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ABSTRACT: Non-targeted liquid chromatography tandem high-
resolution mass spectrometry (LC−MS/MS) is increasingly applied
for the structure-resolved chemical analysis of dissolved organic
matter (DOM). With new developments in MS instrumentation and
analysis software, the approach has gained substantial momentum
over the past decade. However, achieving high-quality analytical data
that is reproducible and comparable across laboratories can be a
bottleneck in non-targeted metabolomics and organic matter chemical
analysis, especially for data reuse in repository-scale analyses.
Understanding the capabilities as well as challenges of comparing
LC−MS/MS data from different laboratories is necessary for inferring
global trends from public data sets. To illuminate instrumentation
factors that drive differences and variability, we used a standardized data analysis pipeline, including classical (CMN) and feature-
based molecular networking (FBMN), to analyze data from a ring trial by 24 laboratories on identical sample sets of algal and DOM
extracts that were mixed in predefined concentrations and spiked with standards. Our results showed that data sets from similar mass
spectrometer types with unified instrument parameters were qualitatively comparable, resolving the same general trends and shared
mass spectral features. Interlaboratory comparability was best for high-intensity features, while low-intensity features showed greater
detection variability. Our analysis also highlights challenges when comparing data from instruments with different acquisition rates or
operating with less standardized methods. Lastly, we provide recommendations for data integration, public data sharing,
standardization, and best practices for standardized LC−MS/MS data acquisition, which will be critical for long-term time series and
intercomparability of DOM chemical analyses.
KEYWORDS: dissolved organic matter, DOM, high resolution tandem mass spectrometry, LC−MS/MS, non-targeted analysis,
non-targeted metabolomics, structure-resolved chemical analysis, interlaboratory comparison

■ INTRODUCTION
The production, transformation, transport, and accumulation
of organic matter (OM) throughout Earth’s biosphere play a
central role in regulating the global carbon cycle and shaping
ecosystem food webs.1,2 Dissolved organic matter (DOM) is
particularly important when considering exchanges of OM
across land-river-ocean interfaces and transformations that
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occur as DOM undergoes biotic and abiotic reworking within
and across ecosystems.3,4 Many fields focused on individual
components of the Earth system, including soil science,5

limnology,6 and coastal science,7 use similar mass spectrometry
tools to decipher the composition of DOM and its role in
biogeochemical cycles.
Recent advances in targeted and non-targeted liquid

chromatography high-resolution tandem mass spectrometry
(LC−MS/MS)-based methods have improved the study of
DOM, providing expanded structural details that aid in
uncovering its ecological roles.8−14 Yet, substantial variability
arises in the analytical strategies and data processing workflows
employed during LC−MS/MS analysis. For instance, HR−
MS/MS platforms range from quadrupole time-of-flight
(QTOF)15,16 and Orbitrap17,18 to Fourier transform ion
cyclotron resonance (FT−ICR)19 mass spectrometers, which
exhibit different sensitivity, resolution, and mass accuracy.
These differences are further amplified by variations in sample
introduction and ionization techniques, such as electrospray
ionization (ESI) and direct infusion versus LC separation.20−22

On top of this, the choice of MS/MS data acquisition
approaches, i.e., data-dependent acquisition (DDA) or data-
independent acquisition (DIA),23 further contributes to
methodological discrepancies, and different settings can
drastically alter analysis results.24 Subsequent data analysis
pipelines for LC−MS/MS based non-targeted metabolomics
are equally heterogeneous, reflecting differences in software
packages, feature-finding algorithms, spectral matching, and
annotation criteria.25

The variability introduced by the various analytical
approaches complicates efforts to interpret and compare the
DOM composition at local, regional, and global scales. In
practical terms, this means that two laboratories studying
DOM in different ocean basins, or monitoring the same site
over different time frames, may not be able to tell whether
observed differences reflect real environmental change or
simply differences in instrument settings and data processing.
While different analytical practices broaden research capa-
bilities, standardized methods are particularly important when
long-term comparability is required, such as in ocean time-
series and other monitoring efforts. In this context,
interlaboratory ring trials have emerged as a critical approach
to evaluate the comparability of data derived from shared
samples.26 These trials are essential for addressing current
challenges in the field, improving reproducibility, and ensuring
reliable cross-laboratory comparisons.
An initial effort in this regard was made by investigating the

consistency of DOM analyses across laboratories using direct
infusion HR−MS.27 However, a gap remains in exploring
interlaboratory comparisons for other emerging methods in
DOM analysis, particularly LC−MS/MS-based non-targeted
metabolomics workflows, which introduce additional analytical
variation due to chromatographic separation, tandem MS
acquisition settings, and instrument-specific capabilities. This
gap is particularly important because LC−MS/MS is
increasingly used to generate structure-resolved DOM finger-
prints in global surveys and time series and is beginning to be
embedded in large coordinated efforts, where data sets from
many laboratories must be integrated to assess how marine
ecosystems respond to climate and anthropogenic change.
Evaluating the current state of LC−MS/MS approaches
(limited herein to DDA) in DOM analysis is thus both timely
and essential in this stage of tool development.

