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Chemical pollution has profound impacts on marine ecosystem health
and services. Most investigations of the distributions of anthropogenic
organic chemicals (xenobiotics) have been regionally focused, which
limits our understanding of the extent of chemical pollutionin the

world’s largest biome. To address this gap, we mapped the presence of
xenobiotics across marine ecosystems. Here we present a meta-analysis of
21 public non-targeted tandem mass spectrometry datasets, which are not
restricted to a predefined set of compounds but rather capture thousands
of chemicals. These datasets comprise 2,315 seawater samples, spanning
coastal to open ocean environments across three ocean basins. Our analysis
revealed that common pollutants such as pesticides and pharmaceuticals
were predominantly detected in estuaries and coastal areas but declined
with distance from shore, whereas industrial chemicals and additives,
including polyalkylene glycols, phthalates and organophosphates, were
widely distributed across marine ecosystems. A total of 248 annotated
xenobiotic features contributed amedian of 2% to the total detected peak area
per sample. We observed highest median levels of xenobiotic contribution

in coastal datasets (up to 20%) and lowest levels (0.5%) in open ocean
datasets, whichindicates that anthropogenic organic substances contribute
substantially to the dissolved organic matter pool inthe surface ocean.

Population growth, urbanization, industrialization and consumerism
have caused an unprecedented release of pollutants into marine envi-
ronments, posing severe risks to ecosystem health, including disrup-
tions in marine food webs, loss of biodiversity and the degradation
of critical ecosystem services' . The global influx of anthropogenic
organic molecules (xenobiotics) into some ecosystems has been sug-
gested to reach similar levels as natural organic matter (NOM), which
may directly influence global carbon cycling®. Despite these substantial
impacts, we still have little knowledge about the distribution, persis-
tence and ecological impact of xenobiotics in marine systems.

Liquid chromatography high-resolution tandem mass spectrome-
try (LC-HR-MS/MS) has substantially advanced our ability to detect and
characterize xenobiotics within the dissolved organic matter (DOM)
pool with high sensitivity and structural resolution’". However, the
analysis via LC-HR-MS/MS is usually limited to small spatial scales'",

which prohibits the inference of ecosystem-wide patterns of xenobi-
otics within and between marine environments. The meta-analysis of
LC-HR-MS/MS data from different studies and laboratories offers new
opportunities to assess global DOM composition and planetary-scale
patterns of anthropogenic compounds™.

To characterize the distribution of xenobiotics in marine sys-
tems, we employed an analysis strategy for comparing non-targeted
LC-HR-MS/MS studies across publicly available marine DOM data-
sets. Twenty-one public datasets comprising 2,315 samples that were
acquired by three laboratories, using Quadrupole-Orbitrap instru-
ments with standardized chromatographic methods and MS/MS set-
tings, were included in our analysis.

These dataenabled us to map out chemical pollutantsin environ-
ments across the central and eastern Pacific, Indian and North Atlantic
oceans, including the Balticand Caribbean seas (Fig.1). Datasets were
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Fig. 1| Sampling and analytical workflow. a, Map of sampling sites of the

21 public tandem mass spectrometry datasets included in this study.

b, Schematic workflow showing how all datasets were prepared from marine
water extracted with solid-phase extraction, followed by positive mode analysis
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on the Q Exactive platform, data deposition on MassIVE and subsequent analysis
through FBMN. Colours in the map denote marine ecosystem type. OMZ, oxygen
minimum zone. The map was generated with QGIS with Natural Earth shapefiles
(https://www.naturalearthdata.com).

allocated to‘coastal temperate’, ‘coral reef” and ‘open ocean’ categories
based on whether the majority of samples were collected in estuaries
or near-shore on the coastal shelf in temperate regions (‘coastal tem-
perate’), from tropical or subtropical coastal regions with extensive
benthic coral reef coverage (‘coral reef’) or from areas mostly off the
coastal shelf (‘open ocean’). Our findings reveal that distinct classes
of xenobiotics are widespread throughout marine ecosystems and
contribute substantially to the marine DOM pool.

