N

N

Sensitivity shift of the meta-metabolome and
photosynthesis to the chemical stress in periphyton
between months along one year and a half period: Case
study of a terbuthylazine exposure
Arthur Medina, Mélissa Eon, Nicolas Mazzella, Chloé Bonnineau, Débora

Millan-Navarro, Aurélie Moreira, Soizic Morin, Nicolas Creusot

» To cite this version:

Arthur Medina, Mélissa Eon, Nicolas Mazzella, Chloé Bonnineau, Débora Millan-Navarro, et al..
Sensitivity shift of the meta-metabolome and photosynthesis to the chemical stress in periphyton
between months along one year and a half period: Case study of a terbuthylazine exposure. Science
of the Total Environment, 2024, 957, pp.177681. 10.1016/j.scitotenv.2024.177681 . hal-04801315

HAL Id: hal-04801315
https://hal.science/hal-04801315v1

Submitted on 26 Nov 2024

HAL is a multi-disciplinary open access L’archive ouverte pluridisciplinaire HAL, est
archive for the deposit and dissemination of sci- destinée au dépot et a la diffusion de documents
entific research documents, whether they are pub- scientifiques de niveau recherche, publiés ou non,
lished or not. The documents may come from émanant des établissements d’enseignement et de
teaching and research institutions in France or recherche frangais ou étrangers, des laboratoires
abroad, or from public or private research centers. publics ou privés.

Distributed under a Creative Commons Attribution 4.0 International License


https://hal.science/hal-04801315v1
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://hal.archives-ouvertes.fr

Science of the Total Environment 957 (2024) 177681

Contents lists available at ScienceDirect

Science orre
Total Environment

Science of the Total Environment

journal homepage: www.elsevier.com/locate/scitotenv

ELSEVIER

Check for

Sensitivity shift of the meta-metabolome and photosynthesis to the e
chemical stress in periphyton between months along one year and a half
period: Case study of a terbuthylazine exposure

Arthur Medina®, Melissa Eon *", Nicolas Mazzella *", Chloé Bonnineau?,
Débora Millan-Navarro?, Aurelie Moreira ", Soizic Morin®, Nicolas Creusot

a,b,""

& INRAE Nouvelle-Aquitaine Bordeaux, UR EABX, 50 avenue de Verdun, Cestas 33612, France
b Plateforme Bordeaux Metabolome, F-33140 Villenave d’Ornon, France

HIGHLIGHTS GRAPHICAL ABSTRACT

e Periphyton = meta-metabolome  and
photosynthesis sensitivity to terbuthy-

. R e e ) f w
lazine was assessed monthly in distinct L sampiingJ——{_Exposurean) | [Cessistments ]
sampling periods | e (0.3-3pg LYy - Photosynthetic yield
PRI er ¥
e Sensitivity benchmark-doses threshold m month Meta:Metabolomics 56 _C Targeted
Meta-Metabolomics 7u%iC)
were determined and compared for both ns| nm | & ) ki
biological parameters se"shi-‘::")‘ ‘f& Molecular/biochemical mechanisms
: shi
PRI . o [ Untz ted dataset | [ Targeted dataset |
o Strong molecular sensitivity shift versus TN e G crocten datase
. . e . S Chemical Oxylipins  Photosynthetic
low physiological sensitivity shift were e (Annotated metabolites class) pigments
otosynthetic yiel Meta-metabolome
noted dose-response fingerprint A < - Q&i = i 1
e \ 1, -
. . . . . - . LL I I | e
o Contribution of putative metabolites Agoregated. . ' ] * 1. r. b
_metameinolome
classes differed, suggesting potential

different toxicity pathways of the
herbicide

o Oxylipins were modulated at all months
and correlated with photosynthesis

ARTICLE INFO

Editor: Sergi Sabater

Keywords:

Untargeted meta-metabolomics
Microbial ecotoxicology
Sensitivity shift

Herbicide

Annual longitudinal study

* Corresponding author.

versus
. Photosynthetic yield

Correlation ?

Annotation

N

ABSTRACT

Despite the knowledge of the effects of contaminants on periphyton, information is limited about their natural
fluctuations in sensitivity to chemical stress between various months. In particular, the molecular and
biochemical mechanisms associated with sensitivity of photosynthesis and its fluctuations remain poorly
described. To tackle this lack of knowledge, meta-metabolomics offers a comprehensive picture of the sensitive
molecular response preceding the physiological impact. This study aimed to describe changes in the sensitivity of
periphyton to chemical stress at different months over one year and a half period, at both the physiological and
molecular levels by measuring photosynthetic yield and meta-metabolome responses (targeted and untargeted
approaches). Periphyton was colonized for four weeks and then exposed to a range of terbuthylazine concen-
trations (0.3-30 pg L™') under controlled conditions for 4 h. Sensitivity was assessed by determining the
benchmark doses for the meta-metabolome and photosynthesis, along with the cumulative distribution of
aggregated metabolomics signals. The results showed a strong sensitivity shift in the meta-metabolome compared
to a smaller shift in photosynthetic yield at different months. This study also confirmed the high sensitivity of the
meta-metabolome, as most signals responded before photosynthesis. The annotation highlighted the discrep-
ancies in the molecular response to TBA between the months in terms of metabolite classes (e.g. amino acids,
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alkaloids, and lipids), their sensitivity, and trends in common classes across months, and correlation to photo-
synthesis inhibition, notably oxylipins. Overall, this study highlights that the molecular response of the
periphyton to chemical stress, and thus toxicity pathways, may differ between the months but can still lead to

similar physiological responses.

1. Introduction

Agriculture contributes to aquatic chemical pollution by releasing
xenobiotics, especially organic herbicides. These chemicals are sus-
pected to affect non-target aquatic organisms in addition to the target
species (Beketov et al., 2013; Schreiner et al., 2016; Vonk and Kraak,
2020). For instance, certain herbicides can impair the photosynthetic
activity of microbial primary producers, potentially risking ecological
functions and services. Photosynthesis is an essential physiological
function that ensures the growth of phototrophs and sustainability of the
food web (Bonnineau et al., 2020).

Microbial communities are increasingly used in ecotoxicological
studies to enhance ecological impact assessment and evaluate such po-
tential ecological impairment (Pesce et al., 2018; Guasch et al., 2016;
Tlili et al., 2010). Freshwater microbial periphytic communities
(periphyton) are ubiquitous complex assemblages of microorganisms
that settle on inorganic substrates (e.g. rocks). They are composed of
eukaryotic (e.g. microalgae, fungi, and protozoa) and prokaryotic (e.g.
bacteria, viruses, and cyanobacteria) microorganisms (Watnick and
Kolter, 2000). These organisms exert various nutritional strategies (i.e.
autotrophy, heterotrophy, and mixotrophy) and provide different key
ecosystem functions (i.e. biogeochemical cycles, overall detoxification,
and biomass production) in aquatic ecosystems (Morin and Artigas,
2023; Bonnineau et al., 2020; Beronius et al., 2020; Battin et al., 2016).
Diatoms, cyanobacteria, and green algae dominate the autotrophic
periphyton composition and support the food web as major primary
producers directly associated with their photosynthetic activities,
ensuring the growth and production of energy-rich molecules (Gomes
and Juneau, 2017; Herlory, 2005).

Clear evidence exists regarding the ability of several organic herbi-
cides to impair the metabolism, cell growth, and photosynthetic activity
of freshwater periphyton (Smedbol et al., 2018; Chaumet et al., 2020;
Tlili et al., 2008). For example, the herbicide triazine family (photo-
system II (PSII) inhibitor) can impair PSII electron flux by binding to
serine in the Hill reaction complex (D1 protein) and inducing an increase
in oxidative species due to the accumulation of harvested and untrans-
formed light energy. Oxidative stress accumulation induces the peroxi-
dation of different compounds, such as lipids and pigments (Asada,
2006; Battaglino et al., 2021; Wang et al., 2022). Proia et al. (2013) also
reported an inhibitory effect from triazine herbicides (i.e. atrazine,
simazine, terbuthylazine) at environmental concentrations on photo-
synthetic yield and photo-pigments (chlorophyll a density, pg cm™2).
Even though photosynthetic activity measurements (e.g. photosynthetic
yield) are relevant descriptors for assessing the potential impairment of
photosynthetic function in phototrophic biofilms, knowledge about the
natural fluctuation on its sensitivity to chemical stress lacks. This limits
the interpretation of these descriptors, and that is also a general state-
ment for multiple other descriptors (e.g. antioxidant and extracellular
enzymatic activities) (Sabater et al., 2016). In particular, the underlying
molecular and biochemical mechanisms associated with the alteration
of photosynthetic function at the community level and involved in the
fluctuation of its sensitivity remain unclear (Creusot et al., 2022).

