materials by the decomposer community.*® Ester-linked
carboxylated phenols (#7, #11) and O-glycosides (#9, #12, #13, #14) all cleaved central O-linkages at low energy,

leading to the loss of hydrogen-rich substructures?!-648

and were matched to DOM precursors (Figure 2e). These
high-mass Am's (e.g., CsHeO3 or C¢H19Os; Figure S-3e, f) are likely no combinations of the more dominant oxygen-
rich neutral losses (CO, H»O, or CO,) due to their low O/C and O/H ratios, but this must be further tested, e.g., with
model mixtures. Aliphatic side chains, for example, prevail as O-poor substituents of cyclic core structures in DOM
and could also contribute.”””® Unexpectedly, gallate Am's did not match with precursors in the anticipated “tannic”
structural domain but with those in the center of the Van Krevelen plot (Figure 2f, red square). The “tannic” identity
of previously Van Krevelen-classified forest ecosystem markers®’ in this particular DOM sample could not be
confirmed by our tandem FTMS spectra. Matching frequencies to Am equivalents of indicative ring cleavage series
of flavon-3-ols (i.e., flavonoid aglycones*’*8, 28 matches in DOM), flavan-3-ols (i.e., catechin®*2, 50 matches),
and benzoic-acid-related Am’s followed the same trend as gallate Am's (Figure 2f, Figure 3). Likewise, Am

4748

equivalents of highly indicative polyol losses*’** matched to 25 DOM precursors (Figure 2e) in the central Van

Krevelen plot despite the absence of “carbohydrate-like” precursors (Figure 2e, red square).
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Figure 3. 3D-Van Krevelen plots showing matches against a) six Am's indicative of flavan-3-ol scaffolds and b) four Am's
indicative of flavon-3-ol scaffolds (Table S-16). ¢) Scheme showing the major neutral precursors and products of the suggested
fragmentation pathway of a flavan-3-ol (shown is catechin, #10). Related Am's are given as nominal m/z (Table S-7).50-52 d)

Similar scheme of the suggested fragmentation pathway for a flavon-3-ol (shown is quercetin, core structure in #13).%

We interpret the successful matching of indicative Am's in forest topsoil DOM as a remaining source imprint of
primary or recycled organic remains from plants, soil animals and microorganisms.®%1%1218 We acknowledge that
their low abundance (Figure S-3) agrees with rapid vanishing of biochemical imprints during initial decay.?*-*!-32-36
This view has, however, emerged from common and ubiquitous DOM signals (precursor ions, product ions, and
Am's), which represent only 60 — 70% of the information.?* Our observation of high numbers in rare but indicative

matched Am features in DOM shows the importance of the missing information for models of DOM

chemodiversity.

All in all, our findings indicate large deviations between Am matching patterns and expected structural domains
in Van Krevelen space, and thus question our recent understanding and means of interpretation of DOM chemistry
(Figure 2; Figure S-4), which will be further discussed in the following two sections. Chimeric tandem mass
spectra pose significant challenges for structure annotation in DOM?’, but can be used to mine Am patterns of

knowns and those matching with unknown precursors in complex DOM samples by simple deconvolution. Further
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tests with model mixtures are needed to reveal the rules of simultaneous precursor fragmentation experiments and

to improve identification from mixtures, also by applying complementary techniques.?>-%°

Structural differences among DOM precursors. We used two-way clustering to compare precursor Am
matching profiles (Figure S-12). Six clusters of precursors (A — F) and seven Am clusters were differentiated
(Figure S-13a-e, Table S-17, Note S-5). All in all, precursors were clearly clustered according to number of
matches and thus initial ion abundance, but the type of Am matches differed strongly as well, especially between
the first four precursor clusters (A — D; Figure S-12). Clustering of Am features reflected the major differences
between non-indicative and indicative features, and the matching of O-rich (and O-poor) precursors and Am
features (such as polyol equivalents or CH3®) related to differences in fragmentation sensitivity as described above.
Precursor pairs linked through a formal CHs vs. O exchange*®*! often showed high similarities (e.g., C16H1406 and
Ci7H130s5) that contrasted with other members of the same series (e.g., CisHi10O7), but ion abundance was not the
primary driver of this effect. Consequently, each IPIM covered 2-3 CH4 vs. O series that were spread across 1-4

precursor clusters, reflecting the large differences in matching.

High congruence of fragmentation patterns among sets of DOM precursors has been interpreted as a sign of
similarly substituted but slightly differing core structures.>**! The wide differences in matching reported herein,
however, show that this model may fall short in describing the full complexity of DOM fragmentation, especially

looking at rare but highly informative structural signatures.

