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ABSTRACT

In aquatic ecosystems, the biocide triclosan represents a hazard for the non-target microalgae. So far, algal responses
were mainly investigated at apical levels hampering the acquisition of a holistic view on primary, adaptive, and
compensatory stress responses. We assessed responses of the chlorophyte Scenedesmus vacuolatus to triclosan at apical
(growth, photosynthesis) and molecular (transcriptome, metabolome) levels for comparative pathway sensitivity
analysis. For each responsive signal (contigs, metabolites), a concentration-response curve was modeled and effect
concentrations were calculated leading to the setting of cumulative sensitivity distributions. Molecular responses
showed higher sensitivity than apical observations. The functional annotation of contigs and metabolites revealed
118 metabolic pathways putatively impaired by triclosan, highlighting a wide repercussion on the algal metabolism.
Metabolites involved in the lipid metabolism showed decreasing trends along the concentration gradient and a
globally highest sensitivity, pointing to the primary target of triclosan. The pathways involved in xenobiotic de-
gradation and membrane transporters were mainly regulated in the transcriptome with increasing response trends
comprising compensatory responses. The suggested novel approach, combining apical and multi-omics analyses in a
concentration-response framework improves mechanistic understanding and mode of action analysis on non-targeted
organisms and is suggested to better implement high-throughput multi-omics data in environmental risk assessment.
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1. Introduction

The recent rise of omics techniques like genomics, transcriptomics,
proteomics and metabolomics has opened new perspectives in the field
of risk assessment of environmental stressors (e.g. chemical pollutants).
Since decades, the use of apical endpoints including growth, photo-
synthesis and mortality, has been in the focus of research assessing the
sensitivity of organisms to a stressor and to define protective thresholds
for biological communities. While apical endpoints are mostly based on
a direct measurement of physiological or morphological parameters,
omics methods measure responses at the molecular level. That includes
different measures such as genomic diversity, transcript, protein and
metabolite abundance to investigate e.g. disturbances of metabolic
pathways, adaptation and diversification, or evolutionary trajectories.
As biological processes at the molecular scale support apical endpoints,
omics responses might provide insights into effect propagation across
biological scales as well as in modes of actions of chemicals or defense
mechanisms. Essentially, effect assessment at the molecular level allows
retrieving early responses related to the molecular initiating or early
key events induced by a stressor as illustrated by the Adverse-Outcome-
Pathway concept (Ankley et al., 2010; Brockmeier et al., 2017).
Therefore, these molecular responses could be used to predict effects at
apical level or to group chemicals. Several studies have recently high-
lighted the benefit of omics approaches in ecotoxicology (Beale et al.,
2016; Wang et al., 2018; Zhang et al., 2018). More specifically, authors
have demonstrated omics techniques to be adequate for discovering
herbicide biomarkers (Moisset et al., 2015; Pesce et al., 2013), under-
standing the mechanisms of interactions between chemicals and or-
ganisms (Pillai et al., 2014; Schiittler et al., 2017), and for assessing
metabolic responses of micro- or macrophytes (Beauvais-Fliick et al.,
2016; Dranguet et al., 2017), fish (Sotton et al., 2019) and microbial
communities (Beale et al., 2017) to various stressors in-situ.

Most omics studies for chemical effects currently rely on the as-
sessment of one ‘omics’ level (typically transcriptome, metabolome or
proteome) at one time point and one concentration. Such approaches
can represent a first step towards mechanistic understanding but may
not be sufficient as they provide partial information on molecular re-
sponses which are dynamic over time and concentration-dependent,
and may not propagate linearly across different molecular levels. It was
shown that selected ‘omics’ levels differed regarding the time window
of responses in specific pathways. For example, the microalgae
Chlamydomonas reinhardtii showed different pathway-specific response
patterns at different time points following exposure to silver in the
transcriptome and the proteome (Pillai et al., 2014). Thus, combining
observations obtained at different omics levels may provide a more
integrative picture of organisms’ responses, supporting in fine the me-
chanistic understanding of chemical effects on biota. Depending on the
mode of action, and whether the interaction is primarily at a receptor
level (e.g. binding to a transcription factor) or interferes with the bio-
synthesis of cellular macromolecules (e.g. fatty acid synthesis) the
specific ‘omics’ approach would either reflect the specific interaction or
more unspecific secondary responses. Hence, a combination of different
‘omics’ levels is likely to improve the identification of mode of action
related information that may finally be used to understand population
responses as part of a risk assessment. Therefore, the scientific com-
munity has developed numerous tools that combine omics data (Pinu
et al., 2019), mainly designed for integrative pathway investigation but
rarely provide outputs usable to derive thresholds or points of departure
for chemical effects.