Omics enables the direct assessment of molecular responses at the
community level to elucidate such mechanisms. The use of liquid
chromatography-high-resolution mass spectrometry (LC/HRMS-MS)-
based untargeted metabolomics is particularly relevant because it can
simultaneously assess the internal chemical exposome and the associ-
ated molecular phenotype (endometabolome) (Creusot et al., 2022;
Gauthier et al., 2020). Several studies have demonstrated that

metabolites can be used as early and sensitive descriptors of response to
toxicants in various organisms (Delignette-Muller et al., 2023; Bedia,
2022; Li et al.,, 2018). As such, metabolomics applied to microbial
communities (i.e. meta-metabolomics) combined with other microbial
descriptors (i.e. photosynthesis, structure, and function) at the com-
munity level would fill the knowledge gap regarding the relationship
between exposure and potential impairment of community homeostasis
(Colas et al., 2023; Creusot et al., 2022; Gil Solsona et al., 2021).
However, elucidating such mechanisms can be challenging because
current metabolite databases enable only the annotation of a small
portion of the detected metabolites (Dias et al., 2016). Recent studies
have partly addressed this issue by annotating metabolites at the class
level (ClassyFire, Natural Compounds Classifier ontologies), which en-
ables preliminary assumptions about the modulated biochemical path-
ways (Kim et al., 2021; Djoumbou Feunang et al., 2016). Moreover,
there is evidence for the relevance of aggregated omics responses in
providing a comprehensive picture of the molecular/biochemical
response to chemical stress (Larras et al., 2018, 2020). These approaches
further support the prioritisation of the signals for their annotation or
classification as potential defence vs damage responses according to
their trends (i.e. mono/biphasic) and threshold level responses (i.e. the
benchmark dose) (Colas et al., 2023; EFSA Scientific Committee, 2017;
Creusot et al., 2022).

In this context, the aims of this study were to describe the variation in
the meta-metabolome and photosynthesis sensitivity of periphyton
collected at different months and exposed to a model herbicide, and
further highlight the metabolites classes related to these responses,
especially those potentially involved in the photosynthesis modulation
by this herbicide. According to the literature, it was hypothesized that
periphyton sensitivity to chemical pressure would fluctuate between
different months because of changes in environmental parameters and
community composition variation (Tien et al., 2013). In addition, the
meta-metabolome response was expected to be more sensitive to ter-
buthylazine exposure than photosynthesis, as it happens at the molec-
ular level. This characterisation would further help to better understand
the relationship between the meta-metabolome and the photosynthetic
response to chemical stress and further obtain biochemical insights into
the impairment of photosynthesis.

In particular, PSII inhibition could potentially lead to changes in
pigment concentration, such as chlorophyll and carotenoid content
within the photosystem. Periphytic communities were sampled monthly
during one year and a half and exposed for 4 h to a concentration range
of the model herbicide terbuthylazine (TBA) (Canero et al., 2011).
Following exposure, meta-metabolome and photosynthesis sensitivities
were assessed through untargeted/targeted metabolomics and photo-
synthetic yield measurements and compared through the determination
of benchmark dose responses. In particular, an untargeted approach was
implemented to obtain a comprehensive picture of the meta-
metabolome response and provide insight about the metabolites clas-
ses involved in the effects of TBA on periphyton. Additionally, targeted
analyses were performed to identify the photosynthetic pigments and
lipids that respond to TBA exposure to induce oxidative stress because
TBA targets PSII plastoquinone B.

2. Materials and methods
Owing to the sheer amount of data and information, supporting in-

formation is provided in the form of a Word document containing
additional details and supplementary Figures and Excel sheets
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containing additional data. These are referred to as “SI manuscript” and
“SI tabular”, respectively, throughout the main manuscript.

2.1. Chemicals, reagents, and stock solution

Terbuthylazine (CAS N°5915-41-3) was purchased at Dr. Ehren-
storfer (purity: 98.69 %, France) and prepared in acetonitrile (ACN,
ULC/MS grade, Biosolve, France) to obtain a stock solution of 8 g L™}
stored at —20 °C. The extraction solvents used were ultrapure water
(UPW), methyl-tert-butyl ether, and methanol (ULC/MS grade, Bio-
solve). ultra-high-performance liquid chromatography (UHPLC) grade
eluents were prepared using ACN, water (ULC/MS grade), isopropanol
(ULC/MS grade), formic acid (FA, purity: 99 %), and ammonium
formate (AF, powder, purity: 99 %), all purchased from Biosolve.

Mixtures of analytical grade standards (1 mg L™ concentration) used
for targeted analysis were: i) mixtures of phytoplankton pigments (PPS-
MIX-1 127, HPLC grade, DHI group) and ii) oxylipins standard 9(S)-
HOTTE (9S-hydroxy-10E,12Z,15Z-octadecatrienoic acid, Cayman chem,
France; CAS: 89886-42-0, purity >98 %), 9-HODE ((+)-9-hydroxy-
10E,12Z-octadecadienoic acid (Cayman chem, France; CAS: 98524-19-
7, purity>98 %) and 12(S)-HETE (12S-hydroxy-5Z,8Z,10E,14Z-ecosa-
tetraenoic acid, Cayman chem, France; CAS: 54397-83-0, purity >95 %).

2.2. Field sampling and laboratory exposure

In the present study, periphyton was sampled for eight months over a
period of 12 months from April 2022 to April 2023. Owing to extreme
weather events, the pound was dry from September to November 2022
and sampling in August (2023) was repeated. Each month, glass slides
(L: 76 mm- l: 26 mm) were colonized by periphyton for four weeks in the
hypereutrophic Gazinet-Cestas pond (South West France, geographical
coordinates 44°46'30.1"N, 0°41'44.3"W, Fig. S1) (Neury-Ormanni,
2021). Following the sampling, periphyton was acclimatised for 16 h in
an indoor aquarium filled with filtrated pond water (45 pm) under
controlled temperature (set temperature = colonization period mean
temperature) and light (LED JBL SOLAR NATUR, 200+ pM S™! m~2,
6300 Im, daylight white spectrum) using a 12 h alternated photoperiod
(light phase 8 A.M-8 P.M). The incident light intensity on the slides was
measured using a light meter (LI-COR Li-250, USA). Meteorological
conditions for April 2022 and April 2023 are provided in SI Tabular
Sheet 1. In addition, the algal group composition (cyanobacteria, green
algae, diatoms) in the pound periphyton was estimated based on chlo-
rophyll fluorescence at specific wavelengths (green 470 nm, blue 645
nm, brown 470 nm, and 520 nm) (Schmitt-Jansen and Altenburger,
2005), using PhytoPAM instrument (see Section 2.3 for details). Data are
provided in SI Tabular Sheet 1.

The periphyton was then exposed to a serial dilution of terbuthyla-
zine (TBA) (0, 0.3, 1, 3, 10, 30 pg LY in 500 mL glass beakers (five
replicates per concentration) for 4 h under the same conditions. The TBA
concentration range was selected according to the scientific literature to
encompass both environmentally relevant concentrations and algal
ECsos (Finizio et al., 2022; Vonk and Kraak, 2020; Proia et al., 2013).
TBA was resuspended in ACN and the exposure volume was 300 mL with
a final ACN concentration of 0.05 % under all conditions. The experi-
mental conditions (herbicide concentration gradient, periphyton sus-
pension volume, exposure period, and ACN concentration) were
optimised prior to the study to ensure measurement comparability (data
not shown). In particular 0.05 % of ACN was defined in accordance with
previous experiments in our laboratory (Chaumet et al. and Ornany
et al., unpublished data; Creusot et al., 2022), the ACN control con-
centration used for meta-metabolome and photosynthesis was below the
0.25 % concentration where no effect was observed on periphyton. For
safety, and due to the absence of a water control, the ACN concentration
was set five times lower than the no observed effect concentration. The
exposure solution was transferred to each beaker for equilibration for 2
h before randomly adding six glass slides to each beaker for 4 h.
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Following exposure, one glass slide was collected from each beaker for
the measurement of photosynthetic activity (see Section 2.3), while the
five others were pooled and used for metabolomics analyses (see Section
2.4). The sampling measurement methodology and analytical strategy
are summarised as a workflow in Fig. S2.

2.3. Measurement and data analysis of the photosynthetic activity

Inhibition of photosynthetic activity by TBA was assessed by
measuring the photosynthetic yield, which determines the physiological
state of autotrophic organisms (Chaumet et al., 2020; Morin et al.,
2018). This was performed using a PHYTO-PAM fluorimeter (Pulse-
Amplitude Modulated) (Heinz Walz, GmbH, Germany) equipped with an
emitter-detector unit (PHYTO-ED). This instrument quantifies the rela-
tionship between the photosystem photonic energy conversion effi-
ciency and chlorophyll fluorescence quenching (Corcoll et al., 2012).
Periphyton was scraped from one glass slide (39.52 cm?) using a
toothbrush and suspended in 9 mL of their respective exposure water
(4.39 cm®> mL™Y) immediately after sampling. Then, 3 mL of suspension
of each sample replicate per exposure condition was added to 1 cm wide
3 mL quartz cuvettes, and photosynthetic yield was assessed during a
saturating light pulse after 3 min of light adaptation; five measurements
remained (15-20 s between each saturating pulse).

