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A customizable in silico tool (SusTool) for generating high resolution mass spectrometry (HRMS) suspect
screening lists, speciﬁcally designed for the detection of hazardous organic compounds in various
environmental compartments, was created. A database consisting of ~32 000 environmentally relevant
organic compounds was constructed, including data on their physicochemical properties, environmental
fate characteristics, and endocrine disruption potential, along with emissions and quantity indices. Welldeﬁned customized suspect lists were generated by systematic ranking using a scoring and weighting
procedure. For demonstration purposes, three suspect screening lists were created, one for water
(SLWater) and two for biota covering less (SLBiota Kow<5) or more hydrophobic chemicals (SLBiota Kow>3).
Scrutiny of overlaps between compounds within these lists and the SusDat database (20 suspect lists
comprising ~58 000 compounds compiled by the Norman network) showed that approximately half of
the compounds in the three suspect lists were also listed in one of the SusDat database lists. This indicates that SusTool is able to include highly relevant emerging pollutants, but also captures other
compounds of potential concern that have been less well studied or not yet investigated. Overall, our in
silico prioritization approach enables systematic creation of suspect screening lists and provides new
opportunities for suspect screening for environmentally relevant compounds.
© 2019 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND
license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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1. Introduction
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New chemicals are continually being introduced onto the market. There are >130 000 000 organic and inorganic substances
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registered with CAS numbers in the CAS RegistrySM (2017), of which
348 000 substances are regulated in key markets worldwide (CAS
registry SM, 2017). There are several global chemical inventories,
e.g., ~84 000 substances are included in the U.S. Toxic Substances
Control Act (TSCA), ~45 000 substances in the inventory of existing
chemical substances produced or imported to China (IECS), ~39 000
substances in the Australian inventory of chemical substances
(AICS), ~28 000 substances in the Japanese existing and new
chemical substances inventory (ENCS), and ~23 000 substances in
the Canadian domestic and non-domestic substance lists (DSL/
NDSL) (Chemical Inspection and Regulation Service, 2012). In the
European Union (EU), ~24 000 substances are registered in the
REACH regulation, of which >2400 are classiﬁed as high production
volume chemicals (REACH, 2017). Small numbers of these compounds are regulated in order to protect environmental and human
health; for example, the Stockholm Convention comprises 30
compounds/classes (Stockholm Convention, 2008) and the EU
Water Framework Directive (WFD) includes 48 priority compounds/classes (WFD, 2011). Some authorities have compiled inventories of substances of very high concern. For example, the
European Chemicals Agency (ECHA) has created a list of compounds to be considered in the EU REACH regulations (REACH,
2017). These lists of priority substances are often based on combinations of experimental and estimated data on persistence, bioaccumulation potential, carcinogenicity, mutagenicity, and effects
on reproduction (CMR) (Muir et al., 2006; Rorije et al., 2011; Pizzo
et al., 2016). However, current approaches rarely consider production volumes or emissions to the environment (Gago-Ferrero et al.,
2018).
Suspect screening workﬂows tailored for liquid chromatography
and gas chromatography coupled to high resolution mass spectrometry (LC- or GC-HRMS) have been used to identify new compounds of concern (Gago-Ferrero et al., 2015; Gago-Ferrero et al.,
2018; Schymanski et al., 2015). Suspect screening is based on predeﬁned lists of suspect compounds and the tentative conﬁrmation is relatively reliable, as it is based on accurate mass acquisition.
Examples of suspect lists consisting of deﬁned numbers of compounds include the Norman network suspect exchange (SusDat,
2012) and Comptox from US EPA (Comptox, 2018a). A welldeﬁned suspect list should be compartment-speciﬁc and generally contain well-known pollutants, high production volume substances, or compounds of particular interest (Sobek et al., 2016;
Fernandez-Sanjuan et al., 2010; Masia et al., 2013; Singer et al.,
2016; Avagyan et al., 2017), but it should also contain relevant
new emerging, less studied compounds (Schlabach et al., 2013;
Schymanski et al., 2014).
The aim of this study was to develop an in silico tool for the
creation of HRMS suspect screening lists of organic compounds
tailored for various environmental compartments. The tool is
hereafter referred to as SusTool. The suspect screening lists are
generated by systematic ranking of organic compounds from an
extensive database (>30 000 substances) based on their physicochemical properties, environmental fate characteristics, endocrinedisrupting (ED) potential, emissions index (EI; based on primary
emissions to speciﬁc environmental compartments/recipients.
including humans) (SPIN Database 2017; SPIN Toolbox, 2017)), and
a quantity index (QI; based on annual import, production, and
export on the Swedish market (SPIN Database, 2017; SPIN Toolbox,
2017)). In particular, production volumes and emission characteristics are overlooked in other prioritization tools. SusTool uses a
scoring function with the inclusion of both linear scoring and
scoring around a vertex point (VP), as well as a weighting function
allowing different weights for different parameters. The model can
easily be adapted to ﬁt customized research questions or monitoring objectives, by changing the scoring parameters and
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weighting factors and by adding additional parameters, such as
other toxicological end-points.
For demonstration and evaluation purposes, three suspect
screening lists were created, one tailored for detecting organic
pollutants in water with a focus on drinking water sources (SLWater)
and two for bioaccumulating compounds with a distinction between relatively hydrophilic compounds generally suited for LC
analysis (SLBiota Kow<5) and relatively hydrophobic compounds
generally suited for GC analysis (SLBiota Kow>3) (see Supplementary
Information (SI) Part 2). These lists were created because they
reﬂect commonly studied environments and cover a broad range of
chemicals of potential concern that could be expected to be
detected.
2. Materials and methods
2.1. Databases
Three databases containing organic compounds were merged
into a ﬁnal database. These were: i) a recent U.S. EPA database
consisting of chemicals posing a potential risk in human exposure
(32 464 compounds) (Mansouri et al., 2016), ii) the Swedish medical products list (Farmaceutiska specialiteter i Sverige (FASS
database); 900 pharmaceuticals used in Sweden) (FASS, 2017), and
iii) the Norman list of emerging substances (920 compounds)
(Norman Network, 2017). The U.S. EPA database primarily contains
man-made chemicals to which humans may be exposed and was
selected because of its relevance to human and wildlife exposure
(Mansouri et al., 2016), its high number of organic compounds (e.g.,
REACH contains only ~23 000 compounds), and because it includes
canonical simpliﬁed molecular-input line-entry system (SMILES)
notations and CAS numbers. This dataset was complemented with
the FASS database because pharmaceuticals are frequently detected
as water pollutants (Gago-Ferrero et al., 2017; Gros et al., 2017). The
Norman database was included as these substances have already
been detected in the environment (Norman Network, 2017). The
ﬁnal database was curated by excluding duplicates based on CAS
number and by removing salts (compounds with metal counterions) and compounds without a CAS number. The ﬁnal database
consists of 31 832 compounds, spanning a wide range of compound
classes, e.g., industrial chemicals, biocides, and pharmaceuticals.
2.2. Compound parameters
The compounds in the database were characterized using a total
of 15 parameters, including physicochemical properties (n ¼ 4),
environmental fate characteristics (n ¼ 2), ED potential (n ¼ 3),
exposure indices (n ¼ 5), and quantity index (n ¼ 1). The physicochemical and environmental fate characteristics were calculated
based on the SMILES using EPI Suite™ 4.1 (EPI SUITE 4.1,
2000e2012) (Fig. 1). The selected physicochemical properties
included basic characteristics of environmental distribution, such
as the partitioning coefﬁcient for organic carbon and water (Koc)
(KOCWIN v. 1.68, 2000-20008), the octanol-air partitioning coefﬁcient (Koa) (KOAWIN v. 1.10, 2018), the aqueous solubility (Sw)
(WSKOWWIN v. 1.42, 2000), and the octanol/water distribution
coefﬁcient (D) (ChemAxon/MarvinSketch 15.10.12.0), adjusted to
pH 7 as a relevant environmental pH (Bowen et al., 1984; Rybacka
et al., 2016). The octanol/water-partitioning coefﬁcient (Kow) was
also calculated (KOWWIN v. 1.68, 2000) but only used for setting
the limits for different suspect lists. The environmental fate characteristics included ultimate biodegradation of organic compounds
in the presence of mixed populations of environmental microorganisms (BIOWIN v. 4.10, 2000e2009) and the bioconcentration
factor (BCF) (BCFWIN (BCFBAF) v. 3.01, 2000e2011). The
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Fig. 1. Overview of SusTool, a tool for producing relevant suspect screening lists for different compartments. Koc ¼ organic carbon-water partitioning coefﬁcient; Sw ¼ water solubility; BCF ¼ bioconcentration factor; Koa ¼ octanol-air partitioning coefﬁcient; EI ¼ compartment-speciﬁc primary emissions index; QI ¼ quantity index; D ¼ octanol-water distribution coefﬁcient assuming pH 7; ED ¼ endocrine disruption; ER ¼ estrogen receptor binding; AR ¼ androgen receptor binding; TTR ¼ binding to transthyretin, a transport
protein of thyroid hormones. a)EPI SuiteTM 4.1 (EPI SUITE 4.1, 2000e2012); b)SPIN (SPIN Database, 2017); c)MarvinView 15.10.12.0 (MarvinView 15.10.12.0, 1998e2015); d)OCHEM
2.4.95 (On-line CHEmical database and modeling environment v.2.495, 2016).

