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Highlights 

► A semi-automated workflow increased sensitivity and reduced false positives. ► Additional 68 
contaminants were identified and confirmed using the workflow. ► Antifungals, antihypertensives, 
sedatives, and β-lactam metabolites were detected. 
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A B S T R A C T

Suspect screening using liquid chromatography with high resolution mass spectrometry provides an opportunity for expanding the detection coverage of emerging
contaminants in the environment. Screening workflows suffer from high frequency of false positives or insufficient confidence in the identification of compounds,
however, stringent criteria could lead to high false negatives. A workflow must have a balanced criteria, both selective and sensitive, to be able to identify real features
without missing low abundant features traceable to analytes of interest. A highly selective (87%) and sensitive (97%) workflow was developed by characterizing the
occurrence of contaminants in wastewater and surface water from Hong Kong, India, Philippines, Sweden, Switzerland, and the U.S. Sixty-eight contaminants were
identified and confirmed with reference standards, including pharmaceuticals, pesticides, and industrial chemicals. The antimicrobials metronidazole, clindamycin,
linezolid, and rifaximin were detected. Notably, antifungal compounds were detected in samples from six countries, with levels up to 1380 ng/L. Amoxicillin trans-
formation products, penilloic acid (285–8047 ng/L) and penicilloic acid (107 ng/L), were confirmed for the first time with reference standards in wastewater samples
from India, Sweden, and U.S. This workflow provides an efficient approach to broad-scale identification of emerging contaminants using publicly-available databases
for suspect screening and prioritization.

1. Introduction

Contaminants of emerging concern (CECs), typically including phar-
maceuticals, hormones, pesticides, and industrial chemicals, are trace
chemicals occurring in the environment that are not yet regulated by
environmental authorities (Kolpin et al., 2002; Luo et al., 2014;
Pochodylo and Helbling, 2017), but have known effects or sus-
pected impacts to human health or wildlife (Brodin et al., 2014;
McCallum et al., 2017). Inputs of CECs to the environment include
wastewater treatment plant (WWTP) effluents (Kolpin et al., 2002;
Evgenidou et al., 2015), hospital wastes (Kümmerer and Hen-
ninger, 2003; Gros et al., 2013), agricultural runoffs, stormwater
(Fairbairn et al., 2018), atmospheric deposition (Kroon et al., 2020;
Deposition of Air Pollutants to the Great Waters, 2000), and in-
dustrial discharges (Kolpin et al., 2002; Evgenidou et al., 2015;
Noguera-Oviedo and Aga, 2016). Antimicrobial residues in aquatic
systems are of particular interest because their presence in the en-
vironment could play a significant role in the development and pro-
liferation of antimicrobial resistance (AMR) (Pruden et al., 2006).

Monitoring of other CECs, such as pesticides (e.g., antifungal agents)
and pharmaceuticals (e.g., antidepressants), is also important because
even non-antimicrobial chemicals have been shown to exert selection
pressures that can promote evolution of antimicrobial-resistant bacteria
(ARB) (Jin et al., 2018). AMR is a global threat because antibiotic re-
sistance genes (ARGs) and ARB can spread globally due to human mo-
bility and globalization (MacPherson et al., 2009).

Recently, the discovery of CECs in the environment has been facil-
itated by the advent of suspect screening or non-target analysis using
high resolution mass spectrometry (HRMS). In suspect screening a tar-
get list of suspected compounds is searched using a specific database
that lists the suspected classes of compounds (e.g. pharmaceuticals, pes-
ticides, etc.), and the list can be tailored depending on the focus and
purpose of the study. The chemical formula, MS fragmentation pattern,
and the full MS (MS1) isotopic pattern of the compounds can be used
to increase the annotation confidence to determine analyte identities.
On the other hand, non-target analysis is a true discovery effort, where
identification of unknowns is based on all the chemical features in the
sample without the use of suspect databases. While non-target analy-
sis is more challenging than suspect screening, the former approach is
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highly valuable in discovering transformation products that have not
been previously identified and are not in databases, such as in the work
reported previously (Tian et al., 2020; Gago-Ferrero et al., 2015;
Zahn et al., 2016).