Data acquired from the PHYTO-PAM were processed and analysed
using R studio software (v4.2.3, Posit software PBC, 2023).

Firstly, a statistical comparison of yield measurement between the
concentrations (control vs exposed) for each month were performed
using non-parametric univariate Kruskal-Wallis tests (p-value <0.05
accepting alternate hypothesis). Tests were coupled with Dunn post hoc
test adjustment (p-adjust = 0.05), false discovery rate test (FDR, Benja-
min-Hochberg test summarised in SI Tabular Sheet 2). The test was
selected based on effective size and the non-fulfilment of normal data
distribution for some months (visual confirmation by density plot and
QQ plot, Shapiro test p-value > 0.05).

Secondly, dose-response curve models were adjusted for the photo-
synthetic yield response of samples exposed to a gradient of TBA to
obtain toxicity threshold values for each month. The photosynthetic
yield-dose responses to the TBA curves were modelled after log-2
transformation of the data using the DRomics 2.5-0 tool (Shiny
version, https://lbbe.univ-lyonl.fr/fr/dromics, Larras et al., 2018). The
model’s benchmark dose (BMD;gp) was determined, enabling further
comparison with the meta-metabolome response. Quadratic dose re-
sponses were fitted to the experimental data according to five models of
regression (linear, exponential, Hill, Gauss-probit, and log-Gauss-probit)
and classified as monophasic (increase or decrease) or biphasic (bell and
U-shape) (see SI manuscript Section 1.3.1). BMD;gp values were then
determined using the formula ‘BMR-zSD = y0 + z*SD’, where yO is the
mean control response, SD is the residual standard deviation of the
considered concentration-response model, and z is the factor of SD (z
fixed at 1 by default) (EFSA Scientific Committee et al., 2009, 2017).
Next, BMD;sp confidence interval (CI) (confidence threshold set at 0.99)
was calculated using non-parametric approach on model residuals, using
an ANOVA-like test with 10,000 iterations and p-value acceptance set at
p < 0.01 (see SI Tabular Sheet 3). Bootstrap CI and the number of iter-
ations were chosen based on the number of replicates per condition (n =
4 or 5) and a recent recommendation for parametric estimator deter-
mination. BMD;gp is a statistically significant toxicity threshold, which
indicates that the lowest concentration induces a significant change
compared to the control (i.e. solvent control). In addition, the method
used to calculate the CI makes it a reliable and robust discriminatory
indicator (>0.005 % error rate) (Larras et al., 2018). Significant differ-
ences in photosynthetic sensitivity between months were determined by
comparing the CIs of BMD;gp, with non-overlapping CIs indicating sig-
nificant differences between BMD1gp.
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2.4. Untargeted and targeted meta-metabolomics

2.4.1. Quenching and sample preparation

Following 4 h of exposure, five glass slides from each of the five
replicate beakers were wrapped in aluminium foil and immediately
quenched in liquid nitrogen (—196 °C) and stored at —80 °C prior to
freeze drying and further extraction.

Freeze drying was performed for 24-48 h with a gravimetric control.
Then, periphyton was scrapped from the five glass slides for each
replicate with a razor blade, pooled in aluminium foil, and stored at
—80 °C prior the extraction. Metabolites were extracted according to the
liquid/solid and liquid/liquid biphasic methods described by Mazzella
et al. (2023). Briefly, a mean of 9.2 mg (+ 0.1 SE) of dried biomass was
added to 2 mL microtubes containing 150 mg microbeads (0.5 mm
diameter). Extraction was performed by the sequential use of a mixture
of (1) methyl-tert-butyl-ether and methanol (MTBE-MeOH, ratio 3:1, v:
v) and ultrapure water and methanol (UPW-MeOH, ratio 3:1, v:v), which
enabled the separation and further collection of hydrophilic metabolites
(aqueous phase) and lipophilic metabolites (MTBE phase) (see SI
manuscript Section 1.4.1). Following the extraction, 500 pL of each
phase were dried independently using a rotary evaporator (Speed-VAC
SPD121P, Thermo Fisher) at 30 °C and 1 mbar for 1 h using aqueous vs
organic mode until a few drops remained before resuspension in 100 pL
of UPLC grade H,0-ACN (50:50, v:v) for the hydrophilic fraction and in
100 pL of UPLC grade ACN-Isopropanol (50:50, v:v) for the lipophilic
fraction. Both fractions were centrifuged prior to injection (5 min at
3500 rpm) to pellet the particles and avoid blocking the UPLC system.

2.4.2. UPLC-HRMS/MS analyses

Untargeted and targeted meta-metabolomics analyses were per-
formed on hydrophilic and lipophilic fractions, respectively. This was
performed using UHPLC combined with a time-of-flight (TOF) HRMS
system (UHPLC-HClass-Xevo G2-S ToF, Waters) as described by Tison-
Rosebery et al. (2023). Briefly, 10 pL of each fraction (hydrophilic and
lipophilic) were injected and separated on a reverse-phase ACQUITY
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HSST3 RP-C18 column (150 x 2.1 mm x 1.7 pM, Waters) as reported in
the SI manuscript (Section 1.4.2). The samples were ionised for both
untargeted and targeted analyses using an electrospray ionisation (ESI)
source operated in the positive (POS) and negative (NEG) modes with
MSE acquisition, according to the parameters detailed in Table S4.
Quality control for the UPLC-TOF analyses is described in the SI
manuscript (Section 1.4.3). A mixture of analytical standards of oxilipins
and photosynthetic pigments was injected at 1 mg L™} concentration
prior to the samples for targeted analysis of the lipophilic fraction to
determine the retention time and fragmentation pattern.

Further analyses were performed on a UHPLC Vanquish coupled to a
Q-Exactive Plus mass spectrometer equipped with a heated electrospray
ionisation (HESI-II) probe (Q-Exative+, Thermo Fisher Scientific, San
Jose, CA) to obtain more accurate MS/MS spectra because of the low
match of the TOF-MSE spectrum with MS/MS databases (e.g. MONA,
MASS-BANK, and HMDB). Thus, the hydrophilic fraction samples were
analysed using parallel reaction monitoring (PRM) acquisition to focus
the annotation on the most relevant features from the chemometric
analysis of the TOF data (see Sections 2.4.3 and 2.4.4). An inclusion list
of 100 features was defined for each month and polarity (see Section
2.4.4). Each list was further divided into 50 features to improve PRM
acquisition with closely related compounds (m/z and Rt). The chro-
matographic conditions were the same as those used for the TOF system
to maximise the matching of the mass spectrometry dataset. The QEx +
acquisition parameters in POS and NEG modes are listed in Table S5.

2.4.3. Data processing

The data processing pipeline is illustrated in Fig. 1. All software
parameters are described in detail in the SI manuscript (Sections
1.4.4-1.4.10). The POS and NEG untargeted metabolomics datasets
were processed into two distinct datasets for every month. They were
subjected to the same parameters in different analytical steps until
annotation and subsequent aggregation.

Briefly, untargeted metabolomics data from the hydrophilic fraction
analysis on UPLC-TOF were processed in Workflow4Metabolomics

Metabolomics samples

Photosynthetic yield

Untargeted metabolomics samples
Hydrophilic fraction

Targeted metabolomics samples
Lipophilic fraction

D Romics

TOF acquisition

TOF acquisition

I DRomics I
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r 1
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Fig. 1. Data analysis pipeline.
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(W4M, Giacomoni et al., 2014) as previously described by Creusot et al.
(2022). The parameters of preprocessing and further filtration are
summarised in Section 1.4.4. Owing to the large amount of data, which
was higher than that permitted on the Galaxy, each month was pro-
cessed independently. Feature intensities were normalised to their
respective dry weights to ensure comparability of the detected signals
(number and intensity).

Data from the UPLC-QEx analysis of the hydrophilic groups were
processed following the methodology described by Tison-Rosebery et al.
(2023). Briefly, raw data were processed using MS-Dial (v4.9.3, Tsu-
gawa et al., 2015) and annotated using the MS-Finder (v3.60, Tsugawa
et al., 2016) and SIRIUS 5 (Diihrkop et al., 2019) tools. Methodologies
are detailed below in 2.4.5 and software parameters are summarised in
SI manuscript Sections 1.4.7-1.4.10.