biodegradation data were generated on a relative scale (0e5, where
5.0 represents degradation in the range of hours and 3.0 degradation in weeks), using BIOWIN3 (BIOWIN v. 4.10, 2000e2009) in EPI
Suite™. Data from BIOWIN are frequently used to derive estimates
of biodegradation for organic chemicals in the environment
(Jaworsk et al., 2003). Logarithmic transformation of Koc, Koa, Sw, D,
BCF, and Kow values was applied.
Measures of potential exposure to speciﬁc environmental
compartments/recipients (e.g., soil or water) were introduced into
the database using relative data (indices) from the SPIN database
administered by the Nordic Council of Ministers Chemical Group
(SPIN Database, 2017; SPIN Toolbox, 2017). By law, national annual
tonnages on the Swedish market (imports and production) have to
be reported by each user (company) to the SPIN database, which
leads to a comprehensive and unique database. The data used here
included compound-speciﬁc indices ranging from 0 to 5 for: i)
chemical quantity (QI), calculated from data on annual import and
production quantities in the Nordic countries, and ii) emissions (EI)
to ﬁve different ‘exposure compartments’ including air, surface
water, soil, sewage treatment plants, and consumers (EIAir, EIWater,
EISoil, EISewage treatment, EIConsumer) (for details, see Table S1 in SI).
Quantitative data would have been preferable but, because of
conﬁdentiality restrictions, indices were the best available option.
The SPIN database covered 17% of EI and 15% of QI for the compounds in our database. Missing indices were replaced with
average values, to avoid underestimation or overestimation scoring
of compounds with missing data. The SPIN database has previously
been used to create a suspect list focusing on high production/
import volumes, which has been successfully applied to identify
emerging micropollutants (Gago-Ferrero et al., 2018).
In order to score the human health impact of the chemicals, we
introduced the potential to induce endocrine-related effects for
each compound. For this purpose, we used response data indicating
interaction with estrogen and androgen receptors, as well as the
thyroid hormone transport protein transthyretin (TTR). These were
calculated using models (developed by Rybacka et al. (Rybacka
et al., 2015)) implemented in the On-line Chemical Modeling
Environment 2.4.95 (OCHEM) (On-line CHEmical database and
modeling environment v.2.495, 2016), enabling screening of the
entire database.

2.3. SusTool - a suspect list prioritization tool
SusTool has in total 15 parameters for each compound and was
developed using Excel (SI Part 2). It is ﬂexible, enables inclusion/
exclusion of parameters and can easily be adapted according to the
research question and expert judgment. Examples of parameters
that can be added are other toxicity end-points and other physicochemical properties such as volatility. For existing parameters,
cut-off values were introduced in order to exclude outliers with
unrealistically low or high values (Section 2.2). Parameter values
outside the cut-off values are treated as missing data, while all
remaining data are converted into scores ranging from 0 to 1 (see
Table 1 and Table S2 in SI), with a high score representing a high
rank in the suspect list and vice versa. For the scoring, minimum
and maximum parameter score limits (PLLS and PLMS, respectively) and vertex points (VP) were introduced. This makes SusTool
easy to adjust when producing suspect lists for different compartments. PLLS is the parameter limit for the lowest score, PLMS is the
parameter limit for the maximum score, and VP is the vertex point
for which a score of 1 is assigned. PLLS and PLMS are used for linear
scoring, where a higher or lower (depending on parameter) value
gives a higher score. The VP scoring is used when the optimal
condition, for a speciﬁc compartment, of a parameter (log D, log Koc,
log Koa, and log Sw) occurs at a sweet spot value, as in the case of log
D, which affects environmental mobility, bioavailability, and uptake, and therefore the optimal value for a biotic compartment is a
middle value instead of the lowest/highest possible (Kalberlah
et al., 2014; Brown et al., 2008; Schulze et al., 2018).
Before summing up the scores, an adjustable weighting factor is
applied to each parameter in order to adjust the score of each
parameter in accordance with speciﬁc aims of the application. It is
important to note that some of the physicochemical properties and
predicted environmental fate characteristics are correlated with
each other (Table S3 in SI), for example log D and log Koc (p < 0.001).
These correlations should be considered in the weighting, such that
parameters relating to the same fundamental property of a compound (e.g., hydrophobicity) are not all weighted high and therefore overshadow other potentially important parameters (e.g.,
toxicity). The EI parameters are weighted relative to each other and
then multiplied by the QI, while the other scores are simply
multiplied by the weighting factor. The ﬁnal score is calculated as
follows:
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Final Score ¼ P1 *W1 þ P2 *W2 þ ½… þ