One critical challenge of suspect screening is the huge quantity
of data generated by the liquid chromatography – mass spectrometry
(LC-MS) analysis, which could reach up to more than 40,000 chromato-
graphic peaks, stressing the need for performing proper assessment of
screening workflows (Sobus et al., 2018). To address this challenge, a
screening workflow performed post-data acquisition is proposed. Previ-
ous studies have optimized workflows with the goal of minimizing false
positive and false negative rates (Pochodylo and Helbling, 2017;
Gago-Ferrero et al., 2015; Singer et al., 2016; Moschet et al.,
2013; Vergeynst et al., 2015). However, these screening workflows
are highly dependent on the compounds included in the suspect data-
base, the matrix being analyzed, the concentrations of the compounds,
and on the software used for data processing. Therefore, one cannot
simply apply parameters from previous studies without testing the effi-
ciency of the workflow for the specific study it is being applied to. A
suspect screening workflow must be able to identify all of the features
in the sample that are included in the screening database (i.e. sensitive)
and distinguish the real features traceable to analytes of interest from
those that are noise peaks (i.e. selective) (Pochodylo and Helbling,
2017). These two method parameters are useful measures of the effi-
ciency of a suspect screening workflow and should be assessed before
applying to real samples. Finally, the validation of “suspect hits” remains
a limitation in suspect screening due to challenges associated with ac-
quiring reference standards for previously unidentified contaminants in
environmental samples. In silico MS fragmentation methods are increas-
ing being used to support experimental LC-MS data, but this approach
is still in its infancy and remains poorly understood. Therefore, it is im-
portant to investigate the applicability of in silico fragmentation and de-
termine its strengths and limitations in efforts to discover CECs in the
environment.

In this work, we showcase: (1) the development of a suspect screen-
ing workflow by employing data filters that provide high method sen-
sitivity and selectivity, (2) the application of the optimized workflow
to global monitoring of CECs in wastewater and surface water samples,
and (3) the evaluation of the accuracy of in silico fragmentation in char

acterizing unknown compounds detected in real environmental samples.
Suspect screening based on the data acquired from a LC with Orbitrap™
HRMS was performed to search the following publicly-available data-
bases: Innovative Training Network (ITN) Antibiotic list, and the Net-
work of reference laboratories, research centers, and related organiza-
tions for monitoring of emerging environmental substances (NORMAN)
priority list. To pilot-test the workflow, wastewater and surface water
samples from six locations that were previously studied by target analy-
sis (Singh et al., 2019) were subjected to suspect screening in order to
expand the detection coverage. This study provides an optimized com-
prehensive method for suspect screening of CECs and demonstrates the
successful application of the workflow in the analysis of environmental
water samples from different countries (Hong Kong, India, Philippines,
Sweden, Switzerland, and the U.S).

2. Materials and methods

2.1. Sample collection and solid phase extraction (SPE)

Forty different wastewater and receiving surface water samples that
are upstream and downstream of each WWTP were collected from six
different locations (Fig. 1) from around the world (Hong Kong, India,
Philippines, Sweden, Switzerland, U.S.) (Singh et al., 2019). 500 mL of
each sample were collected in amber glass bottles previously rinsed with
10% nitric acid (ACS grade, J.T. Baker, Philipsburg, NJ). Sample prepa-
ration using solid phase extraction (SPE) was performed as described
previously (Singh et al., 2019) using OASIS™ HLB cartridges (Milford,
MA). All SPE cartridges were shipped overnight on ice to the University
at Buffalo for LC/MS analysis. More details are included in the Supple-
mentary Information.

2.2. LC – Orbitrap™ HRMS analysis

The separation of analytes was performed using a Dionex Ultimate
3000 ultra high performance liquid chromatography (UHPLC) system
with a Cortecs™ C18+ 2.1 × 150 mm analytical column (Milford, MA)
with a 2.7 µm particle size. The mobile phase used was composed of A
(0.1% formic acid in water) and B (0.1% formic acid in acetonitrile),
with an injection volume of 10 µL. The gradient method started with
90% A and 10% B, which was held for three minutes. The gradient was

Fig. 1. Sampling locations from around the world.
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then linearly ramped to 100% B in 22 min, holding at this condition
for 5 min, before switching back to the initial composition of 90% A
and 10% B at 31 min. The column was re–equilibrated for 14 min be-
fore injection of the next sample. The total run time was 45 min and
the flow rate was 0.2 mL/min. A full scan-data dependent MS2 (ddMS2)
method was used to analyze the samples using a liquid chromatography
(LC) with QExactive Focus Orbitrap™ HRMS (Waltham, MA) system.
The scan range was from 120 to 1000 m/z in positive electrospray ion-
ization (ESI) mode. Two of the samples were initially analyzed in both
positive and negative mode, but the latter resulted to only a few detec-
tions. Therefore, the rest of the samples were analyzed only in positive
mode. The details of the parameters for the full scan-ddMS2 run are in-
cluded in Table S2 of the Supplementary Information.

The samples that were analyzed in the LC-Orbitrap™ HRMS for this
suspect screening study have been analyzed earlier for antimicrobials
using a targeted analysis method with a LC triple quadrupole MS and
results were reported in a previous publication (Singh et al., 2019).
In this study, the samples were analyzed using a suspect screening ap-
proach in order to increase the detection coverage to capture more an-
timicrobials that were not previously targeted, and include other CECs
such as pesticides, industrial compounds, and other pharmaceuticals.