2.4.4. Chemometrics pipeline for hydrophilic untargeted dataset

The TOF feature lists were first analysed using MetaboAnalyst (v5.0,
https://www.metaboanalyst.ca/; Xia et al., 2009). Interquartile range
(IQR) filtration was performed for lists with >5000 features prior to data
analysis. All datasets then underwent sample median normalisation,
data cube root transformation, and data Pareto scaling, in accordance
with Nyamundanda et al. (2010). Partial least squares discriminant
analysis (PLS-DA) was performed on all datasets to evaluate general
tendencies in and between sample group conditions (e.g. dose-response
tendency).

The transformed data were analysed using the DRomics R package to
assess the whole dose response (v2.5.0, Larras et al., 2018). For each
metabolomic signal, a trend (increase, decrease, U-shape, bell) and a
unique BMD;gp, were determined by fitting with quadratic regression,
following Larras et al. (2018) (SI manuscript Section 1.3.5). Overall
metabolome fluctuations and sensitivity to nominal contaminant con-
centrations were summarised using an empirical cumulative distribution
function (ECDF) representation and previously selected signals. These
ECDF distributions and their BMD;gp Cls (bootstrap sampling number
set at 1000 with 0.95 confidence interval) were statistically compared.
This comparison was performed using a linear model for each ECDF
(formula = log10 (BMD) — months). The least squares mean of the linear
model was used to predict the marginal mean of each month to estimate
the linear combinations of the model parameters. Then using pairwise
test and Tukey adjustment (o = 0.05), the marginal mean and the
standard error computed were statistically compared (see SI Tabular
Sheet 4).

The two most discriminated samples (control vs highest concentra-
tion) were compared to highlight the responses of the metabolomics
signals that did not present a quadratic dose-response trend. Firstly,
univariate analysis-based volcano plots were used to identify significant
differences in feature intensity (fold-change threshold = 2, Wilcoxon
Rank test, p < 0.05, with FDR correction). Multivariate orthogonal PLS-
DA (OPLS-DA) was then performed to identify the signals that contrib-
uted the most to the discrimination between the two conditions (i.e.
variable of importance (VIP)).

Finally, the most relevant features prioritised by each data analysis
encompassing DROMICS (signals following a quadratic trend with a
BMD;gp value), OPLS-DA (signals with a VIP score > 1), and volcano
plot analysis (significant signals, fold >1.25, p < 0.05 FDR) were
grouped into suspect lists (i.e. one per polarity for each month) (Fig. 1
and SI Tabular Sheet 5).

2.4.5. Feature and metabolite classes annotation

Annotation of the features and their classes was performed by
combining the MS-DIAL (v4.9.2; Tsugawa et al., 2015), MS-CleanR (R
package v1.0, Fraisier-Vannier et al., 2020), MS-Finder (v3.6.0; Tsu-
gawa et al., 2015), and SIRIUS 5 (v5.8.3; Diihrkop et al., 2019) software
packages, as described by Tison-Rosebery et al. (2023). Data processing
and software settings are detailed in SI manuscript Sections 1.3.6-1.3.9.
Overall, MS-FINDER and SIRIUS 5 enabled the investigation of several
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structural and spectral databases (PubChem, KEGG, HMDB, and CO-
CONUT) based on the MS2 spectra. In particular, CANOPUS (Kim et al.,
2021) in SIRIUS 5 provided a means to classify features according to the
ClassyFire and Natural Compounds Classifier ontologies (Kim et al.,
2021; Djoumbou Feunang et al., 2016). Due to low matches between our
MS2 spectra and existing databases or predicted spectra or fingerprints
and overall low-level confidence, annotation was performed at the
metabolite class level using NPC ontology (SI Tabular Sheet 6). The
specific number of annotated metabolite classes is summarised in SI
Tabular Sheet 5, whereas the global proportion and the percentages of
each class per month are summarised in SI Tabular Sheet 7.

Following annotation, the chemical landscapes of the TOF dataset
(aggregated hydrophilic fractions, POS and NEG) were represented for
each month using a circular histogram (R package ggplot2 v3.4.3) based
on the VIP score (common to all filtered data). In addition, using a
DRomics interpreter (Delignette-Muller et al., 2023; Larras et al., 2020,
see SI manuscript Section 2.3 for details), annotated TOF datasets were
plotted as cumulative sensitivity and trends.

An additional acquisition was performed using a UPLC-Qex + in-
strument to enhance the confidence level of structural identification (see
SI manuscript, Section 1.3.2). Qex + data were processed as described in
SI manuscript, Sections 1.3.6-1.3.9. Putatively annotated compounds
were categorised in Levels 2b and 3 confidence ratings based on the
Schymanski et al. (2014) guidelines (MS2 library spectrum or in silico
predicted MS2 match) and summarised in SI Tabular Sheet 8.

2.4.6. Targeted metabolomics data processing and statistics

Targeted metabolomics datasets from lipophilic fraction analyses
were processed using Skyline software (v23.1, https://skyline.ms/,
Henderson et al., 2018; MacLean et al., 2010). The software parameters
are detailed in SI manuscript Section 1.3.4. The main peak intensity and
area under the curve were exported for further analysis. Statistical
comparisons were performed between the exposure conditions specific
for each month (April 2022 and April 2023) using non-parametric tests
due to non-compliance with normality (visual confirmation and Shapiro-
Wilk test) and a low number of replicates (n < 30). Non-parametric
univariate Kruskal-Wallis tests (p-value <0.05 accepting alternate hy-
pothesis) with Dunn post hoc test correction (p-adjust <0.05) were
performed to statistically differentiate metabolite intensity between
TBA exposure at each month (SI Tabular Sheet 9).

2.5. Meta-metabolomics vs photosynthetic yield datasets

Firstly, the sensitivities of the metabolome and photosynthesis to
TBA were compared using the photosynthetic yield BMD;gp as a
threshold value to interpret the whole metabolome sensitivity distri-
bution. Then, in the suspect list, annotated compounds common to
different months were compared and discriminate by their individual
BMD;gp and CI values. In addition, Kruskal-Wallis tests followed by
Dunn’s post hoc tests (p-value <0.05, p- adjust <0.05, FDR test) were
performed, as described in Section 2.3, to compare the months for each
common putative metabolite (see SI Tabular Sheet 10).

A correlation matrix was determined using the Pearson correlation
coefficient and all acquired metabolomics (targeted and untargeted)
data (stats package R v4.2.3, cor() function, Becker et al., 1988) to
highlight the putative metabolite classes and annotated and unanno-
tated metabolites potentially involved in the photosynthetic yield
response. Metabolite correlation values >0.45 or < —0.45 threshold
were kept based on Toubiana and Maruenda (2021) guidelines and
prioritised metabolite results (see SI Tabular Sheet 11).

Linear modelling (single and multiple) was performed to strengthen
the correlation between the common prioritised metabolites and the
photosynthetic response (p-value <0.05, F-value > F-critical value, dot
distribution between [—2,2], SI Tabular Sheet 12).


https://www.metaboanalyst.ca/;
https://skyline.ms/
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2.6. Quality assurance and quality control

Prior to exposure, glass beakers, iron racks and glass slides were
flushed with water and ethanol, then heated to 450 °C for 8 h to elim-
inate residual contamination.

The effective exposure concentrations were measured using UPLC-
TOF HRMS. TBA concentrations were calculated based on external
calibration by using peak area value and compared to a standard con-
centration range of TBA from 1 pg L™! to 0.3 mg L1, The results are
presented in SI Tabular Sheet 13 and show similar concentrations be-
tween months.

The coefficient of variation (CV) of the number of signals per month
was calculated (standard deviation/mean) on an untargeted metab-
olomics dataset at each analytical step to assess the variability and
consistency of the data along the analytical pipeline between months
(Lee et al., 2019). The aim of this indicator was to identify the loss of
information between the different datasets processed and analysed
individually.

3. Results
3.1. Photosynthetic yield response

TBA significantly inhibited the photosynthetic yield of periphyton
following 4 h of the highest concentration (see SI Tabular Sheet 2 for
pairwise test results of the control vs other conditions). The intensity of
inhibition, expressed as a proportion of the control condition, ranged
from approximately 42 to 72 % of that of the control response. BMD;gp
was determined from dose-response quadratic modelling (Fig. S3) and
plotted in Fig. 2 to highlight changes in the sensitivity of photosynthetic
yield throughout the year.

BMD;sp values results fluctuated from 0.55 + [0.12; 3.17] for the
most sensitive communities in April 2023, to 10.61 + [4.73; 22.8] ug
L7! for less sensitive communities in August 2023. Three groups of
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microbial sensitivity to TBA were identified. The first group comprised
communities sampled in April 2022, July 2022 and August 2023 (Group
a, + [4.73; 22.8] pg L™1) with low sensitivity. The second group
comprised communities sampled in August 2022 and April 2023 (Group
b, & [0.12; 4.5] pg L) with higher sensitivity. Finally, the BMD;gp of
the microbial communities sampled on the other months were not sta-
tistically different from these two groups as shown by CI overlapping
(Group ab, + [0.64; 12.02] pg L~1) (SI Tabular Sheet 3). This shift in
photosynthetic yield sensitivity contrasts with the changes in periphyton
algal composition observed between April 2022 and August 2023 (SI
Tabular Sheet 1).