Here, we report on a ring study of DOM, using standardized
ultrahigh-performance liquid chromatography (UHPLC),
followed by electrospray ionization (ESI) in positive (ESI+)
and negative (ESI-) modes and DDA of MS/MS spectra. The
study focused on addressing three key questions: (1) Do
laboratories detect the same molecular features from a shared
sample set under consistent instrumental conditions? (2) Do
their data lead to the same qualitative conclusions? (3) Is it
meaningful to align and coanalyze the data sets?
To address these questions, we generated a set of simulated

algal bloom extracts in which we combined a serial dilution of
algae extracts with DOM extracts from marine surface water
collected in Southern California (Scripps Research Pier, La
Jolla, CA, USA). These extracts and mixtures of them were
shipped to participating laboratories and analyzed with their
respective instrumentation. The resulting data were analyzed
using a standardized analysis pipeline using classic and feature-
based molecular networking (CMN and FBMN) approaches
to assess the overlap in the metabolite annotations. CMN
aligns features by the similarity of their MS/MS spectra (cosine
similarity), and FBMN aligns them based on extracted ion
chromatograms defined by exact mass and retention time (RT)
and generates consensus MS/MS spectra between all features
(given a defined minimum MS/MS similarity).28 For both
CMN and FBMN, multivariate statistics and feature intensity
trends were applied to explore global differences between data
sets. We assessed whether non-targeted metabolomics results
from DOM are qualitatively (presence-absence) and semi-
quantitatively (compositional trends) comparable between
laboratories using similar instrument platforms and stand-
ardized instrument parameters.
Our data shows that results from instruments with similar

performance characteristics resolved the same general trends
between sample types and identified similar sets of shared
metabolite features. For ESI+, interlaboratory data was
qualitatively comparable for high-intensity features, while
low-intensity features showed greater variability. These trends
were less pronounced for ESI-, yet qualitative distinction of
sample types was still achieved by most laboratories. Together,
these results demonstrate that interlaboratory comparison of
LC−MS/MS data can provide converging results when
processed together using both MS/MS-based clustering
(CMN) as well as mass−retention time (m/z−RT) alignment
(FBMN) for similar instrument types with unified methods.
On the flipside, our results also highlight a high degree of
variation when comparing data from instruments with different
designs and analytical capabilities or less stringent instrument
method standardization. Our findings underscore the need for
harmonized LC−MS/MS data acquisition methods and the
development of dedicated data processing workflows that
enable the integration of local measurements across
laboratories and experiments.

■ MATERIAL AND METHODS

DOM Extract Preparation
200 L of surface seawater were collected at the end of the Ellen
Browning Scripps Memorial Pier, San Diego, California, USA, on
February 26, 2021, between 11:00 and 19:00 PDT. The seawater was
filtered through an AcroPak 0.8/0.45 μm Supor membrane filter (Pall
Corporation) and subsequently acidified to a pH of 2 with a total
volume of 260 mL HCl (37%, trace metal grade). For solid phase
extraction (SPE), Agilent Bond Elut PPL styrene-divinylbenzene
polymer cartridges with 5 g of bed mass and 60 mL of column volume
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were used. Prior to loading, the cartridges were activated with 30 mL
of methanol (MeOH) and then washed with 30 mL of H2O (pH 2,
LCMS grade) and 30 mL of MeOH (LCMS grade), followed by
equilibration with 30 mL of H2O (pH 2, LCMS grade). For sample
loading, acidified seawater was drawn through a serological glass pipet
connected to polypropylene tubing that split into 8 SPE PPL
cartridges in parallel. We used a vacuum SPE station (Agilent 20 port
SPE station) to maintain a flow rate of approximately 20 mL/min/
cartridge and a total loading time of 20 h. A process blank was
collected using 4 L of acidified H2O (pH2, LCMS grade) and a 5 g
cartridge using the same SPE protocol as that above. After sample
loading, the cartridges were desalted with 60 mL of H2O (pH 2,
LCMS grade) and dried under N2 gas. After drying, the cartridges
were eluted with 20 mL of MeOH per cartridge, resulting in a total of
160 mL of the sample extract. An internal standard (IS) mix was
added, containing 5 μg of each of the following compounds in
MeOH: domoic acid, kainic acid, isoxaben, irgarol, imazapyr, heroin,
methamphetamine, and cocaine. Of the pooled sample, 150 mL were
then aliquoted into 100 individual HPLC vials (1.5 mL each). The
blank sample was eluted with 10 mL MeOH and aliquoted into 2 mL

vials. All vials were dried down in a vacuum centrifuge overnight at
room temperature. Six aliquots were weighed after the drying process,
resulting in 1.8 mg of total sample dry mass per vial. Two
representative aliquots were each redissolved in 2 L of H2O (pH 2)
for total organic carbon (TOC) measurements, resulting in 30.0
μmol/L and 0.72 mg of C/vial. The overall extraction efficiency was
43.3%.

Algae Extract Preparation
Lyophilized cells from Synechococcus sp. were purchased from Merck
(Product number 491764). A 0.83 g portion of cell material was
suspended in 50 mL of LCMS-grade MeOH in a MeOH-rinsed
Falcon tube. The mixture was then sonicated for 5 min and
centrifuged at 5000 RCF for 10 min. The supernatant was decanted to
a new Falcon tube, dried under N2, and redissolved in Milli-Q water.
This was sonicated and centrifuged, and the supernatant was
transferred to a 250 mL bottle, diluted to 150 mL, and acidified
with 150 μL of HCl. 8 mL of the solution was extracted on a
preconditioned PPL cartridge (1 g; Agilent), and retained metabolites
were eluted with MeOH and dried under N2. This extract was
redissolved in 2 mL of MeOH, and 0.1 mL was taken for DOC

Figure 1. Experimental and analysis scheme. Dissolved organic matter (DOM) and algae extracts were prepared and mixed locally and sent out to
the participating laboratories for data acquisition using standardized methodology. Acquired data was then deposited to the MassIVE repository
and retrieved for data analysis using an open-source analysis pipeline. (Mzmine logo credit: mzio GmbH; GNPS2, GNPS dashboard, and FBmn
STATS logo credit: Mingxun Wang & Daniel Petras).
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analysis. This sample was dried under N2 and redissolved in 36.5 mL
of Milli-Q water. The DOC concentration was 5.79 μg/mL after
subtraction of the blank, indicating 2.1 mg/mL C in 2 mL of the stock

solution. From the stock solution, three new stock solutions with

1800, 600, and 200 μg/mL were prepared in MeOH.