E1 *WEI1 þ E2 *WEI2 þ ½…
*QI*WQI
Sum WEIx

where P is the score of the parameter, W is the weight assigned to
that parameter, EI is the score of the emission index, WEI is the
weight assigned to that emission index, QI is the score of the
quantity index, and WQI is the weight assigned to the quantity
index.
2.4. Creation of suspect lists for surface water and biota
For demonstration of SusTool's output, three suspect lists with
500 compounds each were created, one for the aquatic environment with a focus on surface water sources used for drinking water
(SLWater), and two for biota, capturing compounds with bioaccumulation potential (SI Part 2). Two biota suspect lists were
created for biota, because compounds with a wide range of hydrophobicity need to be analyzed with two basically different
analytical techniques, LC- HRMS or GC-HRMS. On the basis of
ﬁndings by Baduel et al. (Baduel et al., 2015), we used the hydrophobicity of the compounds (log Kow<5 and log Kow>3) to differentiate two suspect lists, one comprising hydrophobic compounds
(SLBiota Kow>3) tailored for GC-HRMS analysis and the other with less
hydrophobic compounds (SLBiota Kow<5) generally more suitable for
LC-HRMS analysis (see also SI Part 2).
For SLWater, we judged 12 parameters to be of relevance: Log D,
log Koc, log Sw, log BCF, biodegradation, ED potential for ER, AR, and
TTR, EIwater, EIsewage treatment, EIconsumer, and QI (Table 2). ED
Table 1
Equations for linear and vertex point scoring for all parameters included in SusTool.
Scoring of parameters

Value of parameters

Equations

Log D < 0

2*ðPLLS  PÞ
3*PLLS

Linear scoring
Log D

Log D > 0
3þ
Log Koc

Log Koc < 0

6þ

BCF, EIWater,
EISewage treatment,
EIConsumer, EIAir,
EISoil, QI, ED potential
for ER, AR, and TTR
Biodegradation



2
P
jPLMSj



5*ðPLLS  PÞ
6*PLLS

Log Koc > 0

Log Sw



5
P
jPLMSj



(1a)
(1b)

(2a)
(2b)

Log Sw < 0

1*ðP  PLLSÞ
6*jPLLSj

(3a)

Log Sw > 0

1
1 þ ðPLMS  PÞ

(3b)

P
PLMS

(4)

PLLS  P
PLLS

(5)

1
1 þ jðP  VPÞj

(6)

Vertex scoring
Log D/Log Koc/Log Sw/Log Koa
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(7)

potential was included in the scoring for SLWater because of its focus
on drinking water sources and because substances causing ED effects may impact human health already at very low exposure levels
(Vergeynst et al., 2014). Linear scoring was used for all parameters
included (see Table 1 for equations).
For SLBiota Kow<5, eight parameters were considered to be of
relevance: log D, log Koc, log Sw, log BCF, biodegradation, EIwater,
EIsoil, and QI (Table 2). The parameters BCF, EIwater, EIsoil, and QI (Eq.
(4)) and biodegradation (Eq. (5)) were converted to scores using the
linear scoring approach. In addition, a vertex scoring system was
used for the parameters D, Koc, and Sw, for which a high score was
assigned to values close to a vertex point (Eq. (6)). This is because
these parameters describe both mobility and uptake potential,
meaning that the highest score is obtained at an optimal combination of environmental mobility and uptake at the vertex point, as
proposed by Kalberlah et al. (2014); Brown et al. (2008), and
Schulze et al. (2018); (Kalberlah et al., 2014; Brown et al., 2008;
Schulze et al., 2018). ED potential for ER, AR, and TTR was excluded
in both biota SLs to instead focus on high mobility and high bioaccumulation potential. This strategy was chosen to increase the
probability of a positive detection in biota, rather than ending up
with a few substances with ED potential.
For SLBiota Kow>3, we considered 10 parameters to be of relevance: D, Koc, Sw, Koa, BCF, biodegradation, EIair, EIwater, EIsoil, and QI,
and we used a similar scoring approach as for SLBiota Kow<5 (Table 2).
According to Muir (Muir 2006), chemicals may undergo long-range
atmospheric transport (LRAT) as aerosol-sorbed chemicals and
prioritization strategies should therefore include parameters such
as Koa. We scored this parameter via the vertex point approach (Eq.
(6)) to avoid chemicals with a high distribution in air in SLBiota
Kow>3.
Weighting factors can be ﬂexibly set according to research
question and expert judgment. The selected weighting factors for
all parameters in the demonstration suspect lists are based on a
numerical scale from 0 (no score) to 5 (highest score) and are listed
in Table 2. QI was weighted high in all three suspect lists (5 in all
lists, but each list used different EIs), as high production volume has
been shown to enhance the likelihood of identifying emerging

Table 2
Weighting factors based on a numerical scale from 0 (no score) to 5 (highest score)
used for all parameters when creating the three demonstration suspect lists (SLWater,
SLBiota Kow<5, SLBiota Kow>3). A weight of zero means that the parameter was not
considered at all in the ﬁnal scoring.
Parameter

SLWater

SLBiota

log D
log Koc
log Sw
BCF
Biodegradation
log Koa
ED potential for ER, AR, TTR
EIAira
EIWatera
EISoila
EISewage treatmenta
EIConsumera
QIa