3.2. Signal dispersion along untargeted metabolomics pipeline

As there was a discrepancy in the number of signals per month of the
period between the ionisation modes and, in general, along the analyt-
ical pipeline, the CVs were calculated based on the number of signals per
month for each analytical approach. The CV was determined as a
quantitative indicator to measure the variability between months during
data analysis. The CV computed in SI Tabular Sheet 5 was separated by
polarity until aggregation. The CV value of the untargeted dataset
fluctuated between the different analytical steps, i.e. from 0.37 (POS)
and 0.61 (NEG) up to 1.2 after DRomics statistical analysis. With the
aggregation of both the POS and NEG datasets, the CV decreased to 0.89
post-annotation.

After data processing, 2332 to 9289 signals were detected in positive
mode (POS) and 382 to 13046 signals in negative mode (NEG).
Following manual data correction, the initial number of signals ranged
from 1599 to 5441 in POS and from 354 to 9055 in NEG, depending on
the month. The number of signals in the statistically prioritised dataset
for annotation ranged from 82 to 1567 between the months across the
period (representing 2 to 18 % of the original data, POS and NEG
combined).
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Fig. 2. BMD;gp value of the photosynthetic yield following terbuthylazine exposure. Results are represented as dot plot with upper and lower CI values (99 %
confidence score). Non-overlapping CI are considered statistically different. A summary of values and their statistical determinations are provided in SI Tabular

Sheet 3.
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3.3. Meta-metabolome aggregated response

At first, PLS-DA was performed for each month for both the POS and
NEG TOF untargeted datasets (hydrophilic fraction). For the sake of
readability, the PLS-DA score plots for April 2022 and February 2023 are
presented in Fig. 3, whereas those for the other months are presented in
Fig. S4.

PLS-DA revealed that the metabolomics fingerprints differed be-
tween the control and exposure conditions for all months. Discrimina-
tion underlined the difference between the control and all
concentrations, with the highest concentration being the most sepa-
rated. The exposure conditions were mainly distributed along the first
and second axes in a dose-response-like gradient. Here, the first
component axis explained between 13.2 and 23.3 % of the total
covariance (POS and NEG aggregated) associated with the chemical
stress, with a minimum of 9.7 up to 65.2 % reported in Fig. S4. The PLS-
DA showed a proper degree of fitting to the data for all months (R? >
0.64 in POS, > 0.74 in NEG). However, the relevance of the focal pre-
dictor in some cases (Q® > and < 0.4) was not homogeneous, indicating
model overfitting.

ECDF was plotted for each dataset to further investigate the dose-
dependent responses of the entire meta-metabolome (Fig. 4). The
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ECDF classification by trend is presented in Figs. S6 and S7.

Firstly, the number of signals identified using DRomics that
contributed to each month’s ECDF (i.e. following a quadratic regression
model, FDR <0.05, see SI Tabular Sheet 5) varied from 14 to 997 (POS)
and 1 to 611 (NEG) (Fig. 4). Secondly, the representation included only
metabolites that responded significantly to the concentration gradient
and exhibited a quadratic trend. Depending on the month, this remained
between 0.02 % and 27.4 % for the processed dataset. Thirdly, data from
April 2023 were excluded from the representation (Fig. 4), because the
entire distribution was a single line with a BMD;gp value of 7.07 pg L1

The entire metabolomics response for the POS dataset fluctuated
significantly between months. For instance, 50 % of the BMD;gp distri-
bution (black horizontal line) were reached before 0.3 pg L' in May
2022 and August 2022 whereas this threshold was around 10 pg L™! in
February 2023 and April 2023 (Fig. 4A). Similarly, seven of the nine
months showed that 50-75 % of the whole metabolome response
occurred below 2 g L™ of TBA exposure with the NEG dataset (Fig. 4B).
Further statistical analysis revealed that the distributions were signifi-
cantly different from one month to another (p < 0.005) for both POS and
NEG datasets (see SI Tabular Sheet 4).

Additionally, almost all the aggregated meta-metabolome ECDF re-
sponses (Fig. 4) and metabolite dose-response trends (Figs. S6 and S7)
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Fig. 3. Score plot of PLS-DA on untargeted meta-metabolomics dataset from April 2022 (A, POS, C, NEG) and February 2023 (B, POS; D, NEG). R? and Q2 at the
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showed three major distribution phase responses: (I) between 0.1 and 1 range; (III) over 8 pg L™}, the ECDF slope gets steeper (similarly to Phase

pg L1, the ECDF shows a steep slope indicating that an increasing D) illustrating an increase in the number of metabolites reaching their
number of metabolites reached BMD;gp in this concentration range; (II) BMD;sp value in this concentration range. Moreover, the highest dif-
between 3 and 8 pg L™}, the ECDF slope is less steep, indicating that ferences between the ECDF trends of the different months (with at least
fewer metabolites are reaching their BMD;gp value in this concentration 10 signals) were observed in the concentration range of 0.1-3 pg L ™",



A. Medina et al.

Within these phases (I, II, and III), the trends associated with the
BMD; gp values (increase, decrease, U-shaped curve (U), and bell-shaped
curve (bell)) differed between months (Fig. S5 and S6). Nevertheless, a
majority of months in both polarities had between 50 and 75 % of bell
shape curves and 70-100 % of U signals (biphasic trend) BMD;gp in the
0.1-1 pg L~! range of Phase I. Signals with decreasing trends (mono-
phasic trend) had heterogeneous distribution between months; howev-
er, all displayed graphical discontinuing distribution in Phase IL
Furthermore, except for May 2022 POS and March 2023, between 50
and 80 % of the signals with increasing monotonic trends were in Phase
III.

Further comparison of the meta-metabolome BMD;gp cumulative
distribution with BMD;gp of the photosynthetic yield (depicted as stars
in Fig. 4) revealed that >50 % of the metabolome already reacted before
the photosynthetic BMD;gp threshold was reached for seven of the nine
months in POS (Fig. 4A). Similarly, for NEG (Fig. 4B) dataset, except in
February 2023, all months had 60 % or more of the metabolome already
reacting before the photosynthetic BMD;gp threshold (Fig. 4B).

3.4. Chemical landscape of the metabolites modulated by the TBA

Overall, MS-Finder and SIRIUS 5 enabled only partial annotation of
the TOF datasets in both POS and NEG, with low confidence levels for
structural identification. Features with good confidence scores (i.e. MS-
finder Structure_score > 3, SIRIUS 5 COSMIC confidence score > 0.7)
represented <1 % of all the metabolites annotated. Thus, annotation was
considered at the metabolite class level according to the NPC (NPC
pathway probability >0.5). Therefore, between 1.8 (August 2022) and
81.7 % (July 2022) of signals in the suspect lists were annotated along
the different datasets (between 17 and 216 signals). The chemical
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landscapes of the prioritised significant features for each month are
shown in Fig. 5.

Chemical landscapes highlighted that the most represented classes
within the putatively annotated metabolites discriminating microbial
communities between control and exposed to TBA were alkaloids (37.7
% + 0.7, n = 9) and amino acids and peptides (35.7 % + 1.3, n = 9) for
all months (Fig. 4). When present, terpenoids and lipids represented
10.3 % (4= 0.4, n = 8) and 8.7 % (& 0.5, n = 8) of the metabolites while
carbohydrates were up to 10 % of the total landscape but absent in
August 2022 and 2023 (percentage classes per month in SI Tabular Sheet
7). Nevertheless, the contribution of each class varied between months
in terms of the VIP score and the number of features per class in the
chemical stress response. Based on the VIP score, alkaloids, amino acids,
and peptides were the most important classes for discriminating biofilms
exposed to TBA from controls. However, less represented metabolite
classes (< 6 %), like polyketides in August 2023 or carbohydrates in July
2022, still expressed high scores in their own landscape (top 15).

3.5. Sensitivity and trend response of responsive metabolite classes

The putatively annotated metabolite classes presented in the chem-
ical landscapes, followed by a quadratic trend in dose responses, are
presented in Fig. 6.