Figure 2. Overview of LC−MS/MS data. (A) LC−MS/MS (ESI+) heatmaps and MS/MS placement for a representative sample (A45M) for each
analyzing laboratory. Data sets from laboratories (a−o) were selected for subsequent unified analysis. (B) Extracted ion chromatogram (XIC) of
the internal standard irgarol for the selected Orbitrap data sets (ESI+) normalized to the highest peak.
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Ring-Study Samples
The final sample preparation scheme for the ring study is shown in
Figure 1. Samples were prepared from the dried DOM and algae
extracts, as described in the following: the 60 dried DOM extracts
from San Diego were redissolved in 100 μL of MeOH (Optima
LCMS grade, Thermo Fisher) each, from which 50 μL were
transferred into new 2 mL glass vials (Thermo Fisher, Level 3),
resulting in a total of 120 DOM samples. To 28 of these vials, 25 μL
of 1800 μg/mL algae extract was added (A45 M sample). To the next
28 vials, 25 μL of 600 μg/mL algae extract was added (A15 M
sample). To the last 28 vials, 25 μL of a 200 μg/mL algae extract was
added (A5M sample). Finally, 25 μL of 1800 μg/mL algae extract was
added to 28 new vials and mixed with 50 μL of MeOH (A sample).
For the blank samples, 4 blank aliquots were each redissolved in 100
μL MeOH, pooled, and 150 μL of the standard mix was added. 18 μL
of the resulting solution was aliquoted into 28 new 2 mL vials. Finally,
all vials were dried down in a vacuum centrifuge at 35 °C, capped, and
shipped to the participating laboratories.

LC−MS/MS Analysis
For LC−MS/MS analyses, the samples were redissolved in 200 μL of
50% aq. MeOH (Optima LCMS grade, Thermo Fisher), and process
blanks were redissolved in 100 μL of 50% aq. MeOH (Optima LCMS
grade, Thermo Fisher). Final concentrations are displayed in Table
S1, and authentic standard compounds are listed in Table S2. For
each LC−MS analysis, 5−10 μL of the sample was injected.
Reliable comparisons across instruments require that chromato-

graphic and MS acquisition settings be standardized as much as
possible.29 Thus, for LC−MS/MS data acquisition, the following
standardized parameters were prescribed for all participating
laboratories. For LC separation, a default C18 UHPLC column
with particle sizes <2 μm and column dimensions of 2 mm diameter
and 10 or 15 cm length was recommended. A detailed overview of
columns and LC methods is provided in Table S3. Mobile phases
consisted of H2O (Optima LCMS grade, Thermo Fisher) (A) and
acetonitrile (Optima LCMS grade, Thermo Fisher) (B), both
containing 0.1% formic acid (FA, Optima LCMS grade, Thermo
Fisher). Default flow rates of 0.4 mL/min and a linear two-step
gradient starting at 5% B, followed by a linear gradient beginning at
0.5 min from 5 to 50% B until 7 min, followed by a second linear
gradient to 99% B, until 10 min, were applied by most laboratories.
MS/MS data was acquired in both positive and negative ionization

modes using DDA. Detailed MS/MS settings from each laboratory are
provided in Table S4.

Data Analysis
The LC−MS/MS raw files were converted to. mzML format using
msConvert (ProteoWizard)30 and uploaded to the MassIVE
repository (https://massive.ucsd.edu/). The data was analyzed as
individual data sets through CMN31 and FBMN28 in GNPS(https://
gnps.ucsd.edu) and as a unified global data set including all samples
through both CMN and FBMN workflows on the GNPS2 platform
(https://gnps2.org). Data preprocessing for FBMN, which takes into
account MS1 extracted ion chromatograms for feature abundance
measurements, was carried out with mzmine (ver. 4.2.0).32 CMN uses
raw data directly, basing feature abundances on maximum precursor
intensity, which does not necessarily correspond to peak apexes and
thus is quantitatively less accurate than FBMN. In both cases, MS/MS
spectra within the data set are compared to each other to create a
molecular network in addition to spectral matching to public library
spectra, providing structural annotations. Detailed settings and URLs
of the processed molecular networking jobs are provided in the
Supporting Information. Following FBMN and CMN data processing
in GNPS2, downstream data cleanup included the removal of features
that had occurred in the process blanks. We used a threshold whereby
features that showed more than 30% intensity in blanks compared to
samples were removed. This cutoff is typically user-defined and can be
lowered or increased to adjust to the needs of a specific study (e.g.,
high or low levels of background contamination or desired
robustness).33 Following blank removal, features with zero intensity
were imputed, and normalization to total ion current (TIC) before
Principal Coordinate Analysis (PCoA) and Permutational Multi-
variate Analysis of Variance (PERMANOVA) using the Bray−Curtis
dissimilarity metric was performed with the FBMN Stats App
(https://fbmn-statsguide.gnps2.org/).33 UpSet plots were generated
with Intervene (https://asntech.shinyapps.io/intervene/).34