2.3. Compilation of suspect screening databases

The ITN Antibiotic list and the NORMAN priority lists were ac-
cessed from the United States Environmental Protection Agency (U.S.
EPA) Chemistry Dashboard to create a suspect database. The ITN An-
tibiotic list contains 464 compounds consisting of almost all known an-
tibiotics, a few major transformation products, and other substances
with antibiotic properties. The NORMAN Network Priority Substance

list includes 922 compounds and contains emerging substances in en-
vironmental matrices that are considered to be priority compounds for
monitoring. These two lists were combined, deduplicated, and trimmed
down to remove compounds that are not amenable to positive mode
electrospray ionization (+ESI) MS. In particular, compounds with mol-
ecular weights less than 120 and greater than 1000, and those with no
C, N, O, P, or S atoms were removed since these compounds will not
be ionizable in the ESI source. The final suspect screening list was com-
posed of 1156 compounds (Table S3). Suspect screening was performed
according to the workflow summarized in Fig. 2.

2.4. Development and validation of a suspect screening workflow

The developed suspect screening workflow included peak picking,
mass list matching, background subtraction, replicates filter, and area
filter. Peak picking and mass list matching were performed using Com-
pound Discoverer 3.0™. For peak detection, features were considered if
they had a minimum of 5 scans per peak and a good isotopic pattern to
take into account the presence of naturally abundant isotopes, especially
when Cl and Br atoms are present. In the current workflow, chromato-
graphic peaks that do not have at least two isotopes were not picked by
the Compound Discoverer™ software.

The ‘picked’ mass/charge (m/z) features were matched with the
compiled suspect list using a 5 ppm mass error cut off for the mono iso-
topic ion, followed by background subtraction. Features detected in the
samples that were also present in the blank were kept if the peak area
in the sample was greater than five times the peak area in the blank.
Finally, peak area and replicate filters were applied, in which all the
peaks with areas < 5 × 104 and those that were not detected in the
three technical replicates were eliminated to remove MS artifacts. The

Fig. 2. Overall analysis workflow for the suspect screening of contaminants of emerging concern (CECs) in wastewater and surface water samples. First, the data were acquired using
the LC-Orbitrap in Full Scan ddMS2 mode. Next, the software Compound Discoverer™ was used to perform peak picking. Then, background subtraction and exact mass matching were
performed. Data filters such as replicates and area filters were applied to reduce the number of suspect hits. The mass spectra of the remaining suspect hits were then matched against the
mzCloud™ library for identification. Lastly, reference standards were purchased to confirm the identity of the unknown compounds detected in the samples.
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technical replicates are multiple injections of the sample from the same
vial.

The performance of this suspect screening workflow was tested by
analyzing a mixture of 35 validation compounds (Table S4). The valida-
tion compounds were chosen such that they were from different classes
of chemicals (e.g., pesticides, antimicrobials, antidepressants), and have
log Kow values ranging from − 0.7–4.0 to test the applicability of the
workflow to compounds with different physico – chemical properties. A
mixture containing the 35 validation compounds was spiked in a blank
that only contained the LC starting mobile phase and in wastewater ma-
trix such that the final concentration was 25 µg/L of each compound.
This spiked blank was analyzed on the LC-Orbitrap™ HRMS in full
scan-ddMS2 mode and the data obtained were subjected to the screen-
ing workflow.

To assess the efficiency of the suspect screening workflow, the
method selectivity and sensitivity were calculated for the application in
both the mobile phase and wastewater matrix spiked with standards, as
described in a previous study (Pochodylo and Helbling, 2017) and
defined by equations 1 and 2, respectively:

(Eqn.
1)

(Eqn.
2)

Sensitivity is the measure of how well the method can identify all
the features that are present in the sample. Selectivity, on the other
hand, is the measure of how well the method can identify real fea-
tures and distinguish them from those that are not actually in the sam-
ple (Pochodylo and Helbling, 2017). The number of true positives is
the number of validation compounds that were detected as suspect hits.
The number of false negatives is the number of validation compounds
that were not detected as suspect hits, while the number of false pos-
itives is the number of compounds detected as suspect hits but were
not spiked in the sample. Finally, a 100 ppb solution of each reference
standard was prepared in 90:10 v/v water: acetonitrile and injected in
the LC Orbitrap™ that was used to estimate the concentrations of the
confirmed targets, calculated by one-point external calibration. Since
a linear relationship between the concentration and response has not

been established in the reference standards, these concentrations are
only approximations and are considered semi-quantitative.