3
3
5
2
1
0
2
0
3
0
2
1
5

2
2
4
5
4
0
0
0
3
2
0
0
5

a

Kow<5

SLBiota

Kow>3

3
2
1
5
4
4
0
3
2
1
0
0
5

Emissions indices (EIs) are weighted relative to the quantity index (QI).
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pollutants using suspect screening (Gago-Ferrero et al., 2018). For
SLWater, the parameter Sw was weighted high (5), because water
solubility has been proven to play an important role in the transport of chemicals from source to environment (Karickhoff, 1984).
Koc also plays an important role and was therefore weighted relatively high (3), while biodegradation was included, but weighted
low (1), since biological degradation occurs to some extent in surface water. The parameters BCF and Sw were weighted highly (4)
for SLBiota Kow<5, because it has been shown that a compound should
be mobile in the aquatic environment (Sw) and also bioaccumulative in order to be subject to bioconcentration and bioaccumulation in aquatic organisms (Kalberlah et al., 2014). In
addition to the parameters weighted high for SLBiota Kow<5, the
parameter Koa was weighted high (4) for SLBiota Kow>3, because of the
possibility of LRAT to remote environments (Muir et al., 2010).
3. Results and discussion
3.1. Impact of weighting
To study the impact of the set weighting factors, the top 500
compounds in the three suspect lists created (i.e., SLWater, SLBiota
Kow<5, SLBiota Kow>3) (Fig. 2b) were compared against the top 500
compounds in non-weighted suspect lists (Fig. 2a), where all
weights for the included parameters were set to 1. The comparison
was made by principal component analysis (PCA) (Simca 14 v.
14.0.0.1359, Umetrics AB), and all 31 832 compounds and their
parameter values, except the emission indices (EIx), were included
in the PCA model. The EIx indices were excluded because these
values are only weighted relative to each other and then multiplied
by the QI score (which was included in the analysis) (see Eq. (7)).
As expected, the compounds in our three suspect lists were
primarily separated based on their physicochemical properties
(Fig. 2a and b). The separation was driven by the higher water
solubility of the chemicals in SLWater versus the higher hydrophobicity of those in SLBiota Kow<5 and SLBiota Kow>3. This ﬁrst principal
component (PC1) separating the two major clusters explained 37%

of the chemical variation. The second component (explaining 15%
of the chemical variation) was driven by the potential for biodegradation and Koa versus binding afﬁnity to TTR. Notably, these
characteristics did not separate the clusters. The two biota suspect
lists were partly separated in PC1 based on their hydrophobicity,
and thus also their bioconcentration factors. The separation was
more distinct in the PCA based on weighted factors (Fig. 2b).
A larger number of overlapping chemicals (n ¼ 162 chemicals;
32%) was observed for the three different non-weighted lists
(Fig. 2a) than for the weighted suspect lists (n ¼ 75 chemicals; 15%)
(Fig. 2b). The smaller overlap after weighting demonstrates
enhanced separation between the different suspect lists, which was
preferred in the formation of unique compartment speciﬁc lists
tailored for distinct analytical approaches. With the weighting
factors applied, the top ranked 500 compounds assigned to SLWater
were not included in either SLBiota Kow<5 or SLBiota Kow>3 (SI Part 2).
Of the compounds found in SLBiota Kow<5, 75 (15%) were also
prioritized in SLBiota Kow>3. It was expected that the biota lists would
not be completely separated, due to the inclusion of similar scoring
parameters and weighting factors for these two suspect lists.
3.2. Halogenated compounds on the three suspect lists
Halogenated compounds are generally environmentally persistent and have high potential for bioaccumulation, which is attributed to the strong carbon-halogen bond (Pramanik, 2014).
Organohalogens are therefore often subject to regulation, e.g., all
persistent organic pollutants (POPs) listed under the Stockholm
Convention are brominated, chlorinated, or ﬂuorinated organic
compounds (Stockholm Convention, 2008). It was therefore of interest to investigate the presence of halogenated compounds in our
database and in our suspect lists. The ﬁnal database contains 22%
halogenated compounds, of which 15% are chlorinated, 6.2% ﬂuorinated, and 3.6% brominated (see Fig. 3). In the biota suspect lists,
organohalogens constitute more than half of the compounds (54%
in SLBiota Kow>3 and 52% in SLBiota Kow<5), while the fraction is low in
SLWater (3.4%). This can be explained by the high weighting of BCF in

Fig. 2. Biplots of principal component analysis (PCA) including all 31 832 compounds and their physicochemical properties (D, Koc, Sw, and Koa), predicted environmental fate
characteristics (BCF and biodegradation), and predicted quantitative in vitro response in terms of endocrine disruption of estrogen, androgen, and transthyretin receptors (ER, AR,
and TTR, respectively). The three suspect lists are shown a) with weighting factor set to 1 (i.e., no weighting) and b) with their weights according to Table 2. SLWater (blue); SLBiota
Kow<5 (red); SLBiota Kow>3 (green); log D ¼ adjusted Kow at pH 7; Koc ¼ organic carbon-water partitioning coefﬁcient; Sw ¼ water solubility; BCF ¼ bioconcentration factor;
Koa ¼ octanol-air partitioning coefﬁcient; QI ¼ quantity index. (For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the Web version of this
article.)
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Fig. 3. Fraction (%) of halogenated compounds (in total and Br, Cl, F separately) in a) the ﬁnal database (gray) and the three suspect lists: b) SLWater (blue), c) SLBiota Kow<5 (red), and d)
SLBiota Kow>3 (green). (For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the Web version of this article.)

SLBiota Kow>3 and SLBiota Kow<5, combined with the fact that halogenated compounds generally have high BCF values (Pramanik, 2014).
The majority of the halogenated compounds covered by our suspect
lists were chlorinated (2.8% in SLWater; 37% in SLBiota Kow<5; 38% in
SLBiota Kow>3), while the ﬂuorinated compounds made important
contributions only to the two biota lists (0.2% in SLWater, 19% in
SLBiota Kow<5, and 15% in SLBiota Kow>3). Brominated compounds
made lower contributions (0.4% in SLWater, 5.2% in SLBiota Kow<5, and
6.6% in SLBiota Kow>3). In the future, more ﬂuorinated compounds
can be expected to be registered for use due to their unique characteristics (e.g., chemically inert, dirt- and water-repellent) (Buck
et al., 2011). This implies that the share of ﬂuorinated compounds
in databases and in suspect lists will increase in the future.
3.3. Comparison with previous approaches
SusTool is unique in that a compound is not discarded if a
parameter is not scored; high scores for other parameters can
compensate and the substance may still end up as relevant for the
suspect lists. Other prioritization strategies commonly use hard
cut-off limits based on guideline values for e.g., persistency (e.g.
(Boethling et al., 2009; Arp et al., 2017)), whereas in our approach