As depicted in Fig. 6A, the types of quadratic trends (decreasing,
increasing, bell, or U-shaped) along the TBA gradient followed by pu-
tative metabolites were highly variable across months and different
classes. No clear patterns were observed throughout the year. Never-
theless, the number of trends per class and across classes was homoge-
nous in the months with the highest number of metabolites. In the ECDF
depicted by month and trend (Fig. S7), putative metabolites with
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Fig. 5. Chemical landscape depicted as distribution of discriminating (VIP score > 1 between control communities and communities exposed to TBA) responsive
putatively annotated (NPC_pathway) metabolite chemical classes per month with TOF untargeted acquired data, POS and NEG dataset are aggregated (annotation
detail in SI Tabular Sheet 6). The numbers on the bottom left represent the significant metabolomics signals from the OPLS-DA analysis depicted in the circular
diagram for each month.
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Fig. 6. (A) Trend response of metabolite classes for each month. Illustration obtained by combining NPC_pathway annotation (TOF untargeted acquired data, POS
and NEG) and corresponding putative metabolite DRomics dose-response modelling dataset in DRomics interpreter shiny application (Delignette-Muller et al., 2023).
The size of the dot represents the number of quadratic signals along TBA gradient. (B) Sensitivity plot to TBA exposure distribution along the BMD;gp values (x-axis,
in ug L) of the different metabolite classes (y-axis) per month. Representation obtained by combining NPC_pathway annotation (TOF untargeted acquired data,
POS, and NEG) and mean BMD;5p value in DRomics interpreter shiny application. The size of the dot represents the number of quadratic signals along TBA gradient.

biphasic responses (U, bell) were more sensitive to TBA (low BMD;gp)
than putative metabolites with monotonic responses (Decreasing,
Increasing), with a few exceptions. These results were consistent with
the observations of the entire metabolome phases described in Fig. 4.
Following the aggregated responses of all the months BMD;sp values,
those associated with the biphasic trend distributed mostly below 2 pg
L~! (82.5 %). In contrast, those with a monophasic trend were mostly
higher than this concentration (64.3 %).

The sensitivity plot (Fig. 6B) reported the distribution of BMD;gp
values by metabolite class for each month. It highlights, in the same way
as Fig. 6A, that the shift in class sensitivity was more month-specific than

10

a clear response pattern to TBA. Thus, the sensitivity plot underlined
that for all classes, the mean BMD;gp were < 1 pg L lin January 2023
and > 8 ug L™! for February 2023. The metabolites most sensitive to TBA
were found within amino acids and peptides with BMD;gp ranging from
<0.01 to >10 pg L1, The second most sensitive metabolites were found
within the alkaloids, lipids, polyketides, and terpenoids with BMD;gp
ranging from ~0.1 to >10 pg L1, The metabolites less sensitive were
found within the carbohydrates, shikimates and phenylpropanoids with
BMD1SD ranging from 0.8 to >10 pg L.

Pools of samples (one per month) were injected into a UPLC-Qex +
system with an inclusion list corresponding to the prioritised signals
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from the TOF datasets to improve the annotation confidence level (see
Section 2.4.4). Among putatively annotated metabolites, a few matched
the metabolite MS2 spectrum in silico MS/MS (i.e. 13-HOTE, Laurenol,
Cyclizidine G, N(6)-(Octanoyl)lysine, and Fusapyrone) (L3 annotated
level) (SI Tabular Sheet 8). In addition, slight overlap was observed in
annotated metabolites (Qex + data) between months. Indeed, only eight
metabolites with quadratic dose responses were found over several
months (ie. April 2022, May 2022, or February 2023) (Table 1).

Among the eight annotated metabolites, five were lipids (octadeca-
dienoic acid, lactones, and carotenoids), two were alkaloids (macrolides
and nitrosopiperidine), and one was a terpenoid (sesquiterpenoid).
Except for salinixanthin, all the other compounds exhibited a decreasing
trend in response to TBA. Comparison of annotated metabolites sensi-
tivity based the BMD;gp values (CI value, 95 % confidence) and pairwise
comparison of the dose response (Kruskal-Wallis-Dunn tests, p-value
<0.05 and p-adjust <0.05, SI Tabular Sheet 10) showed significant
variation for certain months (Table 1).

3.6. Target analyses of lipophilic fraction

According to our hypothesis on oxidative stress induced by TBA,
targeted metabolomics analysis was performed on the lipophilic frac-
tion, focusing on photosynthetic pigments (i.e. chlorophyll, carotenoid,
xanthophyll, and chlorophyllide), glycerol-phospholipids, and oxylipins
(i.e. HODE, HETE, and HOTrE) in the samples collected in April 2022
and April 2023. These samples were selected because their photosyn-
thetic results differentiated them into two groups separated by a one-
year period (see SI Tabular Sheet 1 for weather conditions). Both sig-
nificant (i.e. PG (16.0_18.1), HETE, and HOTrE) and non-significant
responses (chlorophyll a, chlorophyll c2, chlorophyll b, pheophorbide
a, fucoxanthin, zeaxanthin, and lutein) of the targeted metabolites are
presented in Fig. S8. Despite the high variability in the response, all
significant differences between the control and the highest concentra-
tion presented a p-value <0.02.

Among targeted lipids, only identified PG (16.0_18.1) showed a
significant increase (Kruskal-Wallis tests, p-value <0.05) in April 2022
(Fig. S8), and among all the targeted oxylipins, only 12-HETE and 9-
HOTYE showed a significant inhibition of 71 to 77 % for the month of
April 2022 at the highest TBA concentration compared to the control
(Fig. S8).

3.7. Correlation between photosynthesis and meta-metabolome responses
Pearson correlation analyses were performed each month between

Table 1
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the dose responses of the photosynthetic yield and prioritised features to
link the meta-metabolome to the photosynthetic yield responses (i.e.
from DRomics, volcano plot, and PLS-DA analyses). Between 1.4 (March
2023) and 52.1 % (January 2023) of the prioritised signals were
correlated with the photosynthetic response (listed in SI Tabular Sheet
11). Most of the correlated features (80-100 %) were not annotated for
all months (August 2022, February 2023, March 2023, and April 2023).
May 2022 had slightly more annotated compounds, representing 33.5 %
of the correlated signals. Among all annotated metabolites, 77 metab-
olites were filtered based on their fold-change score, with a maximum
correlation score of 0.77 and a minimum of —0.47. Among the putative
metabolites, 10 hydroxy fatty acids were prioritised, with a correlation
value matching the correlation cutoff (>0.45 or <—0.45). The correla-
tion factor changed between the months for these metabolites. For
instance, 9(S)-HPODE had a correlation value of 0.65 in February 2023
and — 0.15 in April 2022, and only 9(10)-EpODE had a correlation value
of over 0.45 in both months.

Linear and multiple linear regressions were performed to provide
further information concerning the link between the meta-metabolome
and photosynthetic response (linear model, p-value <0.05, SI Tabular
Sheet 12). Correlated and uncorrelated putatively annotated metabo-
lites following quadratic dose-response curves are depicted in Fig. S9,
S10 and S11 and summarised in the SI Tabular Sheet 8. By adding all
common metabolites per month, linear prediction provided a better
positive correlation with the photosynthetic response, confirming the
previous correlation results. However, the regression presented a
goodness of fit (R%) below 0.5, indicating a low fit between the model
and the data.

Uncorrelated features represented between 47.9 % (January 2023)
and 98.6 % (March 2023) of the prioritised metabolomics responses.
Among these features, most were unannotated (72.4-99.9 %, list in SI
Tabular Sheet 5) for all months. For the annotated uncorrelated signals,
69 signals were filtered based on their fold-change scores, with all
metabolite classes represented (list in SI Tabular Sheet 11).

4. Discussion

This study investigated the molecular and physiological responses of
freshwater periphyton to 4 h TBA exposure following collection in
different months during the period at the same location. Our results
showed (i) a strong shift in meta-metabolome sensitivity and a lower one
in photosynthesis sensitivity to acute TBA exposure, with the meta-
metabolome being more sensitive than photosynthesis at all studied
time points. The study further highlighted (ii) discrepancies in the

Comparison of annotated putative metabolites (from Qex -+ concatenated datasets) sensitivity and trend response to TBA. Statistical significance according to

trend, dec: decrease and inc: increase.

Compound Class (sub-class) Month p value Trend BMD;gq (ug LY BMD; 4 CI
Lower Upper
15(16)-EpODE Lipids April 2022 0.014 Dec 15.46 8.76 27.92
May 2022 Dec 0.032 0.014 0.08
Salinixanthin Lipids April 2022 0.049 Inc 0.4 0.01 3.94
February 2023 Inc 11.23 6.72 17.79
9(10)-EpODE Lipids April 2022 0.015 Dec 15.58 8.19 24.80
May 2022 Dec 0.039 0.015 0.087
9(S)-HPODE Lipids April 2022 0.35 Dec 14.05 8.15 26.22
February 2023 Dec 11.04 6.35 18.97
Brefeldin A Lipids April 2022 0.5 Dec 3.37 0.691 20.88
February 2023 Dec 13.9 8.65 24.21
Pernetic acid A methyl ester Terpenoids April 2022 0.009 Dec 14.3 8.06 27.18
May 2022 Dec 0.082 0.038 0.156
2,6-Dimethyl-1-nitrosopiperidine Alkaloids April 2022 0.01 Dec 0.191 0.082 0.397
May 2022 Dec 9.77 5.40 15.33
Zeranol Alkaloids April 2022 0.3 Dec 2.84 0.68 17.21
February 2023 Dec 8.13 4.38 12.63
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contribution of putative metabolite classes (e.g signal count, trend, and
sensitivity) between the periphytons. Q-Exative-based annotation sup-
ported these findings as (iii) few of the more responsive identified me-
tabolites were common across the months of the time frame.
Additionally, many unknown metabolites contributed to the overall
biochemical responses to TBA. Similarly, (iv) despite a few common
classes (e.g. oxylipins), most metabolite classes correlated with photo-
synthesis inhibition differed between months. Each of these major
findings is discussed in the following sections.