Combining complex responses at different biological levels re-
presents a challenge because different experimental designs are often
used for each level (e.g. exposure time, number of replicates), the way
they are measured (e.g. different extraction methods, chemical-analy-
tical tools, pre-processing of data) and the nature of the data (e.g. dif-
ferent entities, units). After data acquisition, they are often analyzed in
parallel using heatmaps or combined by multivariate analyses (e.g.
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canonical analysis) or by applying network analysis. Omics studies
consisting of a few exposure concentrations or durations allow de-
tecting up-down regulation, deriving fold change of expression and
correlation network analysis. However, molecular items may respond in
different, non-linear response characteristics that either reflects inter-
action with the molecular target or secondary compensatory responses
and may additionally depend on toxicokinetics. Therefore, a quantita-
tive concentration-dependent comparison of responses can enable a
better mechanistic understanding of molecular stress responses
(Schiittler et al., 2019). Furthermore, quantitative information in terms
of protective thresholds (i.e. “safe exposure concentrations not ex-
ceeding an acceptable impact on biological communities”) cannot be
concluded by current experimental designs hampering the integration
of omics-results in current risk assessment procedures. So far, a con-
centration-response framework for omics data represents a promising
approach towards risk assessment (Giindel et al., 2012; Larras et al.,
2018; Schiittler et al., 2019; Smetanova et al., 2015; Thomas et al.,
2007; Wang et al., 2018). It could improve the integration of molecular
approaches in ecological risk assessment procedures, in a single as well
as a multi-omics context. Additionally, this design may allow going
further in the interpretation of molecular responses by defining re-
sponse trends and metrics such as effect thresholds for each specific
element, and in this way aligns with the usual methodology of ecolo-
gical risk assessment. As these metrics represent a common language
between molecular level (and apical levels) we assume that quantitative
comparison between them can be obtained. To overcome the challenges
of modelling concentration-response curves from high-throughput data,
a turnkey tool was recently developed (Larras et al., 2018). Here we
address a further challenge towards a quantitative comparison of high-
throughput omics data by providing a conceptual framework for com-
parison of response sensitivities on pathway level.

The overall aim of this study was to illustrate the added-value of a
system-wide approach in a concentration-response framework to im-
prove mechanistic understanding of toxicants on non-target organisms.
In detail our questions were: (i) How can multi-omics and phenotypic
data be integrated for quantitative comparison? (ii) Which additional
information does this approach provides towards mechanistic under-
standing in comparison to classical apical endpoints? (iii) Does the
approach support the mode of action analysis of a model compound
(triclosan) in non-target organisms (chlorophytes) and (iv) enable a
better integration of multi-omics data in risk assessment of chemicals in
non-target organisms?

To address these questions, synchronized cultures of the chlor-
ophyte Scenedesmus vacuolatus were exposed for 14h to the biocide
triclosan in a concentration-response design and analyzed at the tran-
scriptome, the metabolome and at apical levels. This alga is an estab-
lished ecotoxicological model for the analysis of toxic effects on eu-
karyotes which can be maintained under synchronous growth of the
population. This is of particular relevance for the assessment of mole-
cular responses since all cells are in the same developmental stage.
Triclosan, a biocide used in personal care products, is characterized by
a specific mode of action in bacteria impairing lipid biosynthesis by
inhibiting the enzyme enoyl-acyl carrier protein reductase. Due to this
mode of action, this chemical has the potential to impair a wide range
of non-target organisms including also microalgae (Eriksson et al.,
2015; Machado and Soares, 2019; Pinckney et al., 2017; Tato and
Beiras, 2019; Xin et al., 2019). Triclosan has been identified to re-
present a hazard for algae in water systems (Busch et al., 2016). It has
been shown that triclosan induces several effects at the molecular level
in microalgae (e.g. increase of superoxide dismutase transcription (Pan
et al., 2018)) but so far, the specific mode of action in algae remains
unconfirmed. Further, the estimation of protective thresholds was only
performed at the apical level (Capdevielle et al., 2008; von der Ohe
et al., 2012). In the present study we hypothesize that working in a
concentration-response and multi-omics framework enhances mechan-
istic understanding of triclosan effects in microalgae and provide
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specific information on the mode of action. Classically investigated
apical endpoints applied in risk assessment (e.g. growth, photosynth-
esis) are clearer related to ecological processes than molecular end-
points. However, molecular stress responses might have the advantage
to provide mechanistic understanding on effect propagation, and hence,
contribute to a better informed risk assessment, ultimately enabling
extrapolation of effects on the population level in future (Ankley et al.,
2010). The interest to investigate both transcriptome and metabolome
responses is that they provide complementary information depending
on the mode of action of the test compounds. Transcriptomics reveals
the expression level of genes, which may represent a primary (e.g. in
case of interference with transcription factors) or secondary response
(adaptation or stress responses). The metabolome represents a direct
signature of biochemical activities (balance between synthesis and de-
gradation of metabolites). Both may be correlated (Bundy et al., 2008;
Jamers et al., 2013), but it has to be taken in account that the responses
may manifest after different durations of exposure (Jamers et al., 2013;
Pillai et al., 2014).

2. Material and methods
2.1. Algal culture

Synchronized cultures of the chlorophyte Scenedesmus vacuolatus
(Shih. et Krauss strain 211-15, culture collection Pringsheim (SAG
Gottingen, Germany)) were grown photoautotrophically in a sterile
inorganic medium (pH 6.4) at 28 °C. To keep the cultures in synchro-
nized and exponential growth conditions, a 14:10-h light:dark cycle and
a daily dilution to a standard cell density of 10° cells mL~! before the
onset of light were chosen. More details on the media and the culture
conditions can be found in a previous study (Altenburger et al., 2004).