■ RESULTS AND DISCUSSION

Assessment of LC−MS/MS Data and Methodological
Aspects that Drive Data Set Suitability for Unified Analysis

Twenty-four laboratories completed the data acquisition and
submitted their data to the public MassIVE data repository
(https://massive.ucsd.edu/ProteoSAFe/), an overview of all

Figure 3. Summary of molecular networking metrics from selected data sets.
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data sets is provided in the supplemental csv table. During
inspection of the data via the GNPS dashboard (https://
dashboard.gnps2.org/),35 we visualized LC−MS/MS data as
heatmaps with MS/MS events indicated as blue checkmarks
(Figures 2A and S13).
Our criterion for inclusion in the unified data set for further

in-depth analysis was that at least six out of eight internal
standards had to be correctly matched to the respective GNPS
library entries in positive ESI mode. As a first assessment of
data amenability for unified analysis through FBMN, library ID
matching of added IS was evaluated individually for each
laboratory using CMN. Five laboratories matched all eight
standards, seven laboratories matched seven standards, four
laboratories matched six standards, and another eight
laboratories matched less than six standards. Reasons for not
matching standards may include poor ionization, insufficient
mass accuracy, low scan rates, and/or inadequate DDA
parameter selection, such as omission of dynamic exclusion
or inconsistent setting of collision energies. In DDA experi-
ments, low scan rates and long duty cycles reduce the number
of MS/MS events acquired, which lowers the chance that
internal standards are selected. Dynamic exclusion is designed
to temporarily prevent redundant reacquisition of already
fragmented precursor ions. If dynamic exclusion is not used,
the instrument repeatedly targets the same intense background
or matrix ions and “wastes” MS/MS events instead of sampling
a broader set of precursors, potentially excluding spiked
standards. Likewise, suboptimal collision energies can produce
either poorly- or overfragmented spectra with low similarity to
reference spectra, further decreasing the rate of successful
standard identification. It is important to point out that CMN
is an MS/MS-based data analysis strategy, mainly used for
qualitative analysis. CMN uses spectral counts or precursor
intensities for semiquantitative estimations, which are less
sensitive and less accurate than MS1-based quantification
approaches, such as FBMN.
The total number of library IDs matched within each data

set is shown in Figure 3 and full tables, including those that
were not selected for subsequent co-analyses, are shown in
Table S5. For the ESI+ CMN data, these numbers range from
71 to 158 for the data sets selected for further coanalysis and
from 0 to 107 for those that were not selected. The total
number of clustered features (clusters) ranged from 1375 to
5061 for selected data sets, showing that the proportion of
obtained spectra that were assigned to library IDs was low,
averaging 3.8% across the selected data sets, which is
comparable to other DOM LC−MS/MS data.12,36,37 Due to
its sheer complexity, only a small fraction of features in DOM
are selected for fragmentation during DDA. Taking into
account this subsampling bias during DDA, the true
annotation rate must be substantially lower than the stated
average of 3.8%. This implies that only a small portion of the
diversity that constitutes DOM can currently be linked to
specific molecular structures. Notably, the number of library
IDs did not scale with the number of MS/MS features across
data sets (linear regression, R2 = 0.04). This occurs because the
more intense peaks in each data set were the ones matching
library spectra. Acquiring MS/MS data from lower intensity
features in a complex sample, such as DOM, will increase the
number of spectra for previously unexplored compounds
without spectral library entries. In comparison to the ESI+
data, the ESI- data generally yielded lower numbers of features
and library matches, the latter being mainly driven by the

limited amount of negative mode CID spectra in the spectral
libraries used.
Other factors that can impact discrepancies between

observed and “true” annotation rates are the presence of
chimeric MS/MS spectra derived from coeluting isobaric
precursors, as well as ion adducts and in-source fragments. In
the first case, chimeric MS/MS spectra contain mixed fragment
ions from more than one precursor, lowering the spectral
purity and making them difficult to match to any single library
spectrum. In the second case, multiple ion species (e.g.,
adducts and in-source fragments) are counted as separate
features, even though they arise from the same underlying
molecule, artificially inflating feature counts without increasing
the number of distinct metabolites. We assessed the rate of
chimeric spectra between the different laboratories using the
mzmine precursor purity checker. As the precursor isolation
width was constant at 1 m/z among the 15 aligned data sets,
we observed a moderate differences in chimeric spectra rates,
which average around 55.9%, ranging from 35.3%−77.0%
(Figure S14A). Investigating the relationship between
chromatographic peak height and precursor purity (Figure
S14A), we observed a strong trend of increasing precursor
purity for higher intensity features, which we attribute to highly
abundant labile metabolites that stay on top of the refractory
DOM background. Interestingly, those data sets that acquired
fewer MS/MS spectra had higher average purity values (e.g.,
lab m and n), while laboratories with faster acquisition speed
and deeper coverage contained more chimeric spectra. The
only outlier was lab h, which showed the highest number of
chimeric spectra, which we attribute to the lower chromato-
graphic performance (see Figure 2B), likely due to the use of
an HPLC column with 5 μm silica particles, in contrast to the
sub-2 μm particle sizes employed by the other laboratories.
In this study, harmonized chromatography and DDA MS/