compounds are scored gradually. The prioritization strategy
developed by Schulze et al. (2018) considers persistency as well as
mobility, and is comparable to our strategy, which considers
mobility and bioaccumulation potential instead. However, their
approach focuses solely on REACH registration compounds with
high environmental emissions potential (Schulze et al., 2018),
whereas our aim was to create a tool with a wider range of compounds while considering the distribution of contaminants into
different environmental compartments. Other prioritization strategies for emerging contaminants involve extensive literature
searches, e.g., the lists compiled by Richardson et al. (2017), which
are directed towards chemicals in drinking water posing human
health threats (Richardson et al., 2017). Previous prioritization
strategies for suspect lists have mainly focused on emerging compounds that have been detected or are expected to be detected in
the near future based on expert judgment (Sobek et al., 2016; Masia
et al., 2013; Singer et al., 2016; Avagyan et al., 2017). While these
kinds of approaches are very useful, our approach is complementary, as it instead uses systematic selection based on a large variety
of parameters.
To compare the suspect lists generated by SusTool, the overlap
between the compounds in our suspect lists and other
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prioritization lists was investigated, to evaluate the degree to which
our approach is similar or complementary to existing approaches or
unique. For this, we used the SusDat database hosted by the Norman Network (SusDat, 2012), which is an on-line database
comprising a compilation of 20 priority lists generated by different
approaches and supplied by research groups and government
agencies within the Norman Network (mainly EU) and the US EPA
(a compilation of all lists is given in Table S4 in SI). Approximately
half the compounds in our three suspect lists were also listed in one
of the 20 lists in the SusDat database (Fig. 4aec). This indicates that
SusTool is able to identify highly relevant emerging pollutants,
which have been highlighted by members of the Norman Network,
but also other compounds of potential concern which have been
less studied or not yet investigated.
The highest overlap with our three suspect lists was found for
the Stoff-IDENT database of water-relevant substances (Comptox,
2018b) (list S2 in Fig. 4) and the KEMI Market List (Comptox,
2018c) (list S17 in Fig. 4), with overlaps of 26e35% and 35e39%,

respectively. The list of per- and polyﬂuoroalkyl substances (PFAS)
(list S9) and the PFAS KEMI list (list S14) consist solely of ﬂuorinated
compounds, which have high potential for bioaccumulation
(Haukås et al., 2007). These two lists (showed relatively high
overlaps with the biota suspect lists (SLBiota Kow>3 and SLBiota Kow<5)),
with a 2.6e6.4% overlap for S9 and a 2.8e6.4% overlap for S14,
whereas they had no overlap with the water suspect list (SLWater).
The SusDat database include two lists focused on pharmaceuticals,
viz., the Pharmaceutical list (S10) and the Antibiotic list (S6).
Pharmaceuticals are in general rather water-soluble (Andersson
et al., 2011) and the overlap was consequently larger for SLWater
than for the biota suspect lists. The Antibiotic List (S6) overlapped
2.0% with SLWater, while the Pharmaceutical List (S10) overlapped
with both SLWater (5.4%) and SLBiota Kow<5 (2.4%), but only slightly
with SLBiota Kow>3 (0.2%).