Mapping xenobiotic diversity across

marine habitats

Togenerate an overview of xenobiotics presence and abundance within
the selected public LC-HR-MS/MS data, we processed all files with the
feature-based molecular networking (FBMN) workflow, using the soft-
ware tool mzmine for consensus feature detection™' and the GNPS2
(gnps2.org) platform for spectral library matching and molecular
networking”. FBMN is based on feature alignment between samples
using retention time and MS1 m/z tolerances, followed by annotation
and networking using MS/MS spectra. Xenobiotic features were anno-
tated via MS/MS library matching (Level 1 and 2 identification'®) to
compounds withknownindustrial, pharmaceutical or agricultural uses
and noreasonable natural source explaining their presence inmarine
DOM samples. After data processing, we first confirmed that overall
feature peak areas were stable and comparable among the different
datasets (Supplementary Fig.1). Inspecting a set of commonly observed
xenobiotics (DEET, diethyl phthalate and cocamidopropyl betaine), we
observed excellent mass accuracy (<2.5 ppm) and retention time sta-
bility (<0.1 min) within the datasets. Retention time variance between
datasets was moderate but within our FBMN feature finding tolerance

(<1.7 min). Stability of feature intensity was comparable between eco-
system types (Supplementary Figs. 2-5).

To identify the most prominent xenobiotics in our datasets, we
manually inspected all spectrum-library matches (mirror matches in
Supplemental Fig. 6) and assessed the degree to whichthey were shared
among the 21 datasets (Fig. 2b). The presence of most xenobiotic fea-
tures was confined to smallintersection sizes between datasets, mean-
ing only a few xenobiotic features shared the exact same distribution
pattern across all datasets. To control for background contaminants
fromthelaboratories and sampling equipment (for example, plasticiz-
ers fromlaboratory consumables), we removed features found in the
process blanks of each dataset with a sample/blank ratio (mean peak
area) equaltoorlessthan10, in addition to subtraction of the maximum
blank peak area from all sample peak areas.

Chemicals commonly detected were plastic- and personal care
product-related chemicals or surfactants (all grouped as industrial
pollutants for subsequent analyses). Pharmaceuticals and agricultural
pesticides were mostly found to be dataset specific, and several of these
were shared between the two datasets containing the most xenobi-
otic features namely ‘South Africa 2018/19’ and ‘Southern San Diego
Coast 2019". Theinsect repellent DEET' and the fungicide metalaxyl*
were detected across various datasets, whereas the most commonly
detected pharmaceutical-related feature across all datasets was ateno-
lol acid (metabolite of the beta-blocker atenolol)?.

Industrial pollutants dominate marine
contamination

The mostwidespread annotated xenobiotic features (Level 1and 2™) per
class (industrial pollutants, pharmaceuticals and pesticides) are shown
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Fig. 2| Xenobiotics compositional profiles differ between marine ecosystems.
a, Principal coordinate analysis (PCoA) results (sample-centric relative
abundance feature normalization, Bray-Curtis distance metric, PERMANOVA

for ecosystem types p < 0.001R?=0.1072). The plot was generated in Python
using scikit-bio (for distance matrices, PERMDISP and PERMANOVA), SciPy

(for distance calculations). b, UpSet plot, generated in Intervene (https://asntech.
shinyapps.io/intervene/)*®, showing the overlap of features annotated as
xenobiotics between datasets. Intersection size describes the number of features

that share the same presence/absence profile across datasets, defined as peak
areas exceeding aminimum threshold. Individual datasets are assigned capital
letters as identifiers. Colour denotes marine ecosystem type (orange: coastal
temperate, turquoise: coral reef, purple: open ocean). ¢, Molecular structures of
annotated xenobiotics detected throughout the sampled ecosystems. Capital
lettersin brackets indicate in which datasets the various molecular structures

were detected.
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Fig. 3 | Industrial pollutants dominate xenobiotic profiles. a, Bar graphs variation in feature intensities of different compounds. Raw peak areas from each
showing the percentage of samples in which the most widespread annotated ion feature are min-max scaled between 0 and 1across all samples to account for
xenobiotics exceeded our minimum peak area threshold. Horizontal bars ionization differences among features, then these scaled peak areas are summed
indicate the average frequency across all ecosystem types. b, Violin plots of the by xenobiotic category (industrial pollutants, pharmaceuticals, pesticides).
summed scaled peak areas (feature-centric scaled, arbitrary units) for annotated ‘n’ represents the number of features contributing to each panel. Colours denote
xenobioticsin each sample (points). Summed scaled peak areas are an estimate marine ecosystem type (orange: coastal temperate, turquoise: coral reef, purple:
ofthe total amount of each xenobiotic type in each sample accounting for openocean).
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inFig. 3a. Features annotated as industrial pollutants were found tobe
much more widely spread throughout the samples than pharmaceuti-
calsand pesticides. Amongindustrial pollutants, the top-five features
were detectedinmore than30% of all samples. These features exemplify
compound classes often associated with water pollution, including
3,5-di-tert-butyl-4-hydroxybenzoic acid”, octinoxate?’, mono- and
diethyl phthalate?* and galaxolidone®.