MS settings were provided to all participating laboratories to
achieve a high comparability. Nevertheless, six data sets (h, p,
s, u, v, and w) were collected under diverging conditions due
to limitations of certain instruments (e.g., low scan speed),
user preferences (e.g., choice of chromatography system), and/
or user errors (e.g., no dynamic exclusion). Consequently,
these data sets contained low coverage of MS/MS events
despite state-of-the-art instrumentation. In applications such as
long-term environmental monitoring, regional surveys, or
targeted ecosystem experiments, such incomplete MS/MS
coverage could narrow the set of DOM components that can
be reliably detected and interpreted and in turn limit the level
of detail at which DOM composition and its variability can be
resolved.
Metrics include the presence or absence (√/×) of internal

standard annotation during ESI+ classical molecular network-
ing (CMN), as well as the number of library ID matches,
clustered features (clusters), networked nodes, singletons, and
annotation rates obtained from both CMN and feature-based
molecular networking (FBMN) of ESI+ and ESI- data. A full
table including the results from all data sets is provided in the
Supporting Information, Table S5. The color bar shows values
ranging from low to high, which are calculated separately for
each column of values.
Data sets that met the criterion of annotating 6 out of 8

standards (ESI+) showed a consistent pattern of tightly
clustered MS/MS acquisition events from retention times of 3
to 10 min. Some of the excluded data sets (r, t, v, x) showed
similar coverage but exhibited problems with either data
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conversion, inconsistent collision energy settings, insufficient
mass accuracy, substantial retention time shifts compared to
the other laboratories, or poor peak quality. For laboratory q, it
appears that the DDA settings were not adequate to capture
MS/MS spectra of the characteristic m/z 400−600 ions, with
MS/MS acquisition events focused on lower mass ions, which
produced greater MS1 ion intensities for this instrument and
dominated DDA precursor selection.
Laboratory w, which used a more recent instrument

(Orbitrap Fusion Lumos), obtained excellent coverage of
DOM material at the MS1 level but poor MS/MS coverage. In
their case, dynamic exclusion was not activated, which caused
repeated MS/MS acquisition around m/z 200. Laboratories p
and s exhibited very poor MS/MS coverage, attributable to
inadequate DDA settings. The data from laboratory u were
found to contain only a few MS/MS spectra covering the
acquisition time range only sparsely because of the lower scan
speed of the instrument.
When comparing retention times for the selected data sets

through the spiked standards (Figures 2B and S1−S8),
moderate retention time differences (<1 min from center)
were observed for the majority of laboratories, while for
laboratories h, i, and m, larger retention time differences (3−4
min from center) were observed, which were attributable to
deviations in the chromatographic gradient used. Laboratory h
additionally showed broader chromatographic peaks, likely due
to column choice (5 μm particle size compared to sub-2 μm

for the other laboratories). The focus for acquiring comparable
LC−MS/MS data should thus lie on standardized DDA (or
DIA) MS/MS settings, as well as comparable chromatography
columns and gradients.
Feature Abundance Distribution across Laboratories

Following the initial data quality assessment, laboratories with
at least six out of eight matched internal standards were
selected for further analysis. To assess interlaboratory
consistency and comparability, both CMN and FBMN
methods were applied across the selected data sets. This
approach also aimed at assessing whether MS1 and RT
(FBMN) or MS/MS (CMN) alignment would better support
data set comparability.38 FBMN provides a more accurate
assessment of signal abundance trends but with a trade-off of
risk of false alignment since no MS/MS matching is performed
between separate samples, whereas CMN relies on matching of
MS/MS signals, which can be negatively impacted by chimeric
spectra and DDA subsampling bias. Furthermore, CMN
provides less accurate quantitative information, as precursor
intensities vary when MS/MS acquisition is triggered at
different points in a chromatographic (MS1) peak. Therefore,
when using CMN for data alignment, interlaboratory
variability is confounded with variability introduced due to
DDA subsampling bias and the imprecise precursor intensity
during MS/MS triggering.
For FBMN analysis, an RT tolerance of 1.7 min was applied

based on an inspection of RT deviations for the spiked

Figure 4. Overview of shared and ubiquitous LC−MS/MS features across laboratories. LC−MS/MS (ESI+) data was analyzed with Feature-Based
Molecular Networking (FBMN). (A) UpSet plot illustrating the distribution of shared features across laboratories when considering all detected
features. (B) UpSet plot showing shared feature distributions across laboratories, restricted to the top 1000 most intense features (mean across
samples). (C) Boxplot showing mean peak area as a function of the number of laboratories in which a feature is observed. (D) Cumulative count of
features detected in all laboratories, plotted against the feature mean intensity rank of features considered. Both plots (C,D) indicated that most
features shared between all data sets are also among the highest intensity features.
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standards, which were generally within this window except for
laboratories h, i, and m (Figure 2B).
To evaluate the reproducibility of feature detection, we

assessed the extent of feature overlap across the laboratories.
When all features were considered, the presence/absence
analysis showed that features detected in all laboratories were
in the vast minority (1.0% of the features are shared between
all laboratories in positive mode FBMN and 2.1% in CMN;
1.8% in negative mode FBMN and 0.2% in CMN (Figures
4A,S15A−S17A). In the ‘top 1000’ highest intensity features,
4.7% are shared across all laboratories for FBMN and 3.0% for
CMN (Figures 4B and S16B, for negative mode, 4.3% in
FBMN and 1% in CMN Figures S16B and S17B). Laboratories
share only a small core set of strong, high-intensity signals,
whereas the majority of weaker features are detected
inconsistently and behave more like lab-specific noise when
data sets are compared.
Features that were shared between all laboratories were of