2.2. Experimental design

For the analysis of the transcriptome, algae were exposed to 5
concentrations ranging from 0.69 to 6.63ug/L of triclosan
(CalbioChem, Germany, purity 99.8 %) while for the metabolome, 6
concentrations ranging from 0.69 to 7.76 ug/L were chosen. For both
molecular levels, a solvent-control (DMSO at the concentration of 0.1
%) was included. For the metabolome, a control without solvent was
also taken into consideration but no differences were found between the
algal metabolome of control without and control with DMSO. Stability
of triclosan in the medium was tested for two exposure concentrations
(N =9 each) during the experiment by liquid chromatography-high
resolution mass spectrometry (LC-HRMS) using a Ultimate 3000 LC
coupled to a LTQ Orbitrap XL mass spectrometer (Thermo). A recovery
rate of 81 % and 87 % was obtained, respectively. In both cases, the
exposure lasted 14 h (full light phase of synchronised growth). This
duration of exposure is related to the culture synchronization cycle.
This allowed to work on a large population of actively growing algal
cells. We considered the algal growth phase as a relevant process in this
study, since growth is accompanied with an on-going metabolic ac-
tivity.

For the transcriptome, 5 replicates were used for each concentra-
tion. For the metabolome, the controls were replicated 6 times and 2-3
replicates were used for each triclosan exposure concentration.
Exposures were performed in 500 mL flasks containing 10° cells per mL.
Photosynthesis and growth responses were assessed along a con-
centration gradient of 9 concentrations ranging from 0.1-70.7 ug/L in
order to better fit with the reported response of microalgae to triclosan
(Franz et al., 2008).

2.3. Metabolome analysis

Briefly, 15 pL of fresh biomass (30 mL suspension in the case of the
unexposed algae) were harvested after 14 h of growth by centrifugation
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(22°C, 2min, 4000 x g). Metabolites were extracted using a solvent
mixture of methanol, chloroform and 0.015 % trifluoroacetic acid in
water (10:5:4, v/v/v) with ribitol (10 mg/L) as an internal standard.
Cells were disrupted using a FastPrep24 homogenizer (MP Biomedicals,
Eschwege, Germany). Subsequently, the homogenates were centrifuged
(6 min, 6 °C, 20,000 x g) and 1 mL of the supernatant was transferred
into a 10 mL glass tube. Hydrophilic and lipophilic metabolites were
separated by adding 0.8 mL bi-distilled water and 1.6 mL chloroform
followed by intense shaking and centrifugation. After phase separation,
1 mL from the upper hydrophilic methanol/water phase and 1.3 mL
from the lower lipophilic chloroform/methanol phase were transferred
into 3 mL reaction glass vials. Samples were dried at 40 °C under a ni-
trogen stream for a maximum of 3h. Compounds from hydrophilic
extracts were methoximated using 200 uL. MOXsolution for 120 min at
80 °C. Compounds from the lipophilic extracts were esterified with
300 pL. methanolic HCI for 240 min at 80 °C. Afterwards, both fractions
were dried under a stream of nitrogen at 40 °C and silylated in 100 pL of
MSTFA for 20 min at 90 °C. Metabolites were analyzed using an Agilent
6890 N gas chromatograph coupled to a quadrupole 5975 mass spec-
trometric detector (GC/MS) guided by the Agilent ChemStation soft-
ware (G1712DA, Rev. 02.00). From GC/MS analysis, peaks were de-
convoluted and identified by using AMDIS with a matching to the mass
spectra (match factor > 90 %) against an inhouse library, NIST data-
base, Golm Metabolome Database and Fiehn library.

Area Under the Curve (AuC) - values were obtained for 224 meta-
bolites. Then, we applied the following procedure: i) removing of me-
tabolites for which the proportion of missing data (no detections) across
all the samples is higher than 50 percent, ii) retrieving of missing values
data using half minimum method (i.e. half of the minimum value found
for a metabolite across all samples), iii) log10-transformation of AuC-
values.

2.4. RNA extraction and microarray analysis

Algal cultures were harvested by centrifugation (22°C, 10 min,
3300 x g), and total RNA was extracted based on a combination of
TRIzol® (Thermo Fisher Scientific, USA) and mechanical cell lysis using
a FastPrep24 homogenizer (MP Biomedicals, Eschwege, Germany).
Total RNA was further purified using a RNeasy Plant Mini Kit (Qiagen,
Hilden, Germany) according to manufacturer’s instructions.
Transcriptome responses were assessed using a 8 X 60 L microarray
specific for S. vacuolatus, and designed with eArray (Agilent
Technologies, Boblingen Germany) as already explained (Larras et al.,
2018). Each array consists of 61535 probes representing 21495 contigs.
For labeling, 50 ng purified RNA was labeled using the Low Input Quick
Amp Labeling Kit, one color (Agilent Technologies), and 40 pL of cy3-
labeled fragmented cRNA per sample were hybridized to the micro-
arrays for 17h at 65°C. The microarrays were washed and scanned,
using an Agilent DNA Microarray scanner, and fluorescence intensities
were evaluated using the Agilent Feature Extraction software. Genome
information (cDNA sequences) have been deposited in NCBI’s Sequence
Read Archive and are accessible through the SRA accession number
PRJINA498405  (https://www.ncbi.nlm.nih.gov/sra/PRJNA498405).
The fluorescence data have been deposited in NCBI's Gene Expression
Omnibus and are accessible via GEO Series accession number
GSE122159 (https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc =
GSE122159).