3. Results and discussion

3.1. Workflow development and validation with a clean positive control

Prior to any filtering, about 5000 compounds were detected as “sus-
pect hits” by the peak picking feature of Compound Discoverer™ in the
validation sample that was spiked with only 35 compounds. This is a di-
rect demonstration of how many features can be present in ‘clean’ sam-
ples. After applying the different filters, many of the features were dis-
carded, reducing the list from 5155 to 39 suspects (Fig. 3). Out of the
35 validation compounds, 34 were detected as “true positives”. Despite
being spiked into the mixture, estrone was considered not detected (false
negative) because its peak area in all three replicates (< 5 × 104) did
not pass the peak area filter threshold. Estrone has poor ionization ef-
ficiency in positive ESI mode compared to the other standards. There-
fore, among the total of 39 “hits” found in the spiked mobile phase,
only 34 were true positives while 5 were false positives. These false
positives included: an isomer of roxithromycin, background noise that
was detected as a peak by the software, two unknown features, and
tris(2-butoxyethyl) phosphate (an organophosphate flame retardant).
Organophosphate flame retardants have been reported as possible con-
taminants in LC/MS-grade acetonitrile and methanol used in mobile
phases, LC/MS equipment, and other laboratory materials (Lorenzo et
al., 2016). Although tris(2-butoxyethyl) phosphate was also detected in
the blank, it was not eliminated during background subtraction because
its area in the spiked mobile phase was 5.1 times higher than the area in
the blank, just slightly higher than the set sample:blank ratio threshold
of 5.

For the mobile phase used in this study, given that there were 34
true positives, 5 false positives, and 1 false negative, the method se-
lectivity and sensitivity were calculated to be 87% and 97%, respec-
tively. The method selectivity was higher and the method sensitivity was
comparable to what was found in another study (Pochodylo and Hel-
bling, 2017) which had 25% selectivity and 98% sensitivity. The dif-
ference in the selectivity scores can be attributed to the filters applied
in the two suspect screening workflows. For instance, for blank sub-
traction in the previous study (Pochodylo and Helbling, 2017) men

Fig. 3. Number of “suspect hits” after background subtraction, matching with the suspect mass list, application of the area and replicates filter, which removes suspect hits that are not
present in three technical replicates and with areas < 5 × 104, and matching with the mass spectral library mzCloud™.
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tioned, all suspect hits that had peak areas greater than or equal to the
peak areas in the blank were kept. In this study, an area multiplier of 5
was used, where only suspect hits in the sample that had areas greater
than or equal to 5x of the area in the blank were retained. The approach
in the previous study (Pochodylo and Helbling, 2017) resulted in
a high sensitivity at the expense of selectivity. It should be noted that
method selectivity is dependent on other factors such as the selected
validation compounds and the suspect screening database used, which
also contributed to the difference in the selectivity scores. In this “clean”
sample (no complex matrix typical of wastewater samples), the perfor-
mance of the workflow optimized in the present study yielded reason-
able results in terms of method selectivity and sensitivity. However, the
workflow should be validated in real environmental matrices.

3.2. Workflow validation with a complex matrix

To test the performance of the workflow in a complex matrix, the
same mixture of 35 validation compounds was spiked to a wastewater
influent sample and was analyzed using the same method. The unspiked
wastewater influent sample was used as the “matrix blank”, and there-
fore all the features that were detected in the unspiked sample were re-
moved from the “suspect hits” list. In addition, it was found that 12 out
of the 35 validation compounds were already present in the wastewater
influent sample prior to spiking. This was confirmed by manually check-
ing the wastewater influent sample for the presence of each of the vali-
dation compounds. Therefore, these 12 compounds were removed from
the list of validation compounds, and only the remaining 23 compounds
were evaluated in the spiked matrix. After applying the workflow, 21
true positives, 139 false positives, and 2 false negatives were found. Us-
ing the formulas in equations 1 and 2, the method sensitivity and selec-
tivity were calculated to be 91% and 13% in the matrix, respectively.
The two false negative detections, bromacil and sulfamethizole, were
lost in the replicates filter because both compounds were found in only
2 out of 3 replicates. It was observed that the areas of bromacil and sul-
famethizole in the spiked matrix were 60% and 70% less than their areas
in the spiked mobile phase, respectively, indicating matrix suppression.

A higher number of false positives was observed in the presence of
co-extracted sample matrix compared to only 5 false positives in the val-
idation mixture in mobile phase, causing a significant decreased in the
selectivity of the workflow. To address the issue of high false positive
rate, a manual inspection and data confirmation of questionable features
was performed. It is important to reduce the number of false positive
detections without sacrificing sensitivity. Overall, a sensitivity of 91%
provides a good screening limit of identification at 25 µg/L for 21 out of
23 validation compounds. This workflow for suspect screening was fur-
ther applied to process the HRMS data acquired for real environmental
samples.

3.3. Application to environmental samples and confirmation with analytical
standards

Influent and effluent wastewater and surface water samples collected
from six different locations that were previously analyzed using a tar-
geted analysis approach (Singh et al., 2019) were screened retro-
spectively following the process depicted in Fig. 2. After the applica-
tion of the screening workflow, the suspect hits were compared against
the mzCloud™ database. To confirm suspect hits, reference standards
were obtained to identify the analytes with level 1 confidence, based
on the Schymanski scale (Schymanski et al., 2014). A level 1 confi-
dence represents a confirmed analyte with LC retention time and MS/
MS matching that of a reference standard that has been analyzed un-
der the same LC/MS conditions. Since the purchase of all reference stan

dards for every single suspect hit is cost-prohibitive, a prioritization
strategy was implemented. Only the features with a match score greater
than 60 with mzCloud™ and those that were detected in more than one
sample were further investigated by purchasing the corresponding ref-
erence standards. The compounds that were confirmed with standards
were categorized in “level 1″, and their concentrations were estimated
using a one-point external calibration. Fig. 4 shows excellent match in
retention times and MS fragmentation between “unknown” in waste-
water sample and the losartan reference standard, supporting the level 1
identification of the antihypertensive drug in wastewater effluent from
Boras, Sweden. A total of 68 compounds belonging to different com-
pound classes were confirmed and identified with level 1 confidence in
wastewater and surface water (Table 1).