higher average intensity for FBMN, with a trend toward lower
average intensity for ‘rarer’ features (Figures 4C and S16C).
For CMN, this trend was not readily observed, and the higher
average intensities were observed from unique features,

especially for the positive mode data (Figures S15C and
S17C).
To further examine how feature intensity relates to how

widely a feature is observed across laboratories, we carried out
a rank-based ubiquity evaluation. In this analysis, we first
ordered all features by their mean peak area across all samples
(from the highest to lowest intensity). We then progressively
included features along this ranked list and at each step
counted how many of the included features were present in all
laboratories. The resulting cumulative curve shows that, for
FBMN, the number of ubiquitous features rises steeply and
reaches a plateau after relatively few high-intensity features
have been considered, indicating that most shared features are
among the most abundant ones (Figure 4D). For CMN, this
increase follows a more linear pattern (Figure S15D),
suggesting that ubiquitous features are more evenly distributed
across the intensity range, and similar observations were made
for FBMN and CMN of the negative mode data (Figures S16D
and S17D). For CMN, feature finding is solely based on the
presence of MS/MS spectra and not whether these originate
from actual chromatographic peaks as considered in FBMN.
Thus, background signals, e.g., originating from the sample
matrix, are much more likely to result in CMN features, as

Figure 5. Distinction of sample types in PCoA increases when restricting the data frame to high-intensity features. (A) PCoA and PERMANOVA
using Bray−Curtis dissimilarity for the Feature-Based Molecular Networking analysis (FBMN, ESI+); (B) for the FBMN (ESI+) analysis
considering only the top 1000 most intense features (by average feature sum); (C) for the FBMN (ESI+) analysis considering the top 100 features.
(D) PCoA and PERMANOVA using Bray−Curtis dissimilarity for the Feature-Based Molecular Networking analysis (FBMN, ESI-); (E) for the
FBMN (ESI-) analysis considering only the top 1000 most intense features (by average feature sum); (F) for the FBMN (ESI-) analysis
considering the top 100 features. The colors indicate the different extracts.
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opposed to FBMN. Moreover, CMN does not consider RTs,
leading to the risk of merging isobaric features with highly
similar MS/MS spectra but different structures. In addition,
identical structures detected across laboratories can be
clustered into separate features based on slight to moderate
differences in fragmentation spectra elicited by spectral
chimerism or slight differences in instrument performance.
FBMN, on the other hand, is agnostic to differences in MS/MS
spectra since feature alignment is based on MS1 m/z and RT
of features. This makes it more robust but also introduces the
risk of false alignment of features. Therefore, limiting the
analysis to the highest-intensity features results in a higher
percentage of feature overlap across laboratories, likely because
higher-intensity features are more likely to be sampled during
DDA. In addition to subsetting the analysis to high-intensity
features, increasing overall DDA MS/MS events, for example,
through repetitive analysis, iterative DDA (e.g., AcquireX), or
2D-LC−MS/MS approaches, might mitigate these effects and
increase the depth of features that can effectively be aligned.
Multivariate Statistical Analysis Distinguishes Sample
Types between All Data Sets

After inspecting the overall distribution of feature intensities
across laboratory data sets, we assessed whether the different
laboratories reached similar qualitative conclusions in dis-
tinguishing the different sample types. First, PCoAs (based on
Bray−Curtis dissimilarity) were performed separately for each
laboratory using both FBMN and CMN, revealing clear
clustering by sample type and consistent trends within each
laboratory for the positive (Figures S18 and S20) and negative
mode data (Figures S19 and S21).
Since individual laboratory analyses successfully distin-

guished the sample types and demonstrated comparable
PCoA patterns, the next step was to assess whether this
differentiation was observed when all selected data sets were
analyzed collectively. Figure 5 shows the PCoA results for the
FBMN analysis, indicating a trend toward distinguishing
sample types, particularly for samples A and A45M, which
are the endmembers of the sample mixtures. However, aside
from this tendency for separation, the laboratory in which data
was acquired was the primary driver of clustering according to
the PERMANOVAs (Figure 5A; R2 = 0.25 for the sample type
and R2 = 0.51 for laboratory).
A key question in interpreting these findings is whether the

tendency observed in PCoA across all laboratories is influenced
by variations in the detection of low-abundance features,
considering that the overlap between laboratories was related
to “top” features (see previous section). Thus, a subsequent
PCoA focusing on the top 1000 features (by mean peak area
across samples with only nonzero entries considered) was
conducted, revealing a clearer separation by sample type
(Figure 5B; R2 = 0.30 for sample type and R2 = 0.51 for
laboratory). A stronger trend was observed when narrowing
the focus to the top 100 features (Figure 5C; R2 = 0.38 for
sample type and R2 = 0.48 for laboratory). This further
indicates that high-intensity features contribute most toward
distinguishing sample types, regardless of laboratory. Next, we
carried out the same analysis for the CMN results (Figure
S22), yielding equivalent results, although this effect is more
pronounced for FBMN, likely due to the higher sensitivity of
MS1-based alignment to correctly assemble relative feature
intensities.