Fluorescence raw data were finally log2 transformed.

2.5. Measurement of apical endpoints

Cell volume growth was estimated by a cell particle counter (CASY
II, Schirfe System, Reutlingen, Germany) as described by Altenburger
et al. (2004). Effects on photosynthesis were quantified by measuring
the maximum quantum yield of the photosystem II with the saturation —
pulse method by using a MAXI-Imaging PAM-fluorometer (HeinzWalz
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GmbH, Effeltrich, Germany) after 14 h of exposure. Inhibition of pho-
tosynthesis was calculated as relative inhibition of the maximum
quantum yield of the photosystem II (Fv/Fm) in comparison to un-
treated controls; more details on the measuring device and related
settings are given in Franz et al. (2008).

2.6. Processing of apical and molecular responses

2.6.1. Metabolome and transcriptome dataset

Our aim at this working step was 1) to identify the responsive ele-
ments of the transcriptome (= probes or gene transcripts) and the
metabolome (=metabolites) to triclosan, 2) to derive their response
trends (e.g. increase, decrease, U-shape, bell-shape) along the con-
centration gradient and 3) to calculate their effect concentrations as
benchmark dose (BMD) based on modelled response curves.

Both, the transcriptomics and metabolomics datasets were analysed
by the DRomics tool (Larras et al., 2018), designed to handle’ omics’
datasets obtained in a concentration-response framework (Fig. 1). Data
were analysed using the DRomics R package version 2.0-1 (Delignette-
Muller et al., 2019). In the first step (import and pre-treatment), the
transcriptome dataset was normalized between arrays using the cyclic
loess method. In the second step (selection of responsive items), the
probes and the metabolites which displayed a significant change of the
signal along the concentration gradient were identified using a quad-
ratic trend test with a False Discovery Rate (Benjamini-Hochberg test)
of 0.01 for the transcriptome and 0.1 for the metabolome. Third, con-
centration-response modelling was conducted for each of the selected
probes and metabolites based on the nominal concentrations. All of the
dose-response curves built for each probe and metabolite are presented
in Tables Al and A2, respectively. Fourth, the model with the best fit
was used to derive a benchmark dose (BMD-1SD) according to EFSA
guidance (EFSA Scientific Committee et al., 2017). This BMD-1SD does
not refer to a specific level of effect but indicates the concentration
leading to a level of change compared to the control response that takes
data variability around the modelled curve into account. It is calculated
as the concentration corresponding to a Benchmark Response (BMR-
zSD) defined as follows: BMR-zSD = y0 +/— z*SD, where yO is the
mean control response, and 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). DRomics versions > 2.0 include the calculation of
confidence intervals around the BMD value using a bootstrap procedure
(Delignette-Muller et al., 2019).

The DRomics tool identified 6361 responsive probes and 68 re-
sponsive metabolites and computed for each of them a BMD value and
corresponding 95 % confidence intervals. In several cases, the micro-
array design included for a same contig (assumed to represent one
gene) the duplication of a same probe and/or the presence of two dif-
ferent probes. For each contig, we thus had results from 1 to 4 probes.
For downstream analysis, only one probe was kept per contig
(n = 3177). This probe was the one presenting the narrowest con-
fidence interval around the BMD.

2.6.2. Growth and photosynthesis responses

For each of the two apical endpoints, a concentration-response
curve was built (Hill model fitted by non-linear regression) and a BMD-
1SD value was derived following the same methodology as in the
DRomics tool.

2.7. Functional analysis

Because the main interest of this study was to work on concentra-
tion-dependent contigs, only the sequences of the 3177 contigs re-
maining after the DRomics analysis were blasted against the NCBI nr
database (used on the 15th July 2019, taxa investigated: chlorophytes,
cyanobacteria, diatoms and Arabidopsis; e-value = 0.001) using the
DIAMOND tool (Buchfink et al., 2015). A NCBI code was obtained for
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1612 contigs. Enzyme number was retrieved for 507 contigs via the
UNIPROT tool (The UniProt Consortium, 2019). A Kyoto Encyclopedia
of Genes and Genomes (KEGG) (Kanehisa, 2000) code was also re-
trieved but 443 contigs were finally associated to KEGG pathways re-
levant for microalgae. Annotation of the 68 metabolites selected by
DRomics was performed manually against the KEGG database and 31
metabolites were found with annotations. In this paper, for both tran-
scriptome and metabolome data two main KEGG annotation levels are
considered: the pathway class (e.g. lipid metabolism) and the pathway
level which represents all of the pathways belonging to a pathway class
(e.g. fatty acid metabolism, energy metabolism).