A wide variety of compounds were detected in the samples, includ-
ing antimicrobials, pesticides, industrial chemicals, and other pharma-
ceuticals. Four additional antimicrobials, other than those previously
measured via targeted analysis (Singh et al., 2019), were detected in
the samples: clindamycin, linezolid, metronidazole, and rifaximin (Fig.
S1-S4). The 54 compounds covered in the targeted analysis include
antimicrobials from several classes such as sulfonamides, macrolides,
quinolones, and tetracyclines and other pharmaceuticals such as antide-
pressants (Singh et al., 2019). Some compounds that were detected
in both the targeted and suspect screening analyses were acetyl-sul-
famethoxazole, azithromycin, caffeine, carbamazepine, ciprofloxacin,
clarithromycin, norfloxacin, sulfapyridine, and trimethoprim. The major
antimicrobial pollutants detected were ciprofloxacin and clarithromycin
with concentrations of 48,103 ng/L and 5178 ng/L, respectively. The
four compounds that were detected by suspect screening (clindamycin,
linezolid, metronidazole, rifaximin) had concentrations ranging from
approximately 130 to 650 ng/L, and were relatively low compared to
ciprofloxacin and clarithromycin.

Linezolid and metronidazole are antimicrobial agents that are used
to treat a variety of infections such as skin diseases, pneumonia, and di-
arrhea caused by Escherichia coli. Clindamycin is a lincosamide antibi-
otic that is effective against Gram positive bacteria and is often used as
an alternative for patients allergic to penicillins (Spížek et al., 2004).
Four anti-fungal compounds used in human medicine: climbazole, flu-
conazole, griseofulvin, and miconazole were detected (level 1) in at least
one of the samples. Agricultural fungicides: carbendazim, octhilinone,
imazalil, methfuroxam, tebuconazole, and thiabendazole, were also de-
tected in the samples. Among the antifungal compounds, climbazole and
fluconazole were the compounds detected most frequently in the dif-
ferent regions. Climbazole is a common ingredient present in cosmetic
products where it is used as a preservative, and in shampoo for the
treatment of dandruff. The presence of this compound in common per-
sonal care products leads to its ubiquity in the environment. Flucona-
zole, on the other hand, is widely used for serious fungal infections by
Candida and yeast infections (Goa and Barradell, 1995). The presence
of these fungicide residues in the aquatic environment is concerning be-
cause there is an increasing trend in the number of cases of resistant
fungal infections globally, particularly to antifungal drugs in the azole
family (Orozco et al., 1998; Hitchcock et al., 1993). The detection
of antifungal compounds in surface water is potentially a pathway for
antifungal resistance development in non-clinical settings; antifungal re-
sistance of environmental origin has been reported (van der Linden et
al., 2013).

The β-lactam antibiotic amoxicillin is one of the most frequently uti-
lized antibiotics worldwide (Van Boeckel et al., 2014). However, its
detection in environmental water samples is rare due to its unstable
β-lactam ring (Hirte et al., 2016; Arsand et al., 2018) that under-
goes hydrolysis to form amoxicillin penicilloic acid. Under acidic condi-
tions, penicilloic acid degrades further to form amoxicillin penilloic acid
(Hirte et al., 2016). As expected, amoxicillin, the parent compound,
was not detected in any of the samples. However, both the penicilloic
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Fig. 4. Identification of losartan in a wastewater effluent sample from Boras, Sweden with a reference standard, demonstrating level 1 confidence. (A) Extracted ion chromatograms of
losartan standard and in an effluent sample from Boras, (B) Mass spectra of losartan standard and in an effluent sample from Boras.

acid and penilloic acid metabolites of amoxicillin were detected in the
sampled from India, Switzerland, and the U.S. (Table S5). The detection
of these two amoxicillin metabolites highlight the need to monitor trans-
formation products of antimicrobial drugs to prevent underestimation of
the presence of clinically important antimicrobials in the aquatic envi-
ronment. There is currently no information on the ecotoxicity of these
metabolites, and data on their occurrence and persistence in their envi-
ronment is scarce.