Interestingly, these trends are not readily observed for the
negative mode data (Figure 5D−F). This is likely due to the
widespread detection of recalcitrant DOM components that
are present at very low concentrations in the DOM material,
thus yielding many low-intensity features characteristic of the
sample types. In this interlaboratory context, these patterns
imply that multivariate comparisons aimed at separating
sample groups tend to be more robust when they are driven
by the shared, high-intensity subset of DOM features.
The relatively modest R2 values reflect how DOM

complexity, instrument-specific DDA behavior, and current
limitations in cross-laboratory alignment redistribute biological
variation into laboratory-specific axes of variance, rather than
an absence of underlying ecological signal. DOM is an
extremely complex mixture, and DDA captures only a small,
intensity-biased subset of ions, with differences in scan speed,
duty cycle, ion suppression, and in-source fragmentation across
instruments leading to heterogeneous MS/MS coverage across
laboratories, especially for low-intensity features. These
inconsistencies, combined with imperfect cross-lab feature
alignment in FBMN and CMN due to retention-time drift,
peak-shape differences, and chimeric or instrument-specific
MS/MS spectra, introduce laboratory-specific variance into the
merged feature table. Consequently, part of the underlying
biological trend is dispersed across technical variation,
reducing the apparent explanatory power of sample type in
the PERMANOVA, even though the major qualitative trends
remain conserved. Similar patterns of strong laboratory or
platform effects have been reported in previous interlaboratory
comparisons of DOM HR−MS and non-targeted MS data
sets.39,40

Focusing more closely on the sample gradient, sample type
A, which represents the least complex sample (algal extract
only, compared to mixtures of algal extract and/or complex
DOM extract), clearly showed a much greater distance from
the other samples than the distance observed between A45M,
A15M, A5M, and M, which is not surprising when considering
the sample mixing gradient (Table S1). Accordingly, when
sample A is excluded, the PCoAs (Figure S23, ESI+) indicate
that laboratory differences, rather than sample type, are much
more predominant in driving separation for both FBMN and
CMN (FBMN: R2 = 0.062 for the sample type and R2 = 0.76
for laboratory; CMN: R2 = 0.073 for sample type and R2 = 0.72
for laboratory). Although the sample effect is more
pronounced when high-intensity peaks are evaluated, as
previously noted, the laboratory effect remains overall more
significant in both approaches. However, analysis of the
individual PCoAs (Figures S24 and S25) reveals that each
laboratory can still differentiate between the sample types.
Taken together, even with our simplistic alignment

approaches, we achieved a clear differentiation of overall
sample composition between the different data sets. At the
same time, the shared trends in feature overlap and PCoA
profiles highlight an important aspect of DDA applications in
non-targeted LC−MS/MS analysis: while individual laborato-
ries may not detect exactly the same ensemble of features,
especially for less abundant compounds, they can still achieve
similar qualitative conclusions in terms of group differ-
entiation,40 which is often one of the goals in non-targeted
metabolomics studies. Interestingly, the qualitative interpreta-
tion of metabolomics data may also remain consistent within
large ranges of the signal threshold selected for including
features (detected ions) in the data set.41 This is especially
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encouraging for environmental research questions where

samples from different conditions, such as before versus after

a disturbance, along a pollution gradient, or across contrasting

ecosystems, are compared.

Sample-to-Sample Similarity is Driven by the Same
Metabolites across Data Sets

Since all selected data sets were adequate for distinguishing the
different sample types, we next investigated whether the
molecular features driving these distinctions were conserved

Figure 6. Random forest (RF) analysis of features driving sample type clustering. (A) UpSet plot showing the increased overlap (presence/
absence) of significant features identified by RF analysis across laboratories using feature-based molecular networking of the positive mode ESI data
(FBMN) and merged features based on identical spectral library annotation. (B−E) Relative abundances (sample-centric normalization) of
selected top 10 features in each laboratory contributing to sample-type classification based on RF analysis using FBMN. The features marked as
predictors for sample type include features annotated as loliolide and dihydroactinidiolide, for which relative abundances decrease with increasing
algal compared to DOM concentration, and features such as cabrillostatin and eupafolin, for which relative abundances increase under the same
conditions.
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across laboratories. For this, we filtered the complete feature
table to only retain features that returned level 2 library IDs,42

representing putatively annotated compounds based on
GNPS2 spectral library matches.
To mitigate shortcomings in data set alignment, we summed

the peak areas of features that shared identical library IDs. This
approach addresses cases where the 1.7 min RT window used
in FBMN was too narrow for data sets with larger RT variation
and cases where MS/MS spectra were too dissimilar to be
clustered in CMN but still produced identical library matches.
We applied this procedure to both the FBMN and CMN
analyses, which greatly enhanced the overlap of important
features for sample classification between data sets (compare
Figures 6A and S26). It is important to point out that while
merging features by metabolite ID improves cross-data set
comparability, the merging might also collapse true structurally
resolved molecules such as regioisomers or stereoisomers. The
change in accuracy of the random forest models due to the
merging can be expected to be low, as the merged features
make up only a small portion of all the features considered.
Next, the resulting merged feature table was split according

to laboratory, and TIC-normalized subsets of data were
individually subjected to Random Forest (RF) analysis through
the FBMN Stats App.33 RF is a supervised classification
algorithm that combines decision trees trained on a subset of
preclassified samples to predict sample classes and to quantify
the importance of each input variable.43 Here, we used RF to
evaluate how accurately sample types could be predicted from
metabolite profiles and to rank metabolites by their importance
for correct classification, identifying compounds that most
strongly drive differences in the DOM composition between
sample classes. This analysis yielded sample type prediction
accuracies between 80% and 100%. We then examined the
features that were important for classification within each
laboratory and compared the overlap of these features across
laboratories (Figure 6A). In the FBMN results, the top 5% of
driving features prioritized across data sets by the RF analysis
formed the largest intersection in the UpSet plot. For CMN,
this corresponded to only 1% of driving features (n = 3, Figure
S27), suggesting that, between the two workflows, FBMN is
more robust at identifying ecologically relevant molecules due
to the higher fidelity of captured signal intensities.
For the FBMN analysis, we next asked which annotated