4.1. Shift of sensitivity to TBA between months at the physiological vs the
molecular level

Our results underlined the inhibition of photosynthetic yield under
TBA exposure, with significant but minor differences between months
during the period. Overall, the sensitivity range (BMD;gp value of
0.6-10.5 pg L-1) was in accordance with previously reported values for
microbial communities exposed to TBA or by-products (Battaglino et al.,
2021; Margoum et al., 2023; Polst et al., 2023). As this range is of
environmental relevance (Tasca et al., 2018), these results question the
actual adverse effects of TBA on periphyton photosynthetic activity in
natural ecosystems with potentially associated structural and functional
impairments. This is of particular concern regarding the key role of these
communities in ecosystems in primary production and biogeochemical
cycles (Morin and Artigas, 2023; Lips et al., 2022; Bonnineau et al.,
2020).

Whole meta-metabolomes showed strong and significant sensitivity
shifts throughout the study period. To our knowledge, this study is the
first to inform about such shift between several months. This aligns with
previous studies indicating that the periphyton meta-metabolome ex-
hibits a time-varying and complex response to herbicides (Lips et al.,
2022; Gil Solsona et al., 2021; Rodriguez-Mozaz et al., 2020). For
instance, Creusot et al. (2022) demonstrated the variability in the meta-
metabolome response during a month-long exposure to diuron. Overall,
in line with previous studies, our results showed that the periphyton
meta-metabolome response to TBA exposure involves diverse dose-
response trends (Colas et al., 2024; Creusot et al., 2022). Furthermore,
our results highlighted the specific BMD;gp distribution across the TBA
gradient for each dose-response trend, identifying the sensitivity ranges
of TBA concentrations for each trend type. These variations in meta-
metabolome sensitivity may reflect different types of biological pro-
cesses (defence versus damage), as suggested by Colas et al. (2023). An
initial TBA concentration range, likely corresponding to the defence and
acclimatisation mechanisms, was identified at an environmental con-
centration (<2 pg L™1). In this range, sensitive features mostly followed
‘biphasic trend’ curves. The second sensitivity range aligns with
photosynthetic yield BMD;gp values, with metabolites of this range
mainly showing ‘monophasic trend’ curves, possibly representing
damage to the photosystem.

Comparing the two sensitivity responses, meta-metabolome
demonstrated greater sensitivity to TBA than to photosynthesis, with
half of the meta-metabolome responding at a concentration lower than
the photosynthetic yield BMD;gp for nearly all months of the period.
This was particularly evident within the environmental concentration
range (0.094-1.795 pg L™1) reported in the literature (Eymery et al.,
2021; Tasca et al., 2018; Schreiner et al., 2016). At these concentrations,
photosynthetic sensitivity differed significantly from the control only in
April 2023 and August 2022. Conversely, the meta-metabolome either
entered or completed Phase I of its global response for most months. This
higher sensitivity aligns with existing literature, confirming the rele-
vance of omics, especially metabolomics, in providing a more sensitive
assessment of the whole community response compared to usual de-
scriptors (Colas et al., 2023; Creusot et al., 2022; Serra-Compte et al.,
2018).

Altogether, these results showed how the colonization month can
modulate measured responses, thereby underlying its importance in
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biomonitoring. This further questions the outcomes of the cutting-edge
omics-based descriptors, especially the metabolomics, compared to
traditional descriptors (e.g photosynthesis) in terms of toxicity
threshold and actual consequences on the ecosystem functions following
acute versus chronic exposure.

4.2. Discrepancies in the meta-metabolome response to TBA between the
months

While the whole metabolome signals followed all four trends types
(increasing, decreasing, U curve, and bell curve), the putatively anno-
tated metabolite classes were prevalent in only one or two trends,
depending on the month (except August 2023). This highlights a loss of
information when using only the annotated dataset. Despite this limi-
tation, the chemical landscape still depicted a contrasting picture of the
meta-metabolome’s response to TBA. On the one hand, it revealed that
only alkaloids, lipids, amino acids, and peptides were consistently
modulated by TBA throughout the year. On the other hand, the number
of signals within these classes, as well as their trends and sensitivity,
differed for the months of the surveyed period.

Although these discrepancies (number of signals, sensitivity, trends
among metabolites classes) between the months were not clearly
elucidated in the present study, they may have various origins. It is likely
that the basal meta-metabolome changes over the years because it is
highly sensitive to environmental changes. For example, Creusot et al.
(2022) showed that temperature, light, and river flow modulate the
periphyton meta-metabolome. Similarly, Rozman et al. (2023) reported
that intermittent flow alters microbial community metabolome, partic-
ularly affecting dissolved organic matter-related microbial activities (e.
g production, degradation). Changes in the basal metabolome may
affect microbial sensitivity through trade-offs in energy resource allo-
cation (Garrido et al., 2017; Jayasundara et al., 2017). For instance,
acclimatisation to cope with environmental stress could shift the com-
munity’s basal metabolism during the growth phase, thereby reducing
the energy available for other stressors. According to the pollution-
induced community tolerance concept (Blanck et al., 1988), exposure
to stressors usually leads to the selection of the most tolerant species and
the disappearance of the most sensitive species, leading to a shift in the
community composition that might change the molecular/physiolog-
ical/functional sensitivity of the entire microbial community. In this
context, some of the monthly sensitivity shifts observed in our study may
derive from taxonomic fluctuations, leading to variations at the molec-
ular/biochemical level associated with organism susceptibility (Merbt
etal., 2022; Liu et al., 2019). Although taxonomic changes do not always
influence community functioning owing to functional redundancy, basal
metabolism could be modulated by the loss of species, ensuring speci-
alised pathways (Burel et al., 2023; Proia et al., 2011). In the present
study, although preliminary, our results showed a clear shift in the algal
community in the pond over the time frame, which could contribute to a
change in basal metabolism and/or its sensitivity to TBA.

Beyond biological and ecological processes, the variability in the
meta-metabolome response to TBA throughout the year may also stem
from data analysis strategies. Although the QA/QC procedure confirmed
the stability of the analytic systems (mass accuracy, signal intensity, and
retention time), variations in the matrix composition (e.g. EPS) could
cause differences in extraction recoveries and matrix extinction or
enhancement at the ESI source level, influencing the meta-metabolome
fingerprint independent of biological factors (Gertsman and Barshop,
2018). Additionally, based on the variation in the number of signals per
month at each step of the analytical pipeline, the CV indicated infor-
mation loss during the workflow (Fig. 1). A comparison of CV revealed
increased variance between months along the analytical pipeline, sug-
gesting that feature prioritisation associated with TBA exposure may
have increased the differences between months by focusing on the
modulated part of the dataset. This highlights the challenges in ana-
lysing large metabolomics datasets, especially in studies with multiple
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sampling times, regarding the reproducibility and repeatability of
extraction recovery, chromatographic separation, ionisation efficiency,
and data processing (Lennon et al., 2024).

Overall, meta-metabolomics enables investigation of ecotoxicologi-
cal responses across multiple biological pathways, revealing potential
unknown effects of contaminants on microbial communities. In this
study, the discrepancies noted in the meta-metabolome response be-
tween the months across the period suggest that molecular/biochemical
toxicity pathways of TBA may differ.

4.3. Insights on metabolite classes involved in the molecular response to
TBA

Beyond the chemical landscape depicted by the TOF data, Q-Exactive
datasets provided further insight into distinct versus common metabo-
lite classes associated with TBA exposure. Indeed, among the major
contributors that were accurately annotated, the majority differed be-
tween the months, confirming the discrepancies noted at the metabolite
class level.