The strong differences between precursors were also apparent for members of the same “structural domain” that
have been postulated based on Van Krevelen plots. Seventeen precursors that matched to at least one of the 42
indicative Am’s of the reference compound set (Table S-7) were classified as “lignin-like” formulas according to
Minor et al. (2014)°® and were grouped into four different precursor clusters (A — D; Figure S-12, Table S-18) that
differed widely in matching (especially in O-rich flavonoid-, gallate and polyol equivalents, Am cluster 4; small O-
poor aliphatic equivalents, Am cluster 5; and phenylpropanoid equivalents, Am cluster 6). Six S-containing and ten
N-containing precursors were also classified as lignin-type formulas (Table S-19) despite the absence of N and S
in lignin-like structures, which reiterates the need to use these classifications with caution.’*”>” Although these
precursors did not match to any of the indicative reference compound Am’s, they matched with many of the S- and

N-containing GNPS-derived Am features (spanning 35 — 118 S-containing and 57 — 247 N-containing Am’s) that
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represented on average 90 + 4% of all matches per precursor (Table S-19). This not only indicates high specificity
and robustness of matching, but also revealed large differences among these precursors in terms of number and
type of potential structural links. This shows the high potential of Am matching to reveal hidden structural detail of

heteroatom-containing formulas in DOM.

Negative-mode ESI CHNO precursor ions generally show few neutral N losses in aquatic DOM and thus have
been interpreted as alicyclic or aromatic heterocyclic N such as in imide, pyridinic or pyrrolic moieties that are
substituted with carboxyl and hydroxyl groups.®* In line with these earlier reports, we found no evidence of nitrate
esters (HNOj3 loss, Am = 62.9956) in soil DOM. However, a majority of N-containing precursors (here, all within
ranges Cio-23He26N201.11, n=27) showed a link to N> (Am = 28.0061 Da, 92%), N>O (44.0011 Da, 92%), and CH4N>
(44.0374 Da, 77%), and multiple other N losses. Such a diversity of potential N losses contradicts with previous
reports, but many N compounds yield fragments in negative ion ESI-MS.* Loss of N> could indicate direct cleavage
under negative ESI conditions, possibly from azo/diazo-functionalities. Lemr et al. (2000) have shown that cleavage
of azo/ diazo-N in metal azo-complexes was possible directly (MS?) or indirectly (MS™?) as N, or in other reduced

forms (e.g., CH3sN, C3H3N,, or CHN).%!

S-containing precursors (here, all within ranges Co.24He.3402.12S1, n=23) matched with Am’s indicative of
sulfonic acids: SO, (Am = 63.9619, 4% of all S precursors), SO; (79.95681, 60%) and H>SO3 (81.97246, 35%).
Against previous reports, however, we also found potential direct losses of S (31.97207, 65%) which can originate
from reduced sulfur functionalities, such as thiophenes, thioethers, sulfoxides and thioesters.” Other reduced S
Am’s were also commonly matched, including CS (43.97207, 78%) and CH»OS (61.98263, 74%,; possibly as a
combination CO+H,S), which have been observed in positive ionization mode via atmospheric pressure
photoionization (APPI) in aromatic reference compounds.® This may indicate a more diverse set of S-containing
molecules in soil as compared to the deep ocean, where oxidized species seem to dominate.”* Matched Am’s
containing S and > 3 C atoms always contained oxygen atoms as well, which indicates that extensive S-containing
aliphatic chains were likely no common structural unit in our DOM sample; alternatively, they may have been
missed due to low ionization or because they resisted fragmentation.® Further tests with N- and S-containing
reference compounds and DOM samples are necessary to reveal the diversity and identity of dissolved organic

nitrogen and sulfur molecules in soil in detail.
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lon abundance is linked to Am matching frequency and structural diversity. In contrast to the expectation
that indicative Am’s would reflect structural domains, they showed most frequent matching in the central part of
the Van Krevelen plot (Figure 2, Figure 3). This structural domain has been assigned to ubiquitous and abundant
lignin and carboxyl rich aromatic molecule (CRAM)-related precursor structures (Figure S-4a)>7-3%78 and parallels
with a maximum in potential underlying chemodiversity.*> We thus used our data to test whether the number and
type of matched Am features are suitable variables to reveal such proposed chemodiversity patterns in DOM by

combining it with structural suggestions.

We found significant positive correlations between the numbers of structural suggestions and Am matches per
precursor or precursor cluster (Figure 4), and this was also true for specific Am features and the related scaffold
types (Figure S-13f-k, Table S-20). We acknowledge that natural product databases are far from being complete.
We took this effect into account by 1) extending our Am database from 14 reference compounds to 11280 tandem
mass spectra available through GNPS, and 2) mining for structure suggestions in several databases including in-
silico structures predicted from enzymatic reactions (see method section). These extensions increased the strength
of the correlation (Figure 4). Matching frequency and initial ion abundance were thus strongly related to the
number, type, and diversity of structure suggestions. Precursors with low mass defects showed exceptionally few

structural hits, likely indicating bias in natural product databases (Figure S-14)."
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Figure 4. The relation between the number of structure suggestions and Am matches with an extended set of tandem MS
fingerprints of reference compounds in GNPS (11280 spectra in negative ESI mode, including 35722 unique Am features).

Matching frequency and number of hits were both positively correlated to precursor ion abundance (Figure S-13). We included
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only features detected at least three times across all spectra for matching (n=9981 Am's). Note the logarithmic scale on the X-

axis.

At this point, it is not clear whether an increased matching frequency is due to a better S/N of a DOM precursor
and its product ions, or if it indicates high chemodiversity. The number of matched indicative Am's assessed in this
study may be interpreted as a first, very rough measure to account for underlying molecular complexity due to the
low number of precursors tested. The general agreement between types of Am’s and structure suggestions however
suggests that Am matching may reflect structural properties even in complex mixtures of precursor ion species such
as in DOM (Figure 4, Figure S-13f-k). In support of that, our observations agree well with theoretical
considerations on the probability distribution of structural diversity in two-dimensional Van Krevelen space.?4305383
Along with recent progress on the aspect of ionization effects in complex mixtures®, our results encourage further
studies on the Am matching behavior of synthetic mixtures of knowns, variation among unknowns across DOM
chemotypes, and the improved bioinformatic exploitation of chimeric (LC-) FTMS" data of complex organic

mixtures.8-87

CONCLUSION

We here present a novel “Am matching” approach to improve the analysis and interpretation of chimeric tandem
mass spectra from ultra-complex mixtures ubiquitously found in nature, at the example of DOM. DOM is the most
mobile and elusive form of carbon in soils and mediates many of the fundamental processes that maintain functional
soils. Our approach allows to exploit a large source of hitherto untapped molecular and structural information that,
if routinely assessed, will enable new insights in these fundamental processes. Our results suggest that ultrahigh-
resolution tandem mass spectra (MS?) from DOM precursor mixtures, commonly described as “chimeric” MS?
data, can be deconvoluted to yield individual precursor fingerprints of potential structural composition. We report
hundreds of Am features for the first time in soil DOM, allowing a glimpse into the complex chemistry of dissolved
organic molecules in soil, including organic sulfur and nitrogen compounds, and identify elements that may need
to be included into molecular formula annotation routines (phosphorus, chlorine). Number and types of Am matches
vary largely among precursors in one sample, thereby suggesting even stronger differences between samples or
treatments that are to be studied in future. Most importantly, our data provide timely experimental proof that the

Van Krevelen plot — the most widely used approach to interpret DOM molecular composition data — needs to be
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used with extreme caution for structural interpretation. Although the presence of indicative Am features indicate
that precursors may be linked to certain structural features, their gradual and monotonous matching patterns (i.e.,
trends in CO», CH, and CO losses, and highest matching going along with structural diversity and ion abundance)
strongly suggest a dominant randomization during decomposition in soil. It thus seems warranted to assume that
soil DOM chemistry diverges largely from what is covered in natural product databases based on plant and
microbial samples. The emergence of the extraordinary chemodiversity of DOM or related complex mixtures
requires novel forms of experimentation that include top-down approaches by studying DOM transformation in the
lab and field, but also bottom-up experiments that mimic complex mixtures based on known compounds or well-
studied systems such as plant or microbial extracts. The Am matching approach presented herein opens exciting
avenues for hypothesis testing on DOM transformation in soils, for example regarding the impact of enzymatic
treatments, microbial decomposition, or nutrient recycling. Together with the constantly growing MS databases
such as Mass Bank or GNPS and comprehensive chromatographic and ion mobility decomplexation methods, MS?
Am matching will provide fundamental insights for the deconvolution of chimeric spectra and ultimately the hidden
molecular diversity of dissolved organic matter in soils and beyond.
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