molecules were consistent drivers for distinguishing sample
types across laboratories. To do this, we took the RF
importance scores for each feature from all 15 laboratory-
specific models, averaged them, and then ranked features by
this mean importance. Using this rank, the seven molecules
with the highest mean importance appeared among the
important predictors in every laboratory, and the remaining
three molecules in the top 10 were important in 13 or 14
laboratories. We then visualized normalized abundances for
selected top-importance features with high-quality spectral
matches (Figure 6B−E; the top 60 predictor features are listed
in Table S6).
Features annotated as loliolide and dihydroactinidiolide

decreased with the reduced proportion of algal extract in the
samples, whereas features annotated as cabrillostatin and
eupafolin showed the opposite trend with higher intensities at
higher marine DOM proportions.
These results are in agreement with the nature of the

samples. Loliolide is a natural product known to be present in
various algae44 and dihydroactinidiolide is a known metabolite

of Synechococcus.45 Cabrillostatin is a metabolite that was
recently discovered in seagrass meadows from the Southern
California coast.46 Similarly, eupafolin has been described to be
produced by Pacific Seagrass,47 providing a rationale for the
presence of these metabolites in our (Pacific) DOM extract.
The consistent detection of these compounds across
laboratories indicates that the molecules driving sample
separation can be interpreted as biologically meaningful
markers of algal production and seagrass-meadow-derived
coastal DOM.
Recommendations for Method Standardization, Quality
Control, and Data Sharing to Achieve Interlaboratory Data
Comparability

Our interlaboratory comparison highlights the critical
importance of method standardization for robust and
reproducible non-targeted LC−MS/MS analysis. To ensure
meaningful comparisons across laboratories, harmonization of
both chromatographic separation and mass spectrometric
acquisition parameters will be essential. While we recognize
that not all laboratories have access to identical instrumenta-
tion, we strongly recommend the use of similar instrument
classes with similar scan speed, sensitivity, resolution, and MS/
MS settings for time series and larger surveys. Furthermore, the
adoption of community-wide quality control standards, such as
minimum requirements for the detection of known metabolites
from internal standards and/or common reference materials,48

will be important for evaluating whether data sets are
comparable.
Without such standardization, long-term or multibasin data

sets may confound true biological changes in DOM
composition with variation introduced by instrumentation or
methodological differences. In addition to method stand-
ardization, the development of machine learning-based
retention time alignment, improved feature matching, and
spectral deconvolution workflows tailored for the integration of
multilaboratory data sets would greatly enhance the ability to
reduce nonbiological variability and make results more
consistent.
Our analysis demonstrates that when core criteria are met,

DOM samples yield broadly comparable molecular profiles
across laboratories. In this way, this study also served as a test
case to evaluate the user’s influence in each laboratory to
interpret and implement the provided instructions accurately,
pointing to the importance of clear communication and
highlighting the practical challenges of achieving consistent
method implementation across laboratories.
A fundamentally important aspect, in addition to harmon-

ized data acquisition, is open data sharing of raw and processed
data, standardization of data preprocessing (e.g., mass
calibration and peak picking) and data formats (e.g.,
.mzML), as well as the contextualization of the data with
metadata.49−51 Adhering to common data formats and
providing rich environmental metadata (e.g., location, depth,
physicochemical parameters, and sampling context) enables
the reuse of LC−MS/MS DOM data sets in cross-study meta-
analyses and is consistent with emerging best practices in
metabolomics repositories and metadata standards.52 Togeth-
er, these practices will be crucial for building comparably
acquired, well-documented DOM data sets that can underpin
future basin-scale surveys and long-term environmental
monitoring programs.
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Implications

Analyzing DOM using LC−MS/MS methods remains
challenging, and current methodologies are only beginning to
address the complexity of these highly heterogeneous sample
types. Standardizing the analytical workflow, including
extraction, sample analysis, instrument parameters, and ideally
the use of shared quality control samples, is essential for
reliable interlaboratory comparison. Multivariate analysis
provides a viable framework for comparing DOM data across
laboratories, particularly when focusing on the most abundant
features or highly distinctive sample characteristics.
Across laboratories, we found that different sample types

could be distinguished; however, the specific features
responsible for this separation were not conserved when data
sets were aligned using current methods. The overlap of shared
features improved substantially when the aligned data set was
restricted to high-intensity features. Furthermore, when
features were merged according to their chemical identity,
interlaboratory overlap in the key features driving sample
distinction increased markedly.
Despite these improvements, the generally low overlap in

features, especially before merging by chemical identity,
indicates that optimized workflows for the meta-analysis of
diverse sample sets are still needed, even when similar
instrumentation and standardized protocols are used. In
addition to establishing standardized protocols, efficient
alignment, normalization, and emerging retention time and
batch correction tools could further improve the comparability
of LC−MS/MS data between different experiments, labo-
ratories, and instrument platforms. This especially becomes
crucial when global surveys or time series should be compared,
with data originating from multiple laboratories and consortia
(e.g., TREC, GEOTRACES, and BioGeoSCAPES53,54).
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