Most of these annotated compounds are derived from petro-
chemicals and associated with plastic materials, a known source of
adverse health effects observed globally®. This finding provides
further evidence that plastic-derived carbon, including micro- and
nano-plastics, contributes asubstantial portion to the marine carbon
pool®”. The five most widespread pharmaceutical features presentin
10% to 37% of all samples were annotated as atenolol acid (metabolite
of the beta-blocker atenolol)”, delorazepam (antidepressant known
to be persistent in the environment)?® along with nalidixic acid®
chloroquine® and valsartan®. For pesticides, the most widespread
features were DEET and icaridin (both insect repellents used in, for
example, mosquito spray)*, that were detected in 30% and 6% of all
samples, respectively.

Considering the sum of scaled peak areas of xenobiotics, ‘coastal
temperate’ and ‘coral reef” datasets showed more pronounced and
variable pollution fingerprints than ‘open ocean’ datasets (Fig. 3b and
Supplementary Fig.7). Weinterpret the higher peak areas as evidence
of increased relative concentrations and richness of individual xeno-
biotics and the imprint of pollution across datasets and ecosystems.
The predominant annotated xenobiotics were industrial pollutants,
which exhibited similar scaled peak area profiles to the grouped xeno-
biotics asawhole. Features annotated as pharmaceuticals were most
pronounced in samples collected from or near estuarine locations
(South Africa2018/19 and Southern San Diego Coast 2019). Pesticides
showed strongestimprintsin the South Africa2018/19" and Caribbean
Netherlands 2022 dataset, while contributing almost nothing to ‘open
ocean’ datasets. These results indicate that industrial pollutants are
more widely distributed in Pacific ‘open ocean’ environments com-
pared to pharmaceuticals and pesticides.

Molecular networking reveals xenobiotic diversity
Limited annotation of xenobiotic derivatives, degradation products,
and different ion adducts that are not annotated through spectral
matching is a central bottle-neck in the analysis of non-targeted
LC-HR-MS/MS data. Molecular networking (MN) allows for structural
annotation through propagation from spectrum-library matches
through network connections". This allows for further insight into
the magnitude and structural complexity of xenobiotics by including
unknown derivatives and degradation products.

Molecular networks of xenobiotics showed that the compound
family of polyalkylene glycols (PAGs), which are widely used as lubri-
cants, surfactants and plasticizers, were both highly abundant and
structurally diverse (Fig. 4a). The peak areas of PAGs were highest in
the Southern San Diego Coast 2019 dataset, followed by several ‘coral
reef’ and other ‘coastal temperate’ datasets. In contrast, the ‘open
ocean’ datasets exhibited notably lower scaled PAG peak area sums.
While specific PAG features were matched in all ecosystem types, most
were predominantly detected in ‘coastal temperate’ or ‘coral reef”

datasets and the polyethylene glycols (PEGs), polypropylene glycols
(PPGs) and tert-octylphenyl ethers of PEGs (OPPEGs) clusters exhibited
distinct shifts in relative contributions from these ecosystem types.
Interestingly, many of these polymers fallin the lower operational range
(5-10 nm) of nanoplastics****, which have recently gained attention as
major pollution sources in the ocean”.

Scaled peak areas of organophosphate flame retardants showed
strong differences between ‘coastal temperate’ and ‘coral reef’ data-
sets as compared to ‘open ocean’ datasets (Fig. 4b). For instance,
tris(chloropropyl) phosphate and triethyl phosphate were observed
as prominent features in several ‘coral reef’ datasets, whereas diphe-
nylmethylphosphine oxide was only detected in ‘coastal temperate’
datasets and triphenyl phosphate was also detected in some ‘open
ocean’ samples. Another diverse set of features was annotated as
phthalates, comprising 22 featuresin total (Fig. 4c). The four features
with the most intense signal intensity were detected in all marine
ecosystemtypes: three of these features, annotated as diethyl phtha-
late, monoethyl phthalate and 4-methyl-phthalic anhydride, were
detected with highest average abundance in ‘coral reef’ datasets,
whereas dibutyl phthalate showed comparably higher contribu-
tions from ‘coastal temperate’ datasets. Overall, Curacao 2018 and
Caribbean Netherlands 2022 appear to exhibit elevated levels of
phthalates, whereas ‘open ocean’ datasets generally showed lower
levels than the other two types of ecosystem. Noteworthy, several
smaller chain PAGs, organophosphate compounds and phthalates
are particularly prominent in ‘coral reef’ datasets, and we suspect
this could be a result of localized point sources and temperature
and photoageing promoting increased leaching from immersed
plastic debris® .

Xenobiotics contribute substantially to the

DOM pool

When considering all features that are direct (first) MN neighbours
of xenobiotics, approximately 4% of the total number of detected ion
features are linked to putative anthropogenic pollutants (1.6% have a
directspectrallibrary match to a xenobiotic). Comparing the peak area
fromallannotated xenobiotics to the total peak areafromall features
per sample, showed that up to 63% of peak area could be attributable
to xenobiotic features (up to 76% for estuarine samples; Fig. 5a).

For ‘coastal temperate’ datasets, the median peak area percent-
ages of xenobiotics range between 0.5% and 9%, with the highest
values for South Africa 2018/19 and Southern San Diego Coast 2019
(8%).Several ‘coral reef” datasets exhibited lower median percentages
of 2-8% (Moorea 2017 and 2022, Curac¢ao 2018 and 2021/22, Aruba
2019), whereas three datasets showed the highest median percentages,
namely, Puerto Rico 2022, Caribbean Netherlands 2022 and Hawaii
2019 (20%, 11% and 10%, respectively). For ‘open ocean’ datasets, the
median percentages ranged from 0.5 to 4%.

When including the first MN neighbours with the annotated
xenobiotics, the contribution of xenobiotics to total signal naturally
increases (medianrange 2-34%; Fig. 5b). The high proportion of signal
intensity attributed to xenobiotic features, while representing only a
small fraction of total number of features, suggests that xenobiotics
areless diverse but observed at higher abundance compared to natural
DOM components.

Fig. 4| Molecular networking propagates xenobiotic molecular diversity
beyond spectral library-based annotations. Examples of selected xenobiotic
classes and clusters of individual xenobiotics with their first molecular
network neighbours. a-c, Each panel comprises a violin plot of summed
scaled peak areas (feature-centric, arbitrary units; Fig. 3b) and molecular
network subclusters of first neighbours for PAGs (PPG=polypropylene glycol,
PEG=polyethylene glycol, OPPEG=p-tert-octylphenol polyethylene glycols)
(a), organophosphate compounds (TCPP=tris(2-chloropropyl) phosphate,
DPMPO=diphenylmethylphosphine oxide, TEP=triethyl phosphate,

TPP=triphenyl phosphate) (b) and phthalates (DEP=diethyl phthalate,
MEP=monoethyl phthalate, DBP=dibutyl phthalate, MPA = 4-methylphthalic
anhydride) (c). Nodes representing compounds that were annotated through
spectral library matching are shown with red borders. Molecular network
node pie chart slices correspond to average peak area across dataset types, for
example, anode representing a feature found most in the ‘coastal temperate’
dataset will be mostly orange, as with PEGs in a. Node sizes increase with total
average peak area. Colours denote marine ecosystem type (orange: coastal
temperate, turquoise: coral reef, purple: open ocean).
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Fig. 5| Xenobiotics comprise asignificant proportion of the dissolved
organic matter pool in coastal areas and decline with distance from land.
a, Percentage of total peak area sum contributed by annotated xenobiotics
(‘n’ indicates the number of contributing ion features). b, Percentage of total
peak area sum contributed by annotated xenobiotics and their first molecular
network neighbours. ¢, Percentage of total peak area sum contributed by
annotated xenobiotics plotted according to binned geodesic distances to coast
(p <0.01; Tukey HSD, two-sided, adjusted for multiple comparisons). Linear
regression of log transformed percentage values also showed a significant
relationship ship to the geodesic distances to coast (p < 0.01; Pearson).

d, Percentage of total peak area sum contributed by annotated xenobiotics

plotted according to binned depths. Black horizontal bars indicate the

mean, dashed lines indicate the median (50th percentile) and the 25thand

75th percentiles (quartiles), arrows with asterisks (*) indicate bin pairs with
statistically significant differences (p < 0.01; Tukey HSD, two-sided, adjusted for
multiple comparisons), with exact p-values reported in Supplementary Table 1.
Corresponding plots resolved by xenobiotic class are shown in Supplementary
Fig 8. The DEET feature was removed due to excessive peak area contribution
inseveral ‘coral reef’ datasets (Supplementary Fig. 9). Colours denote marine
ecosystem type (orange: coastal temperate, turquoise: coral reef, purple:
openocean).

Adecreaseintotal xenobiotic signal intensity was observed from
estuarine to near coastal (O to 200 m) and intermediate (200 m to
20 km) toopen ocean (>20 km) ecosystems (Fig. 5c, geodesic distance).
These decreases were statistically significant (p < 0.01, Tukey’s HSD)
forallcomparisons. This gradient suggests that the primary source of
xenobioticsis terrestrial and may result from dilutionand attenuation
processes of river-transported anthropogenic contaminants*’. Esti-
mates of fossil contribution to riverine dissolved organic carbon (DOC)
in‘completely human-disturbed’ river catchments using radiocarbon
ages have shown that fossil carbon can contribute between on average
22% (6-34%) of river DOC*, which falls in similar range as some of our
observations in the estuarine datasets.

When considering samples retrieved from different depthsin the
marine water column (Fig. 5d), aless pronounced but significant trend
(p <0.01, Tukey’s HSD) was observed for xenobiotic levels elevated in
samples collected at the surface compared to deeper water bodies.

Limitations of our analysis

Itisimportant to note that this analysis bears several limitations, such
asthe extraction efficiency during solid phase extraction (SPE) proce-
dures and ionization efficiency during electrospray ionization (ESI),
whichisstructure dependent and can span wide ranges*. Predictions
forlogP and pK, values for all annotated compounds and subsets of the
NORMAN susDat**and COCONUT* libraries suggested no pronounced
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differences of extraction and ionization bias of our methodology
between xenobiotics and natural products (Supplementary Fig. 10).
Due to limited publicly available datasets, we only considered posi-
tive mode ESlI data, which predominantly capture metabolites ame-
nable to cationic ionization. This reduces the scope of detectable
compounds and common organic anthropogenic chemicals, such as
per- and polyfluoroalkyl substances and polychlorinated biphenyls.
In addition, our alignment approach is imperfect and suffers from
inherent batch effects between datasets. This is a general drawback
of current data-dependent acquisition-based LC-MS/MS data analysis
strategies that could be addressed through DIA and future hybrid
alignment workflows. Spectral annotations are mostly of confidence
level 2'%, whichresults in a typically 1% false discovery rate at 0.7 cosine
scores®. To further estimate potential false positive annotations, we
compared the top-five spectral matches for each xenobiotic feature,
which showed that 96% of features were unambiguously matched
(whenenantiomers and regional isomers were ignored). The high con-
fidence of our spectral matching approachisalsoreflected inthe MN,
where first neighbours of xenobiotics features were also annotated
as xenobiotics (90 to 96%), whereas xenobiotic to natural product
edgesresulted insignificantly fewer network connections (4% to 10%;
Supplementary Fig. 11).

Conversely, the incompleteness of current spectral libraries
probably results in many xenobiotics remaining unannotated. To fur-
ther expand the structural annotation, in silico structure predictions
(SIRIUS6)** were compared to the NORMAN susDat and the COCONUT
libraries. Thisindicated approximately 10% of the unannotated features
may represent xenobiotics (Supplementary Fig. 12). Some xenobiot-
icslabelled asindustrial pollutants in this study, can also be observed
as contaminants in lab plasticware. To exclude potential background
contaminants from our analysis, we applied a strict blank removal
approach for all features that were observed at >10% average abun-
danceinthe process blanks, in addition to subtracting the maximum
blank peak area for all features. To verify this procedure, we manually
inspected the sample and blank signals for all xenobiotic features,
indicating the effectiveness of our strategy (Supplementary Fig. 13).
The semi-quantitative comparison of our analysis relies on positive
mode ESI peak area of annotated xenobiotic features to the total peak
areaacross all deconvoluted ions. Thereported percentages cannotbe
directly interpreted as concentration percentages without the use of
analytical standards. Nevertheless, we assume that global differences
in extraction and ionization efficiencies between detected chemical
species will be largely uniform across datasets and compound origin
types, as indicated by our comparison of logP, pK, and pK, values
between entries of the NORMAN susDat (xenobiotics) and COCONUT
(natural products) databases (Supplementary Fig.10).

To estimate whether the reported total signal percentages are
within realistic concentration percentages, we accumulated a list of
reported xenobiotic concentrations from previous targeted studies
(Supplementary table 2). By considering the maximum values of 232
reported substances, we calculated a scenario for contaminated sea-
water in which the cumulative xenobiotic DOC concentration would
amount up to 42 pg 17, corresponding to around 3.5% of total DOC
commonly found inseawater (1,200 pg ™) (ref. 47). Extrapolating these
concentrationsto the 585 putatively assigned xenobiotics in our study,
arange of 10% total DOC thus appears plausible. Dueto the lack of data,
our analysis only covers a portion of global ocean basins. However,
we believe that our multi-regional analysis provides a robust insight
into the distribution of xenobiotics in marine systems. Our results
highlight the substantial percentage of total marine DOM features
attributed to anthropogenicinput, which should be further expanded
and validated in future studies. Inaddition to absolute quantification,
future studies may also be guided by estimates based onradiocarbon
age, which have been applied to riverine systems to estimate fossil
carbon contributions®.

Anthropogenic compounds in marine DOM need
monitoring

Our analysis provides new insights into the distribution of anthropo-
genic organic compounds in marine ecosystems. By analysing over
2,300 samples from diverse marine environments, our results indi-
cate thattheinvestigated ecosystems (‘coastal temperate’, ‘coral reef”
and ‘open ocean’) have unique xenobiotic profiles, corresponding to
the presence of industrial pollutants, pesticides and pharmaceuti-
cals (Fig. 3). Within these data, we uncovered widespread xenobiotics
found within large portions of samples and ecosystems, highlight-
ing the diverse and pervasive nature of anthropogenic pollution in
our oceans (Fig. 2). The detection of industrial pollutants tradition-
ally associated with coastal environments (for example, PAGs and
phthalates) within open ocean datasets suggests a high degree of
environmental persistence.

Strikingly, in the most extreme cases, up to 63% of the total fea-
ture peak areas (76% when considering estuarine samples) could be
attributed to xenobiotics, indicating that anthropogenic substances
cansubstantially contribute to the ocean’s organic matter pool (Figs.3
and 5a,b). This raises further questions about the impact of anthropo-
genic micropollutants onthe ocean DOMreservoir anditsrole in global
carbon cycling, particularly considering that several of the detected
compound classes are known to affect phytoplankton metabolism.
To determine the extent of chemical pollution in global marine sys-
tems, large-scale studies with unified analytical approaches, including
non-targeted analysis and targeted absolute quantification are neces-
sary. Werecommend the development of long-term sampling efforts
with standardized protocols for sample collection and data acquisition
within coordinated laboratories along with standardized data storage
and analysis following FAIR (findable, accessible, interoperable and
reusable) data principles.

In summary, our analysis offers a snapshot of the widespread
distribution of xenobiotics in marine environments and their con-
tribution to the marine dissolved organic matter pool. These results
emphasize the need for continued, standardized monitoring efforts
to track human chemical impacts on marine ecosystems.

Online content

Any methods, additional references, Nature Portfolio reporting sum-
maries, source data, extended data, supplementary information,
acknowledgements, peer review information; details of author con-
tributions and competing interests; and statements of data and code
availability areavailable at https://doi.org/10.1038/s41561-026-01928-z.
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Methods

Dataset selection

For our global analysis, we selected publicly available non-targeted
LC-HR-MS/MS data from styrene-divinylbenzene-based solid phase
extraction (Priority PolLutant (PPL-SPE)) extracts from seawater
samples. An overview of all datasets is provided as Supplementary
Table 3 inthe Supplementary Information. All datasets were acquired
on quadrupole-orbitrap platforms in our laboratories with identi-
cal LC methods and harmonized MS/MS settings based on our initial
method development®.

Extraction and LC-HR-MS/MS instrument methods

All samples (100-1,000 ml seawater) were acidified with HCIl to pH 2
and extracted with PPL-SPE cartridges (200 or 1,000 mg) after optional
prefiltration with sterivex (0.2 um), supore (0.2 pm) or GF/F (0.7 pm)
filters. Extracts were evaporated using vacuum centrifuges and resus-
pendedin100-200 pl of 80-100% MeOH. Injection volumes for LC-MS/
MS analysis were either 5or10 pl. Ultra-high-performance liquid chro-
matography (UHPLC) separation was performed with Phenomenex
Kinetex C18 or Evo C18 columns (2.1 x150 mm, 1.7 pm particle size)
using a standardized gradient elution with H20 + 0.1% formic acid
(Solvent A) and Acetonitrile + 0.1% formic acid (Solvent B). Gradients
were from 5%-50% B from 0-8 minand thenincreased from 50%-99%
B from 8-10 min. After a3 min washout phase at 99% B, the column was
equilibrated at 5% for either 2 or 3 min.

MS and MS/MS spectrawere acquired in heated electrospray ioni-
zation (HESI) positive mode, on Q Exactive and Q Exactive HF platforms.
Unified ESIsettings were used among all datasets with 52 AU sheath gas
flow, 14 AU auxiliary gas flow, 0 AU sweep gas flow and 400 °C auxiliary
gastemperature. The spray voltage was set to 3.5 kV and the inlet capil-
lary to 320 °C. Fifty V S-lens voltage (Q Exactive) was applied. MS scan
range was set to150-1,500 m/zwith aresolutionat m/z200 (R,/,200) Of
140,000 withone micro-scanin positive mode. The maximumioninjec-
tion time was set to 100 ms with automated gain control of 1.0E6. MS/
MS spectrawererecorded in data dependentacquisition (DDA) mode.
Both MS1survey scans (150-1,500 m/z) and up to 5 DDA MS/MS scans
of themost abundantions per duty cycle were measured with R ,,,00 Of
17,500 with one micro-scan. The maximum ion injection time was set
to 100 ms with automated gain control targets set to 1.0E6 for survey
scans and 3.0E5 for MS/MS with minimum 10% C-trap filling. MS/MS
precursor selection windows were set to m/z 1. Normalized collision
energy was set to a stepwise increase from 20 to 30 to 40% with z=1
as default charge state. MS/MS acquisition was triggered at the apex
of peaks within 2-15 s from their first occurrence. Dynamic exclusion
was set to 5s. Unassigned charge states as well as isotope peaks were
excluded from MS/MS acquisition.

Feature-based molecular networking

Centroided .mzML or.mzXML files were downloaded from massIVE and
processed in mzmine (ver.4.2.0)"°. Mass detection was carried out with
anoiselevel of 1E5 at MS1level and 1E3 at MS/MS level. Chromatograms
were assembled with the Chromatogram builder requiring at least five
consecutive scans, a minimum intensity for consecutive scans of 3E5
and aminimum absolute height of 2E6 with a m/z tolerance of 5 ppm.
Deconvolution was accomplished with the Local minimum search
module usingachromatographic threshold of 50%, aminimum search
range of 0.1 min,aminimum absolute height of 2E6, a minimum ratio of
peaktoptoedge of 1.4, apeak duration range of 0.05to 3 minutesand a
minimum of five consecutive scans. MS/MS scans were paired witham/z
tolerance of 0.002 or 10 ppm using the feature edges and a minimum
relative height of 25% and at least one signal. Next, the feature lists were
filtered to retain only features with an MS/MS spectrum (to reduce
computational load). *C isotope signals were removed with the *C
isotope filter with an m/ztolerance of 5 ppm, aretention time tolerance
of 0.1 min and a maximum charge of 2 with the most intense isotope

selected as representative. Nextisotope patterns were allocated with
the isotopic peaks finder considering the elements C,N, Cl,H, O, S
and Br, an m/z tolerance of 5 ppm and a maximum charge of 2 with
searching in the single most intense scan. Feature lists were merged
with the Join Aligner with an m/z tolerance of 5 ppm and a retention
timetolerance of 1.7 minand weights of m/z toretention timeof 3to 1.
The feature list was then filtered to retain only features that occurred
inatleast tensamplesand had an assigned MS/MS spectrum, minimum
featuresinanisotope pattern were set to 2 and validation of *Cisotope
patterns was activated. The duplicate peak filter was employed with
the mode ‘NEW AVERAGE’, an m/z tolerance of 5 ppm and a retention
time tolerance of 1.7 min. The final aligned feature list was exported
for GNPS and SIRIUS analysis with merging of MS/MS spectrausing the
‘weighted average’ mode and summing of intensities, expected mass
deviations of 5 ppm, cosine thresholds of 70%, signal count thresholds
of20%, isolation window offsets of 0 m/zand isolation window widths
of 3 m/z. The files were uploaded to GNPS2 (gnps2.org) and processed
inthe feature-based molecular networking workflow*, with the default
library (https://gnps2.org/status?task=454547be77d94aelad00d798
046ee7a0) and withadded libraries, respectively (https://gnps2.org/
status?task=5e1d73844a1e48068643bf57246a4149). For both jobs pre-
cursor and fragment ion tolerances were set to 0.01 m/z, window and
precursor window filters were deactivated, and only library matches
withamasserror <10 ppmwere considered. For networking aminimum
cosine of 0.7, four matched peaks and maximum shift of 200 m/zwere
set with the topology parameters of 10 for Top Kand 100 for maximum
componentsize. Library search parameters were aminimum cosine of
0.7 and 4 matched peaks.

Data clean-up, normalization, statistical analysis and
visualizations

UpSet plots were created using Intervene (https://asntech.shinyapps.
io/intervene/). Molecular networks were downloaded from GNPS2 and
visualizedin Cytoscape (ver.3.10.1). The geographic maps and geodesic
distance to coast measurements were created using QGIS (https://www.
qgis.org/) and the PyQGIS API (EPSG:4326, WGS84) with the Natural
Earthshapefile (1:10 m; https://www.naturalearthdata.com/). All other
analyses and visualization downstream of molecular networking were
created using customized python scripts including elements of our
standardized FBMN statistical pipeline®. Blank subtraction was car-
ried out on the processed feature table from mzmine, where features
in a dataset were set to zero if the mean peak area within the blanks
of the dataset was greater or equal to 0.1 times the mean peak area
within the samples of the dataset. Furthermore, the maximum blank
peak areawas subtracted from all peak areas per feature. After this, all
blank samples were removed and all features that contained only zero
entries were removed. We then aligned this table with the GNPS library
hits output which we prefiltered to only contain hits of interest using
a‘taglist’ (Supplementary Table 2). This taglist alsoincluded informa-
tion on which annotated compounds were considered xenobiotics
and whether they were classified as ‘industrial pollutants’, ‘pharma-
ceuticals’ or ‘pesticides’. The python packages utilized for building
our jupyter notebook included pandas, numpy, plotly, scikit-learn,
matplotlib and seaborn. To explore compositional shiftsamong sam-
ples, we normalized peak areas of each feature to the total peak area
within each sample, converting peak areas to relative abundances of
features. This approach allows us to visualize compositional shifts
after accounting for variation in the total amount of DOM among
samples. To explore variation in the number of xenobiotics across all
samples and datasets from various ecosystems, we scaled raw peak
areas of each feature using minimum-maximum scaling (function
MinMaxScaler from scikit-learn), which converted absolute raw peak
areas for each feature individually to a value within the range of O and
1across all samples. We did this for xenobiotic features to achieve a
feature-specific measure of xenobiotic abundance (Fig. 3b and Fig. 4)
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thatisindependent from well-known ionization efficiency differences
amongion features. For the violin plots with percentage y axesinFig. 5,
theraw peak areas for annotated xenobiotic features were summed per
sample and then divided by the total peak area sum for all features of
therespective sample, followed by multiplication with100 to calculate
the percentage of total peak area attributable to annotated xenobiotic
features. All codeis available as jupyter notebooks via Github (see the
code availability statement).

Data availability

All datasets are publicly available through the MassIVE repository
(massive.ucsd.edu) under the following identifiers: Aruba 2019
(UCSD, Q Exactive): MSV000085891; Baltic Sea 2021 (Tuebingen,
Q Exactive HF): MSV000089481; California Current 2017 (UCSD,
Q Exactive): MSV000082082; California Current 2019 (UCSD,
Q Exactive): MSV000085852; California Current 2020 (UCSD,
Q Exactive): MSV000086236; California Current 2021 (UCSD,
Q Exactive): MSV000090123; Caribbean Netherlands 2022 (NIOZ,
Q Exactive): MSV000094015; Curagao 2018 (UCSD, Q Exactive):
MSV000083522; Curagcao2021/22 (NIOZ, Q Exactive): MSV000094018;
Gulf of Maine 2022 (Tuebingen, Q Exactive HF): MSV000090696;
Hawaii 2019 (UCSD, Q Exactive): MSVO00082085; Moorea 2017
(UCSD, Q Exactive): MSV0O00082083; Moorea 2022 (UCSD, Q
Exactive): MSV000090798; Northern Pacific2018 (UCSD, Q Exactive):
MSV000083365; Northern San Diego Coast 2017/18 (UCSD, Q Exactive):
MSV000082312; Northern San Diego Coast 2020 (UCSD, Q Exactive):
MSV000085555 and MSV000085779; Pacific OMZ 2018 (UCSD, Q
Exactive): MSV000085480; Puerto Rico 2022 (Tuebingen, Q Exactive
HF): MSV000092677; South Africa 2018/19 (UCSD, Q Exactive):
MSV000085843; Southern San Diego Coast 2019 (UCSD, Q Exactive):
MSV000083889; Patagonia 2018 (UCSD, Q Exactive): MSV0O00083521.
All processed data and mzmine batch files used in this study are avail-
able viaZenodo at https://doi.org/10.5281/zenodo0.16687158 (ref. 51).
Source data are provided with this paper.

Code availability

All code, including python scripts, is available via Github at https://
github.com/Functional-Metabolomics-Lab/Marine-Xenobiotics and
viaZenodo at https://doi.org/10.5281/zenod0.16687158 (ref. 51).
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