Fig. 4. Overlap (%) between the three suspect lists generated in this study (SLWater, SLBiota Kow<5, and SLBiota Kow>3) and the 20 lists in the Norman Network SusDat database (SusDat,
2012) for a) SLWater (blue), b) SLBiota Kow<5 (red), and c) SLBiota Kow>3 (green). The bar diagrams indicate the percentage of compounds from the suspect lists overlapping with a speciﬁc
SusDat database. S1 ¼ Norman Compounds in MassBank; S2 ¼ Stoff-IDENT Database of Water-Relevant Substance; S3 ¼ Norman Collaborative Trial Targets and Suspect; S4 ¼
University of Jaume I; S5 ¼ KWR Drinking Water Suspect List; S6 ¼ Antibiotic List: ITN MSCA ANSWER; S7 ¼ Eawag Surfactants Suspect List; S8 ¼ University of Athens Surfactants
and Suspects List; S9 ¼ PFAS Suspect list: Fluorinated substances; S10 ¼ Pharmaceutical List with consumption data; S11 ¼ Swiss Insecticides, Fungicides and TPs; S12 ¼ NormaNEWS for Retrospective Screening of New Emerging Contaminants; S13 ¼ Combined Inventory of Ingredients Employed in Cosmetic Products (2000) and Revised inventory (2006);
S14 ¼ PFAS highly ﬂuorinated substances list: KEMI; S15 ¼ Norman Priority List; S16 ¼ French Monitoring List; S17 ¼ KEMI Market List; S18 ¼ TSCA Surfactants; S19 ¼ mzCloud
Compounds; S20 ¼ Bisphenols. (For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the Web version of this article.)
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3.4. Prioritized compounds on the three suspect lists
The suspect lists were scrutinized in order to identify examples
of known chemicals of concern, but also less well-studied chemicals (SI Part 2). Chemicals identiﬁed in SLBiota Kow>3 included
benz(a)anthracene, a well-known polycyclic aromatic hydrocarbon
(PAH) (Wania and Mackay, 1996; Witt, 2002) and a number of
polychlorinated biphenyls (PCB). In SLWater, the pesticide dichlorprop was among the top ranked and it has been routinely screened
for in water bodies close to agricultural areas in Sweden (Jansson
et al., 2010) and France (Gervais et al., 2008). Another pesticide,
endrin, was prioritized in SLBiota Kow<5 and it has been regularly
detected in biota (Zhang et al., 2015; Zhou et al., 2016) and is
included in the POPs list of the Stockholm Convention (Stockholm
Convention 2008). Another example of a frequently detected
compound in the aquatic environment (including sediment) is
triclosan (included in SLBiota Kow<5), which is an anti-bacterial
compound added to many personal care products (ChiaiaHernandez et al., 2014; Bletsou et al., 2015). The biota list also
contained tonalide (included in SLBiota Kow>3), which is a widely
used synthetic musk, and has recently been detected in ﬁsh from
the Saar River (Subedi et al., 2012), in levels up to 15 ng g1 ww.
Tonalide has been identiﬁed in lake sediment (Chiaia-Hernandez
et al., 2014; Schlabach et al., 2013) and domestic wastewater
(Blum et al., 2017). Some less studied compounds include the
ﬂuorinated compounds bisphenol AF and perﬂuorohexane sulfonamide, which were listed in SLBiota Kow<5. Bisphenol AF has been
identiﬁed as a potential waterborne persistent contaminant by
Reppas-Chrysovitsinos et al. (2017); (Reppas-Chrysovitsinos et al.,
2017), and Schlabach et al. (2017) identiﬁed this compound in
ﬁsh via suspect screening (Schlabach et al., 2017). Perﬂuorohexane
sulfonamide is registered in the SPIN database and has been suggested to pose a risk to the environment (Posner et al., 2013). As
seen by these examples, SusTool is able to prioritize well-known
and lesser-known compounds with a wide range of physicochemical properties.
4. Conclusions
Smart suspect screening of large ranges of relevant chemicals by
systematical HRMS analysis using LC- and GC-based techniques can
be of great help in the search for emerging pollutants. We developed an in silico tool, SusTool, that can readily create suspect
screening lists focused on speciﬁc compartments (e.g., biota or
water) and research questions, thereby providing new opportunities to screen for potential chemical threats using HRMS. The
number of selected compounds for the suspect list is optional and
can be adjusted to ﬁt analytical capabilities and purposes of the
research. SusTool can be adjusted by inclusion/exclusion of
different parameters and their weighing. Our in silico-based
method for creating suspect lists uses a novel scoring approach
where compounds are not discarded if they do not meet individual
cut-off criteria. Another unique feature of our approach is the inclusion of emission indices (EI) and quantity indices (QI), available
from a database managed by the Nordic Council of Ministers
Chemical Group. It is desired that more countries create databases
like this in order to extend the possibility of exposure based suspect
screening to other parts of the world. In its current form, SusTool is
especially useful for detecting endocrine-disrupting chemicals in
the environment, i.e., substances of particularly high environmental and human health concern. Comparison of suspect lists
created with SusTool and with the SusDat database showed that
SusTool is able to include highly relevant emerging pollutants (also
highlighted by members of the Norman Network), but also other
compounds of potential concern that have not yet been
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investigated or are poorly studied. However, it should be kept in
mind that the suspect lists may include chemicals that are challenging to analyze due to analytical constraints, such as the possibility to ionize the compound in MS analysis. This could be solved in
future by integrating a prediction model for ionizable compounds
using GC-HRMS (electronic ionization) and LC-HRMS (electrospray
ionization). In future work, it would also be desirable to integrate
production volumes on European and global scale and even more
chemicals of relevance. SusTool is open for public access and can be
used and tailored for multiple purposes.
Notes
The authors declare no competing ﬁnancial interest.
Acknowledgments
We would like to thank Dr. Pablo Gago-Ferrero (SLU) and
Associate Prof. Martyn Futter (SLU) for input and comments on the
prioritization strategy. We would also like to thank Henrik Jernstedt
for help with calculations. This work was funded by the Swedish
Environmental Protection Agency [grant number NV-08996-13]
and the Swedish Research Council Formas through the SafeDrink
project [grant number 222-2012-2124].
Appendix A. Supplementary data
Supplementary data to this article can be found online at
https://doi.org/10.1016/j.chemosphere.2019.02.021.
References
Andersson, P.L., Fick, J., R€
annar, S., 2011. A multivariate chemical similarity approach
to search for drugs of potential environmental concern. J. Chem. Inf. Model. 51,
1788e1794.
Arp, H.P.H., Brown, T.N., Berger, U., Hale, S.E., 2017. Ranking REACH registered
neutral, ionizable and ionic organic chemicals based on their aquatic persistency and mobility. Environ. Sci. Processes Impacts 19, 939e955.
Avagyan, R., Westerholm, R., 2017. Target and suspect screening of OH-PAHs in air
particulates using liquid chromatography-orbitrap high resolution mass spectrometry. Talanta 165, 702e708.
Baduel, C., Mueller, J.F., Tsai, H., Gomez Ramos, M.J., 2015. Development of sample
extraction and clean-up strategies for target and non-target analysis of environmental contaminants in biological matrices. J Chromatogr. A. 1426, 33e47.
BCFWIN (BCFBAF) v. 3.01 (Copyright 2000-2011) US Environmental Protection
Agency.
BIOWIN v. 4.10 (Copyright 2000-2009) US Environmental Protection Agency.
Bletsou, A.A., Jeon, J., Hollender, J., Archontaki, E., Thomaidis, N.S., 2015. Targeted
and non-targeted liquid chromatography-mass spectrometric workﬂows for
identiciation of transformation produces of emerging pollutants in the aquatic
environment. Trends Anal. Chem. 66, 32e44.
Blum, K.M., Andersson, P.L., Renman, G., Ahrens, L., Gros, M., Wiberg, K., Haglund, P.,
2017. Non-target screening and prioritization of potentially persistent, bioaccumulating and toxic domestic wastewater contaminants and their removal
in on-site and large-scale sewage treatment plants. Sci. Total Environ. 575,
265e275.
Boethling, R., Fenner, K., Howard, P., Klecka, G., Madsen, T., Snape, J.R., Whelan, M.J.,
2009. Environmental persistence of organic pollutants: guidance for development and review of POP Risk Proﬁles. Integr. Environ. Assess. Manag. 5,
539e556.
Bowen, H.J.M., 1984. Environmental Chemistry. Royal Society of Chemistry, Burlington House, London.
Brown, T.N., Wania, F., 2008. Screening Chemicals for the potential to be persistent
organic pollutants: a case study of artic contaminants. Environ. Sci. Technol. 42,
5202e5209.
Buck, R.C., Franklin, J., Berger, U., Conder, J.M., Cousins, I.T., de Voogt, P., Jensen, A.A.,
Kannan, K., Mabury, S.A., van Leeuwen, S.P., 2011. Perﬂuoroalkyl and polyﬂuoroalkyl substances in the environment: terminology, classiﬁcation, and origins, Integr. Environ. Assess. Manag. 7, 513e541.
CAS Registry SM (2017) https://www.cas.org/content/counter; American Chemical
Society. Accessed 9th of October 2018.
Chemical Inspection and Regulation Service (2012) http://www.cirs-reach.com/
Inventory/Global_Chemical_Inventories.html. Accessed 9th of October 2018.
Chiaia-Hernandez, A.C., Schymanski, E.L., Kumar, P., Singer, H.P., Hollender, J., 2014.
Suspect and nontarget screening approaches to identiy organic contaminant