Nevertheless, our study revealed putative metabolites associated
with TBA concentrations at all months, including oxylipins and other
fatty acids (i.e. linoleic acid (L2b), 9, 10 DiHODE, 9,12,13-TriHOME,
9,10,12,13-Tetrahydroxyoctadecanoic acid (L3), calostomal (L3), sat-
ivic acid (L3), and targeted PG (16.0_18.1)) (Walker et al., 2021; De
Carvalho and Caramujo, 2018; Iyer et al., 2015). These metabolites
showed heterogeneous trends across the TBA gradient (e.g. decrease,
increase, and U), suggesting they may not share the same toxicity
pathway. In additions to lipids, other responsive classes included amino
acids (i.e. vicenistatin and Ne-Ne-dimethyllysine (L3), S-(2-sulfoethyl)-L-
cysteine, deferitrin (L3)), macrolides (i.e. 12(S)-hydroperoxylsarcoph-
10-ene (L3),), mono- and diterpene lactones (i.e. 1-deoxybacrispine
(L3)) and sesquiterpenoid (i.e. 3-{[4-(furan-2-carbonyl)piperazin-1-yl]
methyl}-4a-hydroxy-5-methoxy-5,8a-dimethyl-dodeca-hydronaphtho
[2,3-b]furan-2-one (L3)). In the literature, these metabolites have been
linked to various processes such as chemical competition (i.e. biotoxin
properties and antimicrobial activity), energetic metabolism (i.e. car-
bohydrate catabolism and alternative energetic molecules), and un-
known toxicity pathway (Hutchinson et al., 1983; Li and Du, 2022;
Oliveira et al., 2011; Liang et al., 2022; Booij et al., 2014).

Furthermore, TBA and other triazine herbicides (i.e. atrazine, ter-
butryn, and prometryn) have been reported to alter mitochondrial en-
ergy metabolism. It affects the expression of genes encoding enzymes (i.
e. citrate synthase and malate synthase) involved in the tricarboxylic
acid (TCA) cycle, and reduces mitochondrial respiration in phototrophs
(Hawxby et al., 1977; Wang et al., 2022). In addition, by inhibiting
photosynthesis, TBA disrupts global energy metabolism related to light
energy harvesting, leading to a decrease in energetic molecules (i.e.
NADH and NADPH). This reduction can lead to energy deficiency,
raising questions about the energy costs associated with triazine expo-
sure (Majewska et al., 2021; Wang et al., 2022). Therefore, it can be
hypothesized that the uncorrelated putative metabolites found in our
study may be part of the defence/response pathway activated to cope
with the potential impairment in energy metabolism. The mid- to long-
term loss of energetic resources may lead to a taxonomic shift due to
starvation or reduced competitiveness (Jayasundara et al., 2017; Tlili
et al., 2015).

Altogether, molecular results suggested that TBA may potentially
influence lipid metabolism, energy metabolism, and the metabolite
classes involved in chemical communication, whether related to defence
pathway (e.g. alkaloids and terpenoids). This modulation could poten-
tially lead to functional/taxonomic shift in periphyton, which may
threaten ecosystem function (Sliwiniska-Wilczewska et al., 2021).
Because many metabolites remain unidentified, a clear picture of all the
toxicity pathways involved could not be established, leaving much of the
holistic sensitivity response within a black box. Nevertheless, the iden-
tified metabolite classes responsive to TBA could be used as references
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for future targeted metabolomics approaches.

4.4. Metabolite classes correlated with the photosynthesis inhibition by
TBA

Based on the known mode of action of TBA and its associated effects
on photosystems (Fiori and Pistocchi, 2014; Rutherford and Krieger-
Liszkay, 2001), targeted analyses of photosynthetic pigments and oxy-
lipins were conducted. Contrary to expectations, the targeted pigments
(chlorophyll a, chlorophyll ¢2, chlorophyll b, pheophorbide a, fuco-
xanthin, zeaxanthin, and lutein) showed no significant responses,
whereas some annotated oxylipins and lipids decreased with TBA
exposure. Notably, hydroxy-octadecaenoic acids (i.e. 15(16)-EpODE
(L3), 9(10)-EpODE (L3), and 9(S)-HPODE (L3)) metabolites of the
non-enzymatic oxidation of polyunsaturated fatty acids, were modu-
lated, suggesting a link to oxidative stress (Iyer et al., 2015; Koch et al.,
2022; Walker et al., 2021). These results aligned with correlation
analysis of untargeted datasets, showing associations between photo-
synthetic yield fluctuation, some oxylipins (C16-C18) (i.e. 9(S)-HOTrE
(L3), Resolvin E1 (L3), 13-HOTE (L3)) and antioxidants (i.e. iso-
longifolene (L3), Cyclo(L-Leu-L-Arg) (L3); Balakrishnan et al., 2018;
Furukawa et al., 2012).

By inhibiting PSII and reducing its light energy-harvesting capacity,
TBA triggers the accumulation of oxidative oxygen species (Canero
et al., 2011; Fiori and Pistocchi, 2014) and increases the levels of oxy-
lipins and oxidative stress-related compounds (He and Ding, 2020; Koch
et al.,, 2022). However, this study found that TBA exposure led to a
decrease in abundance of metabolites commonly associated with
oxidative stress (e.g. oxylipins). The identified metabolites were those
with significant dose-dependent responses in both the targeted (April
2022) and untargeted annotated compound datasets (with a quadratic
trend response). This suggested an acclimatisation mechanism against
oxidative stress or TBA’s electron chain disrupting effect of TBA (e.g. the
water-water cycle) (Nguyen and Kim, 2024; Asada, 2006). It would be
relevant to investigate the response to TBA of other indicators that are
specific to the release of excessive energy harvesting (i.e. the xantho-
phyll cycle) and quenching of oxidative stress (i.e. antioxidant enzyme
activities) to support this hypothesis (Bonnineau et al., 2013; Latowski
et al., 2011).

In addition to compounds usually associated with oxidative stress,
several metabolite classes related to the stress response and defence
pathway were also correlated with photosynthesis inhibition. Among
these classes, alkaloids (i.e. vanilloside (L3), Cyclizidine G (L3), Acti-
nopyrone A (L3)) are specialised metabolites involved in response to
stress and biotic interactions (Srivastava et al., 2022). Other relevant
classes were also found, including terpenoids (i.e. cryptoporic acid B
(L3)) and peptides (i.e. cis-cyclo-(His, Leu) (L3), N(6)-(octanoyl)lysine),
which are likely to participate in biofilm communication and stress
defence (Kang and Kwak, 2024; Pervaiz et al., 2022; Sarikahya et al.,
2011). These three classes indicated that molecular/biochemical pro-
cesses, especially alkaloids, undergo photosynthetic inhibition to cope
with stress (Matsuura et al., 2014; Yu et al., 2024). Nevertheless,
because many metabolites correlated with photosynthetic inhibition
remain unidentified, other biochemical toxicity pathways may also be
involved. In addition, most of the correlated putative metabolites were
specific to a single month, while the physiological response remained
relatively similar from one month to another. This suggests that the
physiological effects of TBA on photosynthesis may arise from various
molecular processes/pathways modulated by the chemical stress,
highlighting how the elucidation of ecotoxicity pathways in such a
complex community as a whole is a challenging task.

5. Conclusions and perspectives

This study highlights the high variability of the meta-metabolome
response and sensitivity (for both whole and annotated datasets)
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between several months across a period of one year and a half. These
results suggest that the meta-metabolome is more sensitive to chemical
stress than photosynthetic yield, reinforcing the value of an aggregated
meta-metabolome response to provide an integrative picture of micro-
bial community sensitivity. However, the observed heterogeneity in
meta-metabolome sensitivity and response patterns, such as the number
of metabolites and trends, points to gaps in our understanding of com-
munity molecular and biochemical shifts, which complicates the inter-
pretation of responses under both laboratory and field conditions. This
suggests that molecular/biochemical toxicity pathways of TBA may
differ from one month to another, as reflected in the variable metabolite
trends, classes, and sensitivities observed. Low but significant sensitivity
shifts in photosynthesis between months raise questions about the
interpretability of molecular/biochemical status in terms of the actual
consequences on the physiology and functioning of the community.
These findings suggest that similar physiological responses may arise
from various molecular pathways, adding complexity to the underlying
phenomenon.

In accordance with known TBA’s mode of action, correlated me-
tabolites, including oxylipins and pigments, and less-expected putative
metabolites belonging to the alkaloid, amino acid, and peptide classes,
were described. Additionally, uncorrelated putative metabolites
involved in lipid metabolism, energy metabolism, and chemical
communication highlight potential new modes of action for TBA. Such
modulation might further lead to functional and taxonomic shifts in
biofilms after longer exposure.

Further investigation is ongoing to gain knowledge of the environ-
mental drivers of monthly variations in the basal meta-metabolome, the
physiological status, their sensitivity and the taxonomic composition in
periphyton. Additional experiments with several sampling times incor-
porating targeted lipids and energetic and oxidative stress endpoints
should be implemented to unravel the sequence of events between
molecular, structural, and functional responses to TBA towards photo-
synthesis impairment, leading to potential functional impairment and
community shifts in the mid- to long-term (i.e. over a month of
exposure).
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