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ABSTRACT

We deployed multivariate regression to identify compounds co-varying with the mutagenic activity of
complex environmental samples. Wastewater treatment plant (WWTP) effluents with a large share of
industrial input of different sampling dates were evaluated for mutagenic activity by the Ames
Fluctuation Test and chemically characterized by a screening for suspected pro-mutagens and
non-targeted software-based peak detection in full scan data. Areas of automatically detected peaks were
used as predictor matrix for partial least squares projections to latent structures (PLS) in combination
with measured mutagenic activity. Detected peaks were successively reduced by the exclusion of all
peaks with lowest variable importance until the best model (high R? and Q?) was reached. Peaks in the
best model co-varying with the observed mutagenicity showed increased chlorine, bromine, sulfur,
and nitrogen abundance compared to original peak set indicating a preferential selection of anthro-
pogenic compounds. The PLS regression revealed four tentatively identified compounds, newly identified
4-(dimethylamino)-pyridine, and three known micropollutants present in domestic wastewater as
co-varying with the mutagenic activity. Co-variance between compounds stemming from industrial
wastewater and mutagenic activity supported the application of “virtual” EDA as a statistical tool to sep-
arate toxicologically relevant from less relevant compounds.
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1. Introduction

Over the last decades an increasing number of pollutants has
been detected in surface water. The majority of these substances
originates from human use and enters surface water via treated
and untreated wastewater (Reemtsma et al., 2006; Nikolaou
et al., 2007). Simultaneously, the biological characterization of
wastewater treatment plant (WWTP) effluents revealed genotoxic,
mutagenic, estrogenic, and other effects (Claxton et al., 1998;
Miége et al., 2009). Mutagenic and genotoxic effects were reported
to trigger long term effects on the survival of species (Anderson
and Wild, 1994), but only limited information is available about
compounds responsible for these effects.

To identify compounds with adverse effects in the environment,
both chemical and biological characterization was combined to
establish cause-effect relationships between compounds present
and biological effects (Vermeirssen et al., 2010; Smital et al,
2011). To this end, two different approaches have been suggested.
(1) Effect-directed analysis (EDA) is based on an experimental
reduction of mixture complexity using chromatographic tech-
niques to isolate active fractions for toxicant identification
(Brack, 2003). Site-specific effect-relationships between chemical
contamination and mutagenicity were investigated in several
EDA studies (Reifferscheid et al., 2011; Gallampois et al., 2013).
However, EDA is still costly and time-consuming and thus so far
its application on a larger scale is limited. (2) An alternative
approach using multivariate statistics to reduce the complexity
of environmental contamination by correlation of effects with
chemical analytical signals has been propagated as “virtual” EDA
(Eide et al., 2002, 2004). In contrast to EDA, which focuses on a
small number of samples, “virtual” EDA needs to be applied to lar-
ger sets of samples in space or time. Although this approach does
not provide cause-effect relationships as such it has the potential
to extract relevant information out of large datasets to derive
hypotheses, which can be confirmed experimentally.

A large number of often co-varying variables (components) and
a too small number of samples are major limitations for the appli-
cation of multivariate statistics to environmental samples. PLS
analysis may overcome this limitation since it tolerates data sets
with co-varying predictors, large numbers of variables exceeding
the number of observations (Kettaneh-Wold, 1992) and strongly
co-varying, collinear data matrices (Wold et al., 1984).

The major goal of PLS analysis is the discrimination of variables
co-varying with the response from those not co-varying. PLS has
been demonstrated to provide meaningful correlation of chemical
fingerprints of exhaust particle extracts and mutagenicity, but also
of biotic indicators of surface water quality and landscape condi-
tions (Eide et al., 2002; Nash and Chaloud, 2011).

This study presents “virtual” EDA as a tool for the exploita-
tion of combined chemical and toxicological monitoring data
for the characterization of chemicals correlating with observed
effects. The exercise was conducted using a sequence of six
weekly taken effluent samples from a mixed industrial and
municipal WWTP effluent exhibiting varying mutagenicity in
the Ames Fluctuation Test after activation with S9. To this end,
mutagenicity testing was combined with a LC-HRMS non-
target screening (Hug et al., 2014) supplemented with a suspect
screening for a set of (pro)-mutagenic aromatic amines since this
compound group requires S9 activation and has been made
responsible for mutagenicity in surface waters in the past
(Kataoka et al., 2000; Fukazawa et al., 2001). Mutagenic activity
and all detected peaks were subjected to a PLS regression to fil-
ter out those peaks co-varying with the mutagenicity by a step-
wise dimensionality reduction of the model. Differences between
peaks identified as co-varying with the mutagenicity and all

detected peaks were determined and evaluated for their
plausibility.

2. Materials and methods
2.1. Sampling and extraction

The effluent from the WWTP Bitterfeld-Wolfen, Saxony-Anhalt,
Germany was grab-sampled at the outlet into the river Mulde once
a week for six weeks using 5 L aluminum containers. Samples were
named as sample 1 to sample 6 based on their order of sampling
and stored for up to 5 days at —20 °C before extraction.

After filtration through glass fiber filters (GF/F Whatman), a vol-
ume of 20L of WWTP effluent (pH 7-7.8) was extracted by
solid-phase extraction (SPE) using 4 g of Chromabond HR-X sor-
bent (Macherey-Nagel) in Omnifit columns (Diba Industries Ltd)
and a preparative HPLC pump (NoraPrep 200, Merck). After perco-
lation through the SPE cartridge the aqueous phase was adjusted to
pH 3 with formic acid and extracted a second time. The sorbent
from both extractions was eluted with 300 mL of methanol,
200 mL of methanol containing 0.2% formic acid and 200 mL of
methanol/acetone (80:20; v:v). The combined extracts were neu-
tralized, evaporated to dryness and redissolved in methanol to a
concentration factor of 1000. The ability of the SPE method to
extract compounds with a wide range of physico-chemical proper-
ties has been shown before (Hug et al., 2014). Defined aliquots of
samples were dried under nitrogen and re-dissolved in dimethyl
sulfoxide (DMSO) for biological assessment. Prior to LC-MS analy-
sis an aliquot of the methanol extract was filtered using a PTFE syr-
inge filter (0.45 um, Macherey-Nagel) and diluted with three parts
of bidistilled water. A blank sample from 10 L of bidistilled water
was prepared applying the described extraction procedure.

2.2. Mutagenicity testing and prediction

The Ames Fluctuation Test (AFT) was performed as described in
Reifferscheid et al. (2012) with slight modifications using a TA98
tester strain with and without metabolic activation by S9 on
384-well microplates. Mutagenic samples induced a reversion
from the auxotrophic to the prototrophic genotype indicated by a
color change of the pH indicator bromocresol purple.
Spontaneous reversion was evaluated in eight replicates with
DMSO as negative control. The sensitivity of the TA98 strain was
monitored with a dilution series of 2-nitrofluorene for tests with-
out and 2-aminoanthracene for tests with metabolic activation.
The mutagenic activity (given as revertants per L wastewater in L
methanolic extract) was determined by fitting the number of pos-
itive wells to an exponential equation, see equation S1 and
Supplementary Material (SM) S1.6. (Gallampois et al., 2013). The
mutagenic activity was determined in triplicates with eight dilu-
tions in three independent tests.

2.3. LC-MS/MS analyses and data processing

The liquid chromatography separation was performed with an
Agilent 1200 UPLC system equipped with a Kinetex™ Core-Shell
C18 column (100 mm x 3.0 mm; 2.6 um; Phenomenex) with a lin-
ear gradient elution with water and methanol both containing
0.1% formic acid with a flow of 0.2 mL/min. The initial fraction of
10% methanol was increased after 3.2 min to 95% within a linear
gradient in 17.8 min. Menthanol was maintained at 95% for
20 min followed by a re-equilibration for 9 min. The LC system
was connected to an ion trap-Orbitrap hybrid instrument (LTQ
Orbitrap XL, Thermo Scientific). Analytes were ionized by electro-
spray ionization in positive (ESI+) and negative (ESI-) ion mode.
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Full scan chromatograms were acquired with a nominal resolving
power of 60,000 (full width height maximum referenced to m/z
400, FWHMyq0) and a mass deviation <5 ppm.

Data-dependent  high-resolution product ion spectra
(HRMS/MS) were recorded in a separate run. Parent peak lists were
assembled from identified masses co-varying with mutagenicity
(see Section 2.4) and masses of suspect promutagens. Collision
induced fragmentation spectra were recorded at normalized colli-
sion energies of 35% and 50% and higher-energy collisional dissoci-
ation spectra at 50%, 70%, 90%, 120% at a nominal resolving power
of 15,000 (FWHM400).

For statistical analysis, ESI+ data files were converted to the
mzXML format and transformed to centroid data using the
ProteoWizard v3.0 software (Chambers et al., 2012). Peak detection
was performed in R, v2.15 (RDevelopmentCoreTeam, 2010), using
the packages xcMs (Smith et al., 2006), and RANN (Kemp and
Jefferis, 2012), see S1.4. Peaks in different samples were grouped
based on their accurate mass and retention time applying an m/z
width of 0.0015. Tables with peak groups defined by retention time
and accurate mass were further processed in Microsoft Excel. Peaks
with a sample to blank area ratio <10 were excluded from analysis.

Peak lists were screened for 44 pro-mutagenic amines which
have been identified in environmental samples before (Table S1).
Reference standards, retention times and HRMS/MS spectra were
available for 22 of these pro-mutagens, others were screened for
in a suspect screening process as described by Hug et al. (2014).
ESI+ chromatograms were searched for exact masses of [M+H]*
ions of the 44 amines with a tolerance of +5 ppm. Peaks were eval-
uated by a query in MassBank (Schulze et al., 2012) and an analysis
of HRMS/MS spectra by MetFrag (Wolf et al., 2010).

2.4. Multivariate analysis

Multivariate data analysis was performed in R using the pack-
ages PLS (Mevik et al., 2013), ade4 (Dray and Dufour, 2007),
vegan (Oksanen et al, 2012), and gclus (Hurley, 2012).
Logarithmic transformed predictor matrix was analyzed by princi-
pal component analyses (PCA) (Jackson, 2003) for possible outliers
(details see S1.7).

After a screening for known pro-mutagens, all peaks were ana-
lyzed to reveal co-variances between mutagenicity and peaks by
PLS regression (Wold et al., 1984). In a PLS regression it is assumed
that mutagenic activity does not co-vary with all variables, but a
few latent variables. These latent variables, in our case chromato-
graphic peaks are identified.

PLS analysis only performs sufficiently, if peaks co-varying with
the mutagenicity are detected in a minimum fraction of samples
included in analysis (Kettaneh-Wold, 1992). Thus, only peaks
detected in at least three samples with a minimum intensity of
1-10° were considered for predictor matrix X for statistical analy-
sis. In the predictor matrix X each row represents one sample and
each column one peak defined by retention time and accurate
mass. Not detected peaks are represented by a zero. The response
vector y was the mutagenicity of all samples.

Thus, after scaling to unit variance peaks or peak groups which
co-vary with mutagenicity are discriminated by PLS regression
from non-co-varying peaks by variables’ influence on projection
(VIP), which is calculated based on the weighted sums of the abso-
lute regression coefficients. Variables’ importance is proportional
to its reduction in the sums of squares.

Starting with a PLS model including all variables the complexity
of the model is sequentially reduced by eliminating variables with
an influence on projection below 0.8 (Thomas et al., 1998). The goal
was the establishment of models with a maximum predictive
power (Q?), a maximum correlation coefficient of the matrix X
and vector y (R?Y) and a minimum of variables (peaks) involved.

The parameter Q? represents the coefficient of determination from
the cross-validation (Wold, 1978), thus the predictive power of the
model.

A coincidental selection of variables was excluded by the selec-
tion of 500 peak sets containing 205 randomly selected peaks,
which were analyzed by PLS regression. Q* values from PLS models
based on the randomly chosen subsets were compared to values of
subsets systematically selected by VIP.

2.5. Analysis of peaks selected by PLS

Lists of all peaks and of peaks selected by PLS were analyzed
using the R package nontarget to detect '3C, 37Cl, 'Br, N, 2°Si,
and S isotope peaks (Loos, 2012), see S1.5. The peaks detected
as co-varying with mutagenicity by PLS were compared for their
mass and retention time distribution, for the detection of isotope
peaks and common substructures with the whole data set.

Compounds co-varying with the mutagenic activity were sub-
jected to the identification process described by Hug et al. (2015).
Molecular formulas within a +5 ppm window were transformed
from accurate m/z values to masses of the neutral molecules assum-
ing anionization as [M+H]" in ESI+and as [M—H] "~ in ESI-. Molecular
formulas were calculated by the QualBrowser including the ele-
ments C, H, N, S, O, P, F, Cl, Br, Si, and in ESI+ Na. The number of C,
Cl, Br, N, S, and Si atoms was gained from the isotope patterns with
atolerance of +1 for Cand £50% for N due to the low intensity of the N
isotope peak. Molecular formulas were checked for their plausibility
by the Seven Golden Rules (SGR) fast checker (Kind and Fiehn, 2007).
HRMS/MS spectra were acquired for all peaks with confirmed
molecular formula. The spectra were visually and automatically
evaluated for fragments by MetFrag (Wolf et al., 2010) in combina-
tion with a ChemSpider query (mass tolerance 5 ppm) and a search
in MassBank (Schulze et al., 2012). Retention time was predicted for
all candidates applying a LSER retention time prediction model with
an admissible tolerance of the 95%-prediction interval (Ulrich et al.,
2011; Huget al., 2014). Predicted retention time was not considered
for candidate structures dissociated at the chromatographic condi-
tions. Log Kow and pK, values were calculated in JChem for Excel ver-
sion 6.2 (Chemaxon, Hungary).

The mutagenic activity of candidate structures was predicted
using the VEGA software (http://www.vega-gsar.eu), details see
S1.6.

3. Results and discussion
3.1. Mutagenic activity and chemical composition of WWTP effluent

All samples showed mutagenic activity in the AFT only after
metabolic activation by S9 mix. The order of mutagenic activity
after metabolic activation with S9 (revertants/mL wastewater in
mL wastewater extract in brackets) was: Sample 1 (1.77)>
Sample 4 (1.57)> Sample 3 (1.11)> Sample 2 (0.94) > Sample 5
(0.70) > Sample 6 (0.57) see Table S2.

3.2. Dataset for statistical analysis

After no known pro-mutagens could be identified, all detected
peaks were analyzed by PLS regression. By automated peak picking
in XCMS 949 peaks defined by accurate mass and retention time
fulfilled the criteria stated above in ESI+, 565 in ESI—. Thus, the pre-
dictor matrix for the PLS analysis contained 1470 peaks. On aver-
age, 1347 peaks (1213-1430) were detected per sample.

Peaks were mainly detected at retention times between 2.2 and
5min and 15 and 30 min (Fig. 1), which is corresponding to
log Kow values between —-1.8 and -1.2 and 1.0 and 4.3,
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Fig. 1. Distribution of m/z values and retention time of peaks in original dataset (a and b) and of the 205 peaks selected based on VIP (c and d); (e) detection of isotope pattern
by R nontarget in the original dataset and for peaks selected based on VIP. Frequency of detection is given as percent of all peaks in the evaluated dataset. Chlorine and
bromine peaks are not distinguished by the R non-target analysis, because the mass difference of M + 2 isotope peaks of chlorine and bromine is below 3 ppm for molecules
with m/z > 300 a.u. and intensity evaluations are only based on the M + 2 isotope peaks.

respectively (SM S2.3). Peaks eluting between 2.2 and 5 min indi-
cate that compounds are highly hydrophilic, eluting close to the
chromatographic dead time of the column. The evaluation by the
R nontarget package assigned that 2.6% of the detected com-
pounds contained Cl or Br, 0.3% Si, 0.6% S, and 0.1% N. The samples
likely contain a higher number of compounds containing Cl, Br, Si,
and N, because low intensity isotope peaks might not be reliably
found by automated peak detection. The underestimation of the
number of isotope peaks was assumed to be the same for all peaks
and peaks selected by PLS regression, thus the results from isotope
peaks are appropriate for a comparison of datasets.

3.3. Multivariate evaluation

Before PLS regression, the 6 x 1470 predictor matrix of areas of
automatically detected peaks was analyzed for potential outliers
(see S2.4). Based on the quantile-quantile plots of the first two PCs
of the PCA, none of the samples was identified as outlier, see
Fig. S3. Then the predictor matrix was analyzed for the co-variance
of automatically detected peaks with mutagenic activity by a PLS
regression. By the consecutive removal of all variables with an influ-
ence on projection <0.8 (Wold et al., 2001) the number of variables
was reduced from 1470 to 51 with the intermediate levels shown
in Table 1. Concurrently, the fraction of the mutagenic activity
explained by the model (R?Y) and the cross-validates prediction R?
(@?) increased to a maximum for the R?Y of 1.00 and 0.92, respec-
tively. The further reduction of variables led to the decrease of R?Y
and Q2. The PLS model with 62 compounds showed the highest Q?
value of all models, whereas the R?Y decreased from 1.00 to 0.70
by the reduction of variables from 205. This is also visible in Fig. S6
showing the predicted versus the measured mutagenic activity.
Thus, we assume the model with 205 components to be the model
with best predictive power and fit as it has the lowest residues
between predicted and experimental mutagenicity and a higher Q?
than for other models with fewer variables.

Peaks included in the optimum PLS model (No. 7, Table 1) were
characterized, screened for target compounds listed in Hug et al.,
2014 and subjected to an identification process.

Table 1

Number of components used for PLS regression, number of peaks included in the PLS
model, correlation coefficient of the matrix X and vector y (R?Y), and cross-validates
prediction R? (Q?) of these PLS models and corresponding values for the validation of
the model No. 7.

PLS No PLS RY @ Number
components of peaks

1 1 0.90 046 1470

2 1 090 073 945

3 1 090 065 801

4 1 090 0.71 767

5 1 091 0.82 643

6 2 099 0385 337

7 2 1.00 0.84 205

8 1 0.70  0.92 62

9 1 0.88 -027 53

10 1 089 -1.83 51

Validation based on 2 Min —-1.22 205

randomly chosen Max —0.53

variables and PLS model
No. 7

Values for the best PLS model are presented in bold.

For the validation of the established model, 500 groups of 205
peaks were randomly selected from the predictor matrix and eval-
uated by a PLS model. Thereby, a coincidental selection of 205 vari-
ables for the best PLS model was excluded. Table 1 and Fig. S7
show the obtained R?Y and Q? values. The Q? values for randomly
selected predictor matrices ranged from —1.22 to —0.53, compared
to 0.84 for the model established by the VIP based selection of vari-
ables. Thus, peaks selection during the PLS was not coincidental,
but peaks showed an above-average co-variance with the muta-
genic activity.

3.4. Analysis of the peaks detected as co-varying with mutagenic
activity

Compounds co-varying with the mutagenic activity were char-
acterized and showed the following differences compared to all
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peaks for m/z values, retention time, and the abundance of chlo-
rine, bromine, nitrogen, and sulfur:

The distribution of masses in both, the restricted and the com-
plete dataset, centered around 250, but the restricted data set of
205 peaks from PLS analysis includes fewer peaks with masses
>300 m/z (Fig. 1a and c). Most of the peaks were detected in a
retention time range of 15-30 min for both datasets, whereas a lar-
ger fraction of peaks with low retention times were detected for
the dataset co-varying with mutagenic activity. For the original
dataset more peaks were detected with a retention time >30 min
(Fig. 1b and d). The retention time of compounds correlating with
the mutagenicity between 15 min and 30 min corresponds to a log
Kow of 0.9-3.3 (see S2.3) and is in accordance with results from a
previous study (Hug et al., 2015).

More peaks with S, N, and Br or Cl isotope pattern were detected
in the dataset selected by PLS, see Fig. 1. The increased frequency of
N, S, and halogens in the PLS dataset suggests a preferential selec-
tion of anthropogenic compounds and an exclusion of
non-anthropogenic effluent organic matter compounds (e.g., fatty
acids and other microbial metabolites), which mainly consist of
C, H, and O. The increased presence of N in peaks correlating with
mutagenicity is in agreement with predominance of N-containing
compounds among known metabolically activated mutagens
(Ahlberg et al., 2014; Kazius et al., 2005). However, none of the sus-
pected pro-mutagenic aromatic amines was detected in the
samples.

Seventeen peaks without a Lorentzian peaks shape and 35 with
an intensity <1 - 10° of the 205 peaks were excluded from further
processing. For three of 153 remaining peaks the SGR fast checker
did not confirm any possible molecular formula. Seventeen of the
molecular formulas did neither have an entry in the ChemSpider,
nor in the PubChem database. These peaks were put on hold since
commercial standards for these compounds are not available and
would prohibit for a straightforward identification. Candidates
found for the molecular formula were ranked using the MetFrag
score for the HRMS/MS spectra (Wolf et al., 2010) in combination
with a ChemSpider search, a query in MassBank (Schulze et al.,
2012) and the prediction of the chromatographic retention by a
LSER model (Ulrich et al., 2011; Hug et al., 2014).

From the remaining 133 peaks and molecular formulas eight
compounds could be identified or tentatively identified, which
are shown in Table 2. For these compounds a molecular formula
could be confirmed by HRMS/MS spectra and retention time
prediction.

Three target compounds (diclofenac, benzothiazole-2-sulfonic
acid, phenylbenzimidazole sulfonic acid) and two tentatively iden-
tified nontarget compounds from a previous study (6,7,8,9-tetrahy
drobenzocyclohepten-5-one, naphthalenedisulfonic acid benzene-
sulfonamide) (Hug et al., 2014) were found among these 133 com-
pounds. These tentatively identified compounds showed a good
agreement of predicted and measured HRMS/MS spectra, retention
time and the number of hydrogens exchangeable by deuterium,
but their identity was not confirmed due to the absence of refer-
ence standards.

In addition, we newly identified 4-(dimethylamino)-pyridine
(4-DMAP) co-varying with the mutagenic activity of the samples.
4-DMAP is produced by the chemical industry discharging via
the WWTP, is used as nucleophilic catalyst in industrial processes
(Grondal, 2003), but was reported as not mutagenic (Ogawa et al.,
1988). An ethoxy(pyrrolidinyl)benzaldehyde and 2-ethoxy-N-(1-
methyl-3-phenylpropyl)-acetamide were tentatively identified
based on matching predicted and experimental retention times
and HRMS/MS information. Literature spectra or commercially
available standards for confirmation were lacking. All tentatively
identified compounds were predicted to be not mutagenic by at
least two out of three models, thus they are presumably not

mutagenic. Based on these results, a synthesis of these compounds
was not considered. The low number of positively identified com-
pounds is caused by the lack of comprehensive LC-HRMS/MS data-
bases, uncertainty in retention time prediction for ionic
compounds at the chromatographic conditions like aromatic ami-
nes and the absence of reference standards as discussed in detail
in Hug et al. (2014).

Benzothiazole-2-sulfonic acid is used in rubber and dye produc-
tion (Hunger, 2003; Kloepfer et al., 2005), but is also assumed to be
an oxidation product of methylbenzothiazoles, thus stems from
domestic and industrial sources (Reemtsma et al., 2002).
Naphthalenedisulfonic acid benzenesulfonamides are used in dye
production (Sakalis et al., 2004), as dispersants (Altenbach and
Giger, 1995), and additives in cement and concrete (Dodson,
1990). Naphthalene sulfonic acids were detected in industrial
wastewater (Storm et al., 1999) and their application is restricted
to industry (Altenbach and Giger, 1995). The operator of the
WWTP reported azo dye production for the time of sampling (per-
sonal communication), thus we would assume industrial applica-
tion or production of azo dyes as most likely source of the
naphthalenedisulfonic acid benzenesulfonamide. While the candi-
dates were predicted as not mutagenic by prediction models, very
similar structures were reported to be mutagenic (Chung and
Cerniglia, 1992), thus degradation products, analogously produced
or applied compounds might contribute to the mutagenic effect.
6,7,8,9-Tetrahydrobenzocyclohepten-5-one was reported as educt
for the synthesis of pharmaceuticals (Boulos et al., 2012) or might
stem from the synthesis of 4-methyltetralone in the industrial area
connected to the WWTP. Thus, several compounds co-varying with
the mutagenic activity originate completely or partially from
industrial processes, some were assigned to specific branches.

4. Conclusions

While “virtual” EDA has been suggested earlier, a study demon-
strating the potential power of this approach was still missing. In
the present study the integration of LC-HRMS/MS analysis, muta-
genicity testing and PLS multivariate statistics was able to reduce
a large number of peaks detected in a WWTP effluent to only
14% of them co-varying with mutagenicity. The elemental compo-
sition of these 205 remaining peaks clearly discriminates the sub-
set from non-co-varying peaks and supports their industrial origin.
The selection of compounds eluting in the range between 15 and
30 min is in accordance with a conventional EDA study on samples
from the WWTP effluent (Hug et al., 2015).

Compounds selected by PLS are assumed to either be mutagenic
or to occur in concentrations co-varying with those of the muta-
gens causing the observed effect. The latter suggests the same
sources or processes emitting both sets of chemicals. While the
applied PLS regression should not be misunderstood as a tool to
predict mutagenic activity from a limited set of chemicals, the sta-
tistical analysis supported the identification of suspicious indus-
trial processes and is a basis for subsequent studies analyzing
these processes for the formation of potential mutagens as candi-
date chemicals for toxicant identification. The number of available
samples (6) was rather small in this study. The selectivity of this
“virtual” fractionation method is assumed to rise with an increas-
ing numbers of samples.

Major pre-condition of a promising application of “virtual” EDA
is the existence of sequence of samples, which are of similar com-
position but with varying concentrations of individual chemicals
and varying toxic effects. The approach may be used for temporal
sequences of effluent water samples as in this study but are also
promising for river basin, national or European scale monitoring
as long as sampling and analysis are harmonized. While
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Table 2

Compounds (tentatively) identified as identity of one of the 205 peaks co-varying with the mutagenic activity.

Status Compound Exact mass ty Ion Molecular Source Mutagenic activity
detected formula
(amu) (min) Predicted Exp.

Tent. Identified®  6,7,8,9-Tetrahydrobenzocyclohepten-5-one 161.0960 247 [M+H]* Cy1H;,0 Industry Not mutagenic n.d.
Tent. Identified®  Naphthalenedisulfonic acid 457.9675 16.5 [M-H]™ C;6Hi3NOgS3 Industry Not mutagenic n.d.

benzenesulfonamide
Identified Benzothiazole-2-sulfonic acid 213.9638 17.0 [M-H]™ C;HsNOsS, Industry/ Not mutagenic Negative

Domestic
Identified Phenylbenzimidazole sulfonic acid 273.0337 15.7 [M-H]~ Cy3H;0N;05S Domestic Not mutagenic Negative
Identified Diclofenac 294.0093 26.6 [M-H]  Cy4H;,Cl,NO, Domestic Not mutagenic Negative
Identified 4-(Dimethylamino) pyridine 122.0844 3.8 [M+H]* C;HqoN; Industry Not mutagenic Negative
(nontarget)

Tent. Identified 2-Ethoxy-4-(1-pyrrolidinyl)benzaldehyde/ 219.1259 25.7 [M+H]" C;3H;7,0,N  Industry” Mutagenic (low n.d.

3-Ethoxy-4-(1-pyrrolidinyl)benzaldehyde reliability)
Tent. Identified 2-Ethoxy-N-(1-methyl-3-phenylpropyl)- 235.1572 20.7 [M+H]* Cy4Hz;NO,  Not known Not mutagenic n.d.

acetamide

¢ Tentatively identified by Hug et al. (2014). 2-Methyl-1-tetralone was excluded as candidate for this compound by the acquisition of the reference standard, which
resulted in a HRMS/MS spectrum deviating from the one in the sample. HRMS/MS spectra of 4-(dimethylamino)-pyridine in sample and reference standard are given in

Figs. S8-S11.

b 4-(1-pyrrolidinyl)benzaldehyde is produced in the industrial area connected to the WWTP. Experimental (exp.) mutagenic activity was either negative in the AFT.

€ Not determined (n.d.) because no reference standard was available.

demonstrating the potency of virtual EDA to exclude chemical sig-
nals without relevance for observed effects, this approach does not
confirm cause-effect relationships between specific contaminants
and observed (and co-varying) effects. Virtual EDA may be seen
as a promising tool to support long term or large scale monitoring
programs by deriving hypotheses on causing agents for further
confirmation by more in-depth studies at specific sites or time
points. Thus, virtual EDA may serve as a link in a chain of tools
for the characterization, identification and assessment of complex
environmental contamination.
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