912

W. Dürig et al. / Chemosphere 222 (2019) 904e912

records in lake sediments. Anal. Bioanal. Chem. 406, 7323e7335.
Comptox (2018a) https://comptox.epa.gov/#/; United States Environmental Protection Agency. Accessed 9th of October 2018.
Comptox (2018b) https://comptox.epa.gov/dashboard/chemical_lists/stofﬁdent;
United Sates Environmental Protection Agency. Accessed 9th of October 2018.
Comptox (2018c) https://comptox.epa.gov/dashboard/chemical_lists/kemimarket;
United Sates Environmental Protection Agency. Accessed 9th of October 2018.
EPI SUITE 4.1 TM (Copyright 2000-2012) http://www.epa.gov/opptintr/exposure/
pubs/episuite.htm, US Environmental Protection Agency. Accessed 9th of
October 2018.
FASS (2017) https://www.fass.se/LIF/startpage, Farmaceutiska Specialiteter i Sverige. Accessed 9th of October 2018.
Fernandez-Sanjuan, M., Meyer, J., Damasio, J., Faria, M., Barata, C., Lacorte, S., 2010.
Screening of perﬂuorinated chemicals (PFCs) in various aquatic organisms.
Anal. Bioanal. Chem. 398, 1447e1456.
Gago-Ferrero, P., Schymanski, E.L., Bletsou, A.A., Aalizadeh, R., Hollender, J.,
Thomaidis, N.S., 2015. Extended suspect and non-target strategies to characterize emerging polar organic contaminants in raw wastewater with LC-HRMS/
MS. Environ. Sci. Technol. 49, 12333e12341.
Gago-Ferrero, P., Gros, M., Ahrens, L., Wiberg, K., 2017. Impact of on-site, small and
large scale waste water treatment facilities on levels and fate of pharmaceuticals, personal care products, pesticides, and perﬂuoroalkyl substances in
recipient waters. Sci. Total Environ. 601e602, 1289e1297.
Gago-Ferrero, P., Krettek, A., Fischer, S., Wiberg, K., Ahrens, L., 2018. Suspect
screening and regulatory databases: a powerful combination to identify
emerging micropollutants. Environ. Sci. Technol. 52, 6881e6894.
Gervais, G., Brosillon, S., Laplanche, A., Helen, C., 2008. Ultra-pressure liquid
chromatography-electrospray tandem mass spectrometry for multiresidue
determination of pesticides in water. J. Chromatogr. A 1202, 163e172.
Gros, M., Blum, K.M., Jernstedt, H., Renman, G., Rodríguez-Mozaz, S., Haglund, P.,
Andersson, P.L., Wiberg, K., Ahrens, L., 2017. Screening and prioritization of
micropollutants in wastewaters from on-site sewage treatment. J. Hazard
Mater. 328, 37e45.
Haukås, M., Berger, U., Hop, H., Gulliksen, B., Gabrielsen, G.W., 2007. Bioaccumulation of per- and polyﬂuorinated alkyl substances (PFAS) in selected
species from the Barents Sea food web. Environ. Pollut. 148, 360e371.
Jansson, C., Kreuger, J., 2010. Multiresidue analysis of 95 pesticides at low nanogram/liter levels in surface waters using online preconcentration and high
performance liquid chromatography/tandem mass spectrometry. J Aoac Intern
93, 1732e1747.
Jaworska, J.S., Boethling, R.S., Howard, P.H., 2003. Recent developments in broadly
applicable structure-biodegradability relationships. Environ. Toxicol. Chem. 22,
1710e1723.
Kalberlah, F., Oltmanns, J., Schwarz, M., 2014. Guidance for the Precautionary Protection of Raw Water Destined for Drinking Water Extraction from Contaminants Regulated under REACH, p. 204.
Karickhoff, S.W., 1984. Organic pollutant sorption in aquatic systems. J. Hydraul.
Eng. 110, 707e735.
Koawin v. 1.10 (2018) http://www.concawe.be/, Syracuse Research Corporation and
CONCAWE. Accessed 9th of October 2018.
Kocwin v. 2.00 (Copyright 2000-2008) US Environmental Protection Agency.
Kowwin v. 1.68 (Copyright 2000) US Environmental Protection Agency.
Mansouri, K., Abdelaziz, A., Rybacka, A., Roncaglioni, A., Tropsha, A., Varnek, A.,
Zakharov, A., Worth, A., Richard, A.M., Grulke, C.M., Trisciuzzi, D., Fourches, D.,
Horvath, D., Benfenati, E., Muratov, E., Wedebye, E.B., Grisoni, F.,
Mangiatordi, G.F., Incisivo, G.M., Hong, H., Ng, H.W., Tetko, I.V., Balabin, I.,
Kancherla, J., Shen, J., Burton, J., Nicklaus, M., Cassotti, M., Nikolov, N.G.,
Nicolotti, O., Andersson, P.L., Zang, Q., Politi, R., Beger, R.D., Todeschini, R.,
Huang, R., Farag, S., Rosenberg, S.A., Slavov, S., Hu, X., Judson, R.S., 2016. CERAPP:
collaborative estrogen receptor activity prediction project. Environ. Health
Perspect. 124, 1023e1033.
MarvinView 15.10.12.0 (Copyright 1998-2015) http://www.chemaxon.com, ChemAxon Ltd.
Masia, A., Campo, J., Vazquez-Roig, P., Blasco, C., Pico, Y., 2013. Screening of currently
used pesticides in water, sediments and biota of the Guadalquivir River Basin
(Spain). J. Hazard Mater. 26, 95e104.
Muir, D.C.G., Howard, P.H., 2006. Are there other persistent organic pollutants? A
challenge for environmental chemists. Environ. Sci. Technol. 40, 7157e7166.
Muir, D.C.G., De Wit, C.A., 2010. Trends of legacy and new persistent organic
pollutant in the circumpolar arctic: Overview, conclusions, and recommendations. Sci. Total Environ. 408, 3044e3051.
Norman network, 2017. Norman Network List of Emerging Substances. http://www.
normandata.eu/?q¼node/19. Accessed 9th of October 2018.
On-line CHEmical database and modeling environment v. 2.4.95 (2016) http://
www.ochem.eu. Accessed 9th of October 2018.
Pizzo, F., Lombardo, A., Brandt, M., Manganaro, A., Benfenati, E., 2016. A new integrated in silico strategy for the assessment and prioritization of persistence of
chemicals under REACH. Environ. Int. 88, 250e260.
€ rundsdottir, H.O., Gunnlaugsdo
 ttir, H.,
Posner, S., Roos, S., Brunn Poulsen, P., Jo
€ rgsensen, E.C.,
Jensen, A.A., Katsogiannis, A.A., Herzke, D., Bonefeld-Jo
€nsson, C., Alsing Pedersen, G., Hisari, M., Jensen, S., 2013. Per- and
Jo

Polyﬂuorinated Substances in the Nordic Countries- Use, Occurrence and
Toxicology, Tema Nord 2013, vol. 542. Nordic Council of Ministers, Denmark,
pp. 1e230.
Pramanik, S., Roy, K., 2014. Modeling bioconcentration factor (BCF) using mechanistically interpretable descriptors computed from open source tool “PaDELDescriptor”. Environ. Sci. Pollut. Res. 21, 2955e2965.
Reach
(2017)
https://echa.europa.eu/information-on-chemicals/registeredsubstances; European Chemical Agency. Accessed 9th of October 2018.
Reppas-Chrysovitsinos, E., Sobek, A., MacLeod, M., 2017. Screening-level exposurebased prioritization to identify potential POPs, vPvBs and planetary boundary
threats among Arctic contaminatns. Emerging Contaminants 3, 85e94.
Richardson, S.D., Kimura, S.Y., 2017. Emerging environmental contaminants: challenges facing our next generation and potential engineering solutions. Environ.
Technol. Innovation 8, 40e56.
Rorije, E., Verbruggen, E.M.J., Hollander, A., Trass, T.P., Janssen, M.P.M., 2011. Identifying Potential POP and PBT Substances- Development of a New Persistence/
Bioaccumulation-Score. RIVM Report 601356001/2011. National Institute for
Public Health and the Environment, the Netherlands, pp. 1e86.
Rybacka, A., Ruden, C., Tetko, I.V., Andersson, P.L., 2015. Identifying potential
endocrine disruptors among industrial chemicals and their metabolites–
development and evaluation of in silico tools. Chemosphere 139, 372e378.
Rybacka, A., Andersson, P.L., 2016. Considering ionic state in modeling sorption of
pharmaceuticals to sewage sludge. Chemosphere 165, 284e293.
Schlabach, M., Haglund, P., Rostkowski, P., Dye, C., 2013. Non-target ScreeningPowerful Tool for Selecting Environmental Pollutants. Report M-27. NILU,
Norwary, pp. 1e186.
Schlabach, M., Haglund, P., Reid, M., Rostkowski, Veenaas, C., Bæk, K., van Bavel, B.,
2017. Suspect Screening in Nordic Countries- Point Sources in City Areas, Tema
Nord 2017:561. Nordic Council of Ministers, Denmark, pp. 1e88.
€ttler, D., Neumann, M., Arp, H.P.H., Reemtsma, T., Berger, U., 2018.
Schulze, S., Sa
Using REACH registration data to rank the environmental emission potential of
persistent and mobile organic chemicals. Sci. Total Environ. 625, 1122e1128.
Schymanski, E.L., Jeon, J., Hulde, R., Fenner, K., Ruff, M., Singer, H.P., Hollender, J.,
2014. Identifying small molecules via high resolution mass spectrometry:
communicating conﬁdence. Environ. Sci. Technol. 48, 2097e2098.
Schymanski, E.L., Singer, H.P., Slobodnik, J., Ipolyi, I.M., Oswald, P., Krauss, M.,
Schulze, T., Haglund, P., Letzel, T., Grosse, S., Thomaidis, N.S., Bletsou, A.,
Zwiener, C., Ibanez, M., Portoles, T., de Boer, R., Reid, M.J., Onghena, M.,
Kunkel, U., Schulz, W., Guillon, A., Noyon, N., Leroy, G., Bados, P., Bogialli, S.,
Stipanicev, D., Rostkowski, P., Hollender, J., 2015. Non-target screening with
high-resolution mass spectrometry: critical review using a collaborative trial on
water analysis. Anal. Bioanal. Chem. 21, 6237e6255.
Simca 14 v. 14.0.0.1359, Copyright Umetrics AB.
Singer, H.P., Wossner, A.E., McArdell, C.S., Fenner, K., 2016. Rapid screening for
exposure to “Non-Target” pharmaceuticals from wastewater efﬂuents by
combining HRMS-based suspect screening and exposure modeling. Environ. Sci.
Technol. 50, 6698e6707.
n, C., Breitholtz, M., 2016. The dilemma in prioritizing
Sobek, A., Bejgarn, S., Rude
chemicals for environmental analysis: known versus unknown hazards. Environ. Sci. Process Impacts 18, 1042e1049.
SPIN databaseSimca (2017) www.spin2000.net, Nordic Council of Ministers
Chemical Group. Accessed 9th of October 2018.
SPIN toolbox (2017) http://spin2000.net/?page_id¼385, Nordic Council of Ministers
Chemical Group. Accessed 9th of October 2018.
Stockholm convention (2008) http://chm.pops.int/TheConvention/ThePOPs/
AllPOPs/tabid/2509/Default.aspx; Stockholm convention. Accessed 9th of
October 2018.
Subedi, B., Du, B., Chambliss, C.K., Koschorreck, J., Rüdel, H., Quack, M., Brooks, B.Q.,
Usenko, S., 2012. Occurrence of pharmaceuticals and personal care products in
German ﬁsh tissue: a national study. Environ. Sci. Technol. 46, 9047e9054.
SusDat
(2012)
https://www.norman-network.com/?q¼node/236;
Norman
Network. Accessed 9th of October 2018.
Vergeynst, L., Van Langenhove, H., Joos, P., Demeestere, K., 2014. Suspect screening
and target quantiﬁcation of multi-class pharmaceuticals in surface water based
on large-volume injection liquid chromatography and time-of-ﬂight mass
spectrometry. Anal. Bioanal. Chem. 406 (11), 2533e2547.
Wania, F., Mackay, D., 1996. Tracking the distribution of persistent organic pollutants. Environ. Sci. Technol. News 30, 390e396.
Water framework directive (2011) http://ec.europa.eu/environment/water/waterdangersub/pri_substances.htm; European Commission. Accessed 9th of
October 2018.
Witt, G., 2002. Occurrence and transport of polycyclic aromatic hydrocarbons in the
water bodies of the Baltic Sea. Mar. Chem. 79, 49e66.
Wskowwin v. 1.42 (Copyright 2000) US Environmental Protection Agency.
Zhang, H., Bayen, S., Kelly, B.C., 2015. Co-extraction and simultaneous determination
of multi-class hydrophobic organic contaminants in marine sediments and
biota using GC-EI-MS/MS and LC-ESI-MS/MS. Talanta 143, 7e18.
Zhou, Y., Asplund, L., Yin, G., Athanassiadis, I., Wideqvist, U., Bignert, A., Qiu, Y.,
Zhu, Z., Zhao, J., Bergman, Å., 2016. Extensive organohalogen contamination in
wildlife from a site in the Yangtze river Delta, Sci. Total Environ 554e555,
320e328. HRMS.