3. Results

3.1. Response characterization of transcriptomic, metabolic and apical
endpoints

The responses of the 3177 contigs and 68 metabolites along the
increasing concentration gradient of triclosan were classified in 4 main
trends (increase, decrease, bell-shape, U-shape) (Table 1). The meta-
bolome and the transcriptome displayed contrasting trend patterns
(statistically significant according to a Chi-square test, p-value <
10~°). While in the transcriptome 34 % of contigs we characterized by
increasing trends, the majority of metabolites (54 %) followed de-
creasing trends. Non-monotonic responses at metabolome and

61535 probes 224 metabolites

Fluorescence data
Log2 transformed

Area Under the Curve
Log10 transformed

©

o

=
Q Data normalization

E N
DQ: Responding probes and metabolites selection
I 7865 probes I82 metabolites
Model selection, dose-response curve building
I 7103 probes I
Effect concentration derivation
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6361 probes/ 68 metabolites
3177 contigs

E N

g BLAST
A 1612 contigs
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© KEGG number I Functional annotation w
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443 contigs 31 metabolites

Fig. 1. Overview of the workflow aiming extracting responsive metabolites and
contigs after exposure of S. vacuolatus to triclosan; For each item, response
trends, BMD values and functional KEGG annotations are derived. Numbers
indicate the remaining contigs and metabolites after each step.
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transcriptome levels accounted for 33 % and 38 %, respectively.
Growth exhibited an increasing sigmoid signal of inhibition along the
concentration gradient while photosynthesis exhibited hormesis at the
lowest concentration (Fig. Al). We modeled the response with a Hill
model to omit the hormesis and capture only the inhibition phase.

For each molecular level, a cumulative sensitivity distribution (CSD)
of effects concentrations (here, BMD-1SD) was built on 1/ all annotated
metabolites or contigs, and 2/ all non-annotated metabolites or contigs
(Fig. 2). For both molecular levels, a major proportion of items were not
annotated according to the KEGG database (54.4 and 84 %, respec-
tively), however, non-annotated metabolites and contigs exhibited
BMD-1SD frequency distributions comparable to those of the annotated
ones. Effect concentrations from metabolites (here, BMD-1SD values)
for triclosan exposure were found in a wide range of exposure con-
centration, from 0.11 to 7 ug/L. The effect concentrations for transcript
abundance showed a comparable range from 0.02-6.1 pg/L. Non-an-
notated metabolites and contigs exhibited BMD-1SD frequency dis-
tributions comparable to those of the annotated ones. Growth and
photosynthesis displayed BMD-1SD values of 11.8 and 28.6 ug/L, re-
spectively (Fig. Al). The maximum tested concentrations led to 77 %
and 29 % of growth and photosynthesis inhibition, respectively.

3.2. Metabolic pathway responses

The results presented in the following part are exclusively based on
the 443 contigs and the 31 metabolites which were KEGG-annotated.

3.2.1. Impaired metabolic pathways

Fig. 3 illustrates the total number of metabolites and contigs asso-
ciated to each pathway class. The number of molecular items was
highly variable between classes and ranged from 6 (biosynthesis of
other secondary metabolites) to 88 (carbohydrate metabolism). Based
on both molecular levels, 18 classes of pathways were impaired by
triclosan after 14 h of exposure (17 according to transcriptome, 9 ac-
cording to metabolome). Eight classes of pathways which were mainly
related to metabolism (e.g. carbohydrate, amino acid, lipid and energy
metabolism), were impaired at both molecular levels. Most contigs
were mainly associated to one pathway class, but numerous metabolites
were associated to more than one (Fig. A2). As each class of pathway is
composed of several underlying pathways, we noticed that overall, 118
underlying pathways were potentially impaired. Lipid metabolism is
the pathway class exhibiting the highest number of underlying path-
ways for which at least one metabolite or contig was impaired by tri-
closan (Table A3) (15 among which biosynthesis of unsaturated fatty
acids and fatty acid biosynthesis), followed by the carbohydrate me-
tabolism and the amino acid metabolism (14 each). In all pathway
classes a high coverage of underlying pathways was found according to
the KEGG-classification (e.g. 15 out of 17 underlying pathways for lipid
metabolism, 14 out of 15 for carbohydrate metabolism).

3.2.2. Response trends, signal intensity and sensitivity of pathway classes
For each of the 18 pathway classes, a CSD was set at the tran-
scriptome level (resp. metabolome) using the BMD-1SD value of all
contigs (resp. metabolites) implied in this pathway class. Nine CSDs
could be created based on metabolites and 17 CSDs based on contigs.
For some pathway classes responses were only found in the tran-
scriptome (e.g. xenobiotics biodegradation or transport and catabo-
lism). Each distribution displayed the response of each contig or me-
tabolite involved in this pathway class (see Fig. 4 for the example of
lipid metabolism and Figs. A3 and A4 for the other pathways) in terms
of i) trend (represented by the dot shape) and ii) signal intensity (re-
presented by color gradient) based on fluorescence in log2 for tran-
scriptome and AUC in log10 for metabolome, centered by the signal of
the control for each item and iii) sensitivity towards triclosan exposure
(BMD-1SD value). A heat map analysis was not considered since it does
not easily allow to capture the differential sensitivity of genes and

Journal of Hazardous Materials 397 (2020) 122727

pathways. In contrast, calculation of BMDs and derivation of CSDs re-
present a direct quantitative assessment of the sensitivity of genes and
pathways and is therefore more appropriate.

i) As a general finding, pathways could not exclusively be related to a
main response trend, rather a high variability of response trends
was observed within a molecular level for a same pathway class;
nevertheless, differences between pathway response trends became
obvious. The metabolites involved in lipid metabolism did not show
any increasing trend, but a clear dominance of decreasing trends
(75 %, concentration-response curves are shown in Fig. A5), while
the other pathways showed a dominance of non-monotonic trends
in the metabolome. In comparison, the most sensitive contigs as-
sociated to lipid metabolism were mostly U-shaped (concentration-
response curves are shown in Fig. A6).

ii) Regarding the signal intensity, the transcriptome displayed a
stronger signal variation than the metabolome. For example, if in-
hibition of metabolome and transcriptome expressions in terms of
fold change are similar (see lower level of the signal range Fig. 4,
107°%8 = 0.16 and 22° = 0.18 respectively), transcriptome dis-
played higher overexpression level (see upper level of the signal
range Fig. 4, fold change up to 27> = 181) than metabolome (up to
10°® = 6.3), but for a few items only, as the one clearly appearing
in Fig. A4 for “folding, sorting and degradation” pathway.

iii) To be able to compare the sensitivity of affected pathways to tri-
closan, we derived the 25th percentile of the CSD specific to each
class of pathway and for each molecular level (from data presented
Figs. 4 and A3-A4). The 25th percentile represents a concentration
where 25 % of contigs or metabolites involved in a specific pathway
were affected (according to their BMD levels). A level of 25 % was
selected because of the statistical limitations due to low numbers of
items per pathway class to derive robust lower percentile values.
These thresholds ranged, depending on the pathway class, from
0.72 to 1.99 pg/L for the transcriptome and from 0.23 to 1.39 ug/L
for the metabolome (Fig. 5). Depending on the molecular level, the
pathway classes exhibited different sensitivities, however all
thresholds remained finally in a small range of concentrations. The
most sensitive pathway class was the lipid metabolism; ad-
ditionally, it showed one of the biggest contrasts in thresholds be-
tween the metabolome and the transcriptome (0.23 and 1.12 pg/L,
respectively). The most sensitive metabolites were mostly asso-
ciated to the underlying pathways of biosynthesis of unsaturated
fatty acids, alpha-linoleic acid metabolism and linoleic and gly-
cerophospholipid metabolism. Transcriptional regulation of mem-
brane transport was the second most sensitive pathway with the
underlying pathway of ABC transporters regulated. Several path-
ways, related to detoxification were mainly regulated in the tran-
scriptome (e.g. xenobiotic biodegradation). Contigs associated to
proteins known to deal with detoxification processes and more
specifically oxidative stress defense mechanisms (ascorbate perox-
idase (="carbohydrate metabolism” and “metabolism of other
amino acids”), catalase (="carbohydrate metabolism” and “amino
acid metabolism”), thioredoxin (=”metabolism of other amino
acids”), Glutathione S-transferase (="metabolism of other amino
acids” and “xenobiotic degradation and metabolism)) exhibited

Table 1

Number of metabolites and contigs (and percentage into brackets) associated to
each of the four response trends. A Chi-square test indicates that the trend
distributions are different in metabolites and contigs (p < 1075).

Trend Metabolites Contigs
Increase 9 (13 %) 1092 (34 %)
Decrease 37 (54 %) 878 (28 %)
Bell 12 (18 %) 546 (17 %)
U 10 (15 %) 661 (21 %)
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Fig. 2. Cumulative distributions of the BMD values for the meta-
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mostly an increasing expression trend towards the highest con-
centrations (concentration-response curves are shown in Fig. A7).

4. Discussion

The management and interpretation of stress responses at different
molecular levels represents an issue faced by multiple research areas
(e.g. food risk, medicine, ecological risk). This is demonstrated by the
recent rising of works providing recommendations as how to better

Carbohydrate metabolism =

Translation =

Amino acid metabolism =

Lipid metabolism =

Metabolism of cofactors and vitamins =
Energy metabolism =

Folding, sorting and degradation =
Metabolism of other amino acids -
Nucleotide metabolism -

Membrane transport =

Transcription =

Signal transduction =

Xenobiotics biodegradation and metabolism =
Transport and catabolism =

Metabolism of terpenoids and polyketides =
Glycan biosynthesis and metabolism =
Replication and repair =

Biosynthesis of other secondary metabolites =

support multi-omics studies (Beale et al., 2016; Haas et al., 2017; Misra
et al., 2019; Pinu et al., 2019). In our study, we used the power of the
concentration-response framework which allowed us the combination
of multi-omics levels and enabled a quantitative comparison of dynamic
molecular responses in cumulative sensitivity distributions. We espe-
cially paid attention to manage the data of those two molecular levels
regarding their nature and the way they were obtained. The tran-
scriptome and the metabolome datasets were both analyzed by the
same statistical workflow (Fig. 1) using the DRomics tool (Larras et al.,

Molecular level

25 50 75
Number of contigs and metabolites

Fig. 3. Number of responsive contigs and metabolites per KEGG pathway class.
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2018). Thus, we considered the metrics related to the concentration-
response approach (e.g. BMD, response trend) as a common language
between those levels allowing interpreting and managing data in a
comparable way. So far, such approaches have been realized only on
one molecular level (Giindel et al., 2012; Wang et al., 2018), or on
different molecular levels but from distinct species and without sensi-
tivity thresholds derivation (Smetanova et al., 2015).

4.1. Complexity of molecular responses

Metabolite and contigs responses to triclosan exposure showed a
remarkable complexity in terms of variety of (i) response trends, (ii)
signal intensities and (iii) sensitivities. This response diversity was
found at both molecular levels as well as within individual pathways.
From the initial set of metabolites (n = 224) and contigs (n = 21495)
measured in this study, 30 % of each were significantly impaired by the
biocide. Also, almost all pathway classes of the basic metabolism (ac-
cording to the KEGG-database) of the chlorophyte were disturbed with
a high coverage of the underlying pathways, indicating severe and
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Fig. 4. Cumulative sensitivity distribution
(CSDs) of (A) metabolites and (B) contigs. As
an example CSDs involved in lipid metabolism

E Trends based on their BMD-1SDs are shown. Item re-
x e pell sponse trend is represented by the shape
; (circle = bell shaped, diamond = decreasing,
= Fy 4 dec square = increasing and cross = u-shaped
x ] = inc trend) and item signal intensity response along
. + U the concentration gradient is represented by
the color gradient (from green = inhibition
compared to control, to red = over-expression
Signal compared to control). CSDs for other pathways
75 are depicted in Figs. A3 and A4. The BMD-1SD
is the concentration corresponding to a
I 5.0 Benchmark Response (BMR-zSD) defined as
25 follows: BMR-zSD = y0 +/— z*SD, where y0
’ is the mean control response, and SD is the
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unspecific impacts on the global metabolism of the chlorophyte or even
compensatory responses. To disentangle these complex response pat-
terns, new approaches (e.g. a combination of omics responses or the
development of tools that enable the management of different omics
levels in a comparable way to obtain a more integrative response pic-
ture) were needed to improve our mechanistic understanding of stress
responses and to be able to make use of gained information (e.g. mode
of action analysis and ERA).

4.2. Comparative assessment of transcriptome and metabolome

Principally, a multi-omics approach may allow capturing a wider
variety of mechanisms with increased specificity, given that depending
on the primary target, specific responses may show differential sensi-
tivity compared to unspecific and compensatory responses. Therefore,
affected pathways were ranked in CSDs. We partly found contrasting
patterns between both molecular levels with some changes apparent
only for one molecular level (e.g. xenobiotic biodegradation or meta-
bolism of co-factors and metabolites). This might indicate cellular

1 2 3
25th percentiles (ug/L)

Molecular_level ® Metabolome 4 Transcriptome

Fig. 5. Sensitivity of pathway classes (according to KEGG-classification) based on the 25th percentile of BMD values related to contigs (green diamond) and

metabolites (red circle).
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regulation processes in the transcriptome at the investigated time point
(14 h of exposure) which have not been detected at the metabolome
level (because of time-response delay or because such pathways are not
responsive at this level). Contrasting patterns were also found in terms
of sensitivity. The higher sensitivity of metabolomics in comparison to
transcriptomics in the lipid metabolism hints to the primary target of
the toxicant. Our results indicate the added value of a multi-omics
approach aiming to understand regulation processes and to define effect
thresholds. Pillai et al. (2014) also observed that the transcriptome and
the proteome of the microalgae Chlamydomonas reinhardtii exposed to
silver did not always restitute the same information in terms of im-
paired metabolic pathways and expression changes. Such results may
be due to the different time needed by each level to respond (Haider
and Pal, 2013; Pillai et al., 2014) or because one level is more closely
related to the primary molecular target than another.

4.3. Concentration response analysis

A strong variety of response trends was observed at both molecular
levels. More than one third of the data was characterized by a non-
monotonic response and rarely matched with the Hill model commonly
used in ecotoxicology, indicating regulation processes on pathway level
rather than the inhibition of metabolic activities. Such a variety in re-
sponse trends was also reported for the zebrafish embryo transcriptome
(Smetanova et al., 2015; Wang et al., 2018), proteome (Giindel et al.,
2012) and the macrophyte Myriophyllum spicatum metabolome (Riedl
et al,, 2015) and may be associated with different functions in the
metabolism. For example, most sensitive contigs associated to the lipid
metabolism exhibited a U-shape response across the concentration
gradient suggesting regulation to compensate an inhibition at higher
concentrations. Conversely, Bell-shaped curves may show a point of
disruption where metabolism cannot cope anymore with the stress. If
such trends constituted more than one third of the responses observed
per molecular level, the diversity of responses obtained per pathway
(due to the numerous items include in each of them) prevents to
highlight clear compensation trends for specific metabolic pathways.
Such trends may nevertheless become evident for individual items and
pathways.

Of course, those results are specific to the exposure time, which is
always a tricky choice standing at the interface between the biological
characteristics of the organism and the aim of the study. Our opinion is
that a short exposure time (e.g. 15min (Pillai et al., 2014); 2h
(Beauvais-Fliick et al., 2016)) is needed to differentiate between pri-
mary and secondary effects using the suggested approach. However, a
more complete picture including the assessment of the dynamic reg-
ulation of stress responses, may benefit from extended exposures but
would require a combined concentration - time response analysis.

4.4. Inferring mode of action information from pathway-specific analysis

Triclosan is known to inhibit the activity of the FabI gene encoded
enzyme enoyl-acyl carrier protein reductase in bacteria (McMurry et al.,
1998) which is the last enzyme in the fatty acid elongation cycle. Thus,
we assumed that the lipid metabolism of S. vacuolatus may be specifi-
cally impaired. This assumption was firstly supported by the 25th
percentile threshold obtained for the lipid metabolism at the metabo-
lome level, the highest sensitivity among all affected biochemical
pathways. Second, the dose-response approach highlighted that among
all of the impaired pathways, most of the metabolites associated to lipid
metabolism showed a monotonically decreasing trend along the con-
centration gradient. Of the biochemical pathways, this trend was only
found for lipid metabolism, which indicates that the underlying path-
ways (e.g. biosynthesis of unsaturated fatty acids, alpha-linolenic me-
tabolism) could not be compensated by other pathways. This result
essentially points to the mode of action of triclosan in S. vacuolatus. A
recent study confirmed that triclosan impaired lipids or fatty acids
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related functional groups through quantitative assessment and thus for
different microalgae and at concentrations similar to the one used in
our study (Xin et al., 2019). Conversely, most sensitive contigs asso-
ciated to the lipid metabolism displayed a lower sensitivity compared to
the metabolome suggesting regulation at higher concentrations. Based
on the role of the lipid metabolism in cell growth processes, we also
assume that triclosan may have a widespread effect on membrane in-
tegrity that at higher dose jeopardizes population growth, which be-
came obvious in the phenotypic observations. In conclusion, the in-
formation provided at both molecular levels in terms of trend response
and sensitivity supports mode of action characterization of the biocide
in this non-target species and confirms the importance of combining
responses from different molecular levels when the mode of action of a
compound is not fully characterized. Triclosan is further known to in-
duce various responses in a wide diversity of organisms (Alfhili and Lee,
2019; Dhillon et al., 2015). For example, the bacterium Mycobacterium
tuberculosis exhibited numerous impaired pathways (e.g. lipid metabo-
lism, cell wall), indicated by transcriptome analysis after 6h of ex-
posure to 8 mg/L of triclosan (Betts et al., 2003). In our study, we ob-
served that triclosan in S. vacuolatus induced expression changes at
lower concentrations than for bacteria (Betts et al., 2003) and in nu-
merous metabolic pathways at both metabolome and transcriptome
levels. Effects on the carbohydrate metabolism and the energy meta-
bolism including photosynthesis at both molecular levels suggest a
global secondary effect of triclosan regarding the energy acquisition to
compensate for toxic effects. Further, the increasing expression of
contigs associated to enzymes involved in detoxification processes
(ascorbate peroxidase, catalase, thioredoxin and glutathione s-trans-
ferase) revealed that algal cells trigger compensation of reactive oxygen
species production and detoxification processes in a dose-dependent
way. Those enzymes are especially known to be involved in plant de-
fense mechanisms against oxidative stress (Caverzan et al., 2012; Pillai
et al., 2014; Sarkar et al., 2005) and suggest that the cells are able to
cope with oxidative stress at least up to 7 ug/L of triclosan.

Effects of other toxic compounds may result in different ranking of
sensitivities of molecular levels as well as pathways in dependence of
the mode of action and primary target. This illustrates the added value
of multi-omics approaches to derive an integrated picture of the toxic
response. These conclusions could be drawn despite a low annotation
rate at both molecular levels. On the other hand, the comparable results
in terms of cumulative sensitivity distributions of the overall metabolic
and transcriptomic responses of annotated and non-annotated items,
respectively shows the power of this approach and also motivates to
make use of the complete untargeted response pattern beyond specific
information on the responding items.

4.5. Deriving protective threshold from molecular data

Most studies dealing with effect assessment of triclosan to micro-
algae have reported effects at the apical levels for single-species ex-
periments in laboratories (Machado and Soares, 2019) as well as for
environmental communities (Eriksson et al., 2015; Pinckney et al.,
2017) based on apical responses (e.g. growth, photosynthesis). As
sensitivity values are mostly related to a higher level of effect (e.g.
EC50, Effect Concentration that inhibits 50 % of the biological para-
meter) and/or higher exposure concentration ranges, the comparison to
the values obtained for apical endpoints in our study is restricted. For
example, microalgal single-species bioassays have provided various
sensitivity values such as 1.4 and 4.7 ug/L (EC50 (von der Ohe et al.,
2012)) or 0.5pug/L (No Observed Effect Concentration (Singer et al.,
2002)). Also, most studies exposed for longer exposure times such as
72h or 96 h (Machado and Soares, 2019; Pinckney et al., 2017) to cover
chronic effects, while we worked with a synchronized culture, which
provides a 8-fold increase of the population density within 24h. An
exposure of 14 h during the growth phase as performed in this study, is
probably beyond acute exposure and a propagation to chronic effects is
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reliable based on a time series analyses performed with the same ex-
perimental settings (Vogs and Altenburger, 2016). From such values,
some of those studies have derived protective thresholds using arbitrary
safety factors. To compensate for uncertainty in current risk assessment
approaches, safety factors of several orders of magnitude were applied,
resulting in Predicted No Effect Concentrations (PNEC) ranging from
1.4ng/L and 1.6 pg/L (Capdevielle et al., 2008; von der Ohe et al.,
2012). However, the choices of these factors are rarely based on sci-
entific rationales. The lowest sensitivity values observed in our study
fall in the range of PNEC-values reported in literature indicating that
molecular approaches may support current risk assessment approaches
by providing more informed protection thresholds based on mechan-
istic understanding.
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