In addition to antimicrobials and antifungal compounds, other phar-
maceuticals were also widely detected. The antihypertensive drugs ace-
butolol, atenolol, bisoprolol, eprosartan, irbesartan, losartan, metopro-
lol, sotalol, valsartan, and verapamil were detected at frequencies rang-
ing from 3% to 78%. These findings are in agreement with other stud-
ies that report the ubiquity of these compounds in the aquatic envi-
ronment, especially atenolol and metoprolol (Godoy et al., 2015);
these latter compounds are harmful to green alga (Maszkowska et al.,
2014; Cleuvers, 2005). Losartan and valsartan, which are angiotensin
II receptor blockers, were globally ubiquitous in both wastewater and
surface water samples. The presence of these compounds in the envi-
ronment may be attributed to their high mobility in soil that causes
them to reach surface water and ground water, and low biodegrada-
tion potential, with half-lives estimated to be > 1 year (Maszkowska
et al., 2014). Some pharmaceuticals that are considered controlled sub-
stances were detected in the samples as well. The sedatives oxazepam

and temazepam were detected in water samples from Sweden, Switzer-
land, and the U.S. The opioids codeine and oxycodone were detected in
some samples. Interestingly, codeine was detected in at least one sam-
ple from all of the countries, except the Philippines. Opioid use in the
Philippines is very low and it was found that with the 87 kg allocation of
opioids from the International Narcotics Control Board, less than 15 kg
are consumed every year (Javier et al., 2001). Codeine is one of the
most commonly detected opioids in surface water, with concentrations
reaching up to 342 ng/L (Campos-Mañas et al., 2018). It was mainly
detected in wastewater and surface waters in Europe, the UK, U.S., and
Canada (Campos-Mañas et al., 2018).

Insecticides such as diethyltoluamide (DEET), dichlorvos, icaridin,
and imidacloprid were detected in the water samples. Dichlorvos was
detected only in India, while imidacloprid was detected in both In-
dia and the U.S. Though icaridin and DEET are both insect repellents,
icaridin was only found in the Philippine surface water, while DEET
was detected in all six countries at concentrations of up to approxi-
mately 2000 ng/L. Icaridin is the main active ingredient in several in-
sect repellents that are commercially available in the Philippines. In-
sect repellents are widely used in the country because of the prevalence
of Dengue fever, a mosquito-borne disease (Carvajal et al., 2018;
Faidell, 2019). DEET is the most common active ingredient in in-
sect repellents used worldwide, and has been reported to be present in
wastewater and surface water. The toxicity of DEET to species in the
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Table 1
List of confirmed compounds using suspect screening b.

Name RT a m/z DF Wastewater Surface water Class Country

(min) (n = 40) Concentration (ng/L) Concentration (ng/L)

Min Med Max Min Med Max

4-Amino-3-hydroxybenzoic
acid

2.9 154.05 60% 1100 21,000 130,000 150 2800 54,000 pharmaceuticals HK, IN, PH, SE, CH,
US

Acebutolol 7 337.213 5% 52 77 100 n.d. n.d. n.d. pharmaceuticals US
Acetazolamide 4.9 222.996 13% 340 470 1200 15 15 15 pharmaceuticals US
Atenolol 2.1 267.171 55% 51 500 2600 13 550 1600 pharmaceuticals HK, IN, SE, CH, US
Benzoylecgonine 7.6 290.139 15% 69 460 2300 20 20 20 metabolite CH, US
Bisoprolol 8.7 326.233 8% 40 45 50 6 6 6 pharmaceuticals IN, CH
Carbendazim 2.9 192.077 50% 25 110 210 11 130 370 fungicide HK, IN, PH, US
Climbazole 12.3 293.106 45% 16 91 380 3 83 240 pharmaceuticals HK, IN, PH, CH
Clindamycin 8.8 425.188 13% 25 37 130 n.d. n.d. n.d. pharmaceuticals HK, PH, SE, US
Cocaine 7.9 304.155 8% 22 33 240 n.d. n.d. n.d. pharmaceuticals HK, CH
Codeine 2.4 300.16 28% 42 98 1500 60 60 60 pharmaceuticals HK, IN, SE, CH, US
Cotinine 2.1 177.103 23% 240 1100 2300 840 2300 3800 pharmaceuticals HK, IN, PH, SE
DEET 15.4 192.139 98% 10 230 2100 4 48 1800 insect repellent HK, IN, PH, SE, CH,

US
Dichlorvos 13.4 220.954 8% 500 500 500 230 310 390 insecticide IN
Diethyl phthalate 17.3 223.097 30% 2800 9600 28,000 150 860 14,000 industrial

chemical
IN, CH, US

Dimetridazole 5.3 142.062 20% 19 52 300 6 15 44 pharmaceuticals HK, IN
Diuron 15.7 233.025 63% 10 150 6900 2 170 6800 herbicide HK, IN, PH, SE, CH,

US
Eprosartan 10 425.154 5% 33 740 1500 n.d. n.d. n.d. pharmaceuticals CH
Famotidine 2.1 338.053 3% 79 79 79 n.d. n.d. n.d. pharmaceuticals HK
Fenofibric acid 19.6 319.074 3% 48 48 48 n.d. n.d. n.d. pharmaceuticals IN
Flecainide 10.7 415.146 23% 5 52 110 3 9 16 pharmaceuticals HK, SE, CH, US
Fluconazole 9.1 307.112 55% 22 520 1400 16 910 1300 pharmaceuticals HK, IN, PH, SE, CH,

US
Gabapentin 2.4 172.134 65% 55 470 23,000 15 170 480 pharmaceuticals HK, IN, SE, CH, US
Griseofulvin 15.6 353.079 15% 25 120 140 2 11 230 pharmaceuticals IN, US
Hydrocodone 3.4 300.16 8% 63 140 150 n.d. n.d. n.d. pharmaceuticals HK, US
Icaridin 15.3 230.176 5% n.d. n.d. n.d. 57 140 220 insect repellent PH
Imazalil 11 297.056 10% 8 140 150 22 22 22 fungicide HK, SE
Imidacloprid 10 256.06 18% 160 330 730 17 48 100 insecticide IN, US
Indole-3-acetic acid 11.2 176.071 23% 16,000 49,000 150,000 650 27,000 92,000 natural product IN, PH, SE, CH
Irbesartan 13.1 429.24 65% 17 99 1200 1 13 69 pharmaceuticals HK, PH, SE, CH, US
Isoproturon 15.5 207.15 5% n.d. n.d. n.d. n.d. 2 3 herbicide CH
Ketoprofen 16.3 255.102 18% 23 400 860 66 66 66 pharmaceuticals SE, CH
Lamotrigine 6.2 256.016 30% 62 510 2500 4 32 320 pharmaceuticals HK, SE, CH
Levetiracetam 3.8 171.113 20% 860 2400 4500 750 1600 2400 pharmaceuticals IN, SE, CH, US
Lidocaine 4.2 235.181 25% 1 100 700 n.d. 20 31 pharmaceuticals HK, IN, PH, CH, US
Linezolid 10.2 338.152 20% 180 380 410 99 190 240 pharmaceuticals IN
Losartan 14.3 423.17 78% 5 180 1400 1 50 370 pharmaceuticals HK, IN, PH, SE, CH,

US
Methamphetamine 3 150.128 5% n.d. n.d. n.d. 17 22 26 pharmaceuticals PH
Methfuroxam 17.6 230.118 10% 4 5 6 2 10 17 fungicide CH
Metoprolol 7.1 268.191 15% 180 650 650 11 21 190 pharmaceuticals IN, PH, CH
Metronidazole 3.7 172.072 18% 95 230 650 10 10 10 pharmaceuticals IN, CH, US
Miconazole 14.9 414.994 3% 48 48 48 n.d. n.d. n.d. pharmaceuticals CH
Mycophenolic acid 15.7 321.134 63% 44 430 4000 13 150 770 pharmaceuticals HK, IN, PH, SE, CH,

US
Octhilinone 19.9 214.127 8% 4 4 4 50 69 89 pharmaceuticals PH
Oxazepam 13.9 287.059 23% 22 160 240 12 34 34 pharmaceuticals SE, CH
Oxcarbazepine 12 253.098 45% 40 600 1600 25 280 600 pharmaceuticals HK, IN, PH, SE, CH,

US
Oxybenzone 20.5 229.086 53% 18 180 1300 6 16 380 pharmaceuticals HK, PH, SE, CH
Oxycodone 2.7 316.155 8% 88 180 2800 n.d. n.d. n.d. pharmaceuticals SE, US
Phenazone 8.8 189.103 5% 66 66 66 34 34 34 pharmaceuticals IN
Piperine 18.2 286.144 53% 14 190 6400 4 27 320 natural product HK, IN, PH, SE, CH,

US

7



UN
CO

RR
EC

TE
D

PR
OO

F

L.F. Angeles et al. Journal of Hazardous Materials xxx (xxxx) xxx-xxx

Name RT a m/z DF Wastewater Surface water Class Country

(min) (n = 40) Concentration (ng/L) Concentration (ng/L)

Min Med Max Min Med Max

Primidone 8.8 219.113 3% 590 590 590 n.d. n.d. n.d. pharmaceuticals US
Prometon 10.1 226.167 3% 12 12 12 n.d. n.d. n.d. herbicide US
Propyphenazone 14.3 231.15 23% 7 21 37 25 28 42 pharmaceuticals IN, CH
Rifaximin 17.8 786.36 5% 50 200 360 n.d. n.d. n.d. pharmaceuticals US
Rivaroxaban 13.3 436.073 20% 34 94 330 11 13 15 pharmaceuticals SE, CH
Sotalol 2.1 273.127 5% 1000 1200 1300 n.d. n.d. n.d. pharmaceuticals US
Sulfapyridine 6.6 250.065 10% 120 130 140 8 20 33 pharmaceuticals IN, US
Tebuconazole 19 308.153 8% 20 38 55 1 1 1 fungicide US
Temazepam 15.4 301.074 8% 120 160 210 5 5 5 pharmaceuticals US
Terbutryn 13.6 242.144 8% 26 47 68 1 1 1 herbicide CH
Thiabendazole 4 202.044 13% 18 280 730 130 130 130 pharmaceuticals HK, SE
Tramadol 7 264.196 5% 14 14 14 3 3 3 pharmaceuticals PH
Triethyl phosphate 11 183.079 3% 1100 1100 1100 n.d. n.d. n.d. flame retardant IN
Triphenyl phosphate 21.4 327.079 8% 11 11 11 17 27 36 flame retardant IN
Triphenylphosphine oxide 16.3 279.094 55% 11 35 440 7 23 480 flame retardant HK, IN, PH, SE, CH,

US
Tris(2-chloroethyl) phosphate 14.5 284.962 20% 41 92 100 19 59 75 flame retardant IN, PH, US
Valsartan 17.1 436.235 50% 32 350 990 3 33 130 pharmaceuticals HK, IN, PH, SE, CH,

US
Verapamil 11.8 455.291 3% 89 89 89 n.d. n.d. n.d. pharmaceuticals US

a RT – retention time, DF – detection frequency.
b Concentrations are semi-quantitative.

environment was found to be low, but requires further monitoring
(Weeks et al., 2012). The herbicides diuron, isoproturon, and ter-
butryn, were estimated to reach concentrations of up to 7000 ng/L in the
water samples. Other studies have shown the presence of these biocides
in European countries; terbutryn was detected in small rivers in Ger-
many (Quednow and Püttmann, 2007), while diuron, isoproturon,
and terbutryn were detected in stormwater from buildings in Denmark
(Bollmann et al., 2014). Industrial chemicals that were detected in
the samples were the plasticizer diethyl phthalate and the organophos-
phorus flame retardants triethyl phosphate, triphenyl phosphate, triph-
enylphosphine oxide, and tris(2-chloroethyl) phosphate. These com-
pounds are widely detected around the world due to their high volumes
of production as these compounds are used for plastics, textiles, and
furniture (Reemtsma et al., 2008). In this study, the highest level of
triphenylphosphine oxide was found in surface water from the Philip-
pines. Diethyl phthalate, on the other hand, was detected at concentra-
tions of up to approximately 14,000 ng/L in Swiss surface water. This
concentration is much higher compared to other studies that reported
diethyl phthalate in surface water, such as in China (He et al., 2011)
at concentrations from 10 to 288 ng/L and in Sweden (Bastos and
Haglund, 2012) at 630 ng/L.

3.4. Comparison of in silico fragmentation and experimental MS from
reference standards

In silico fragmentation has proved to be a helpful tool in annotating
HRMS data, especially since MS libraries do not cover the entire med-
ical and industrial chemical space. MetFrag is a freely-available in sil-
ico fragmenter software that uses different compound libraries to obtain
candidate lists based on the exact mass of a compound. In this study, the
results of in silico fragmentation using MetFrag were compared to the
confirmation of features with reference standards.

An unknown compound (m/z 393.1727) showed a match with
sparfloxacin in the mzCloud™ MS library. However, the reference stan-
dard for sparfloxacin did not match the peak detected in the waste-
water effluent sample (Fig. S5). The sparfloxacin standard (m/z

393.1733) had a retention time of 8.12 min, while the feature with an
m/z of 393.1739 in the sample had a retention time of 5.71 min. As seen
in Fig. S5, the fragmentation patterns of the standard and the suspect
compound were also different despite having molecular ions that are
within the 5 ppm mass error cut off. In silico fragmentation using Met-
Frag was performed for this unknown compound and also resulted in
sparfloxacin as the top hit based on one fragment match. In this case,
the results from both the MS library matching with mzCloud™ and in sil-
ico fragmentation with MetFrag were false, as shown by the mismatch of
the unknown compound and the reference standard. This example illus-
trates that a level 1 confidence is still not achievable using in silico tools,
and that suspect screening requires a reference standard to validate the
“true identity” of a positive detection in environmental samples.

Compounds in the samples that were confirmed with reference stan-
dards (level 1 confidence) were evaluated using MetFrag to check
whether the in silico predictions accurately identify the structures from
the HRMS. PubChemLite (Schymanski), which is a subset of PubChem,
was used as the database from which the candidate structures were
generated using the exact mass of the monoisotopic molecular ion, set-
ting tolerance at 5 ppm mass error. PubChemLite is a subset of Pub-
Chem which contains 361,976 compounds that are from seven cate-
gories (AgroChemInfo, BioPathway, DrugMedicInfo, FoodRelated, Phar-
macoInfo, SafetyInfo, ToxicityInfo, and KnownUse) of PubChem. Since
PubChem is a huge database consisting of about 100 million compounds,
a single exact mass would yield thousands of possible candidate struc-
tures. PubChemLite was used to reduce this number in order to focus
on compounds that are environmentally relevant. Each candidate gener-
ated from PubChemLite was fragmented using a bond dissociation-based
algorithm. MetFrag then matched the predicted fragments to the experi-
mental MS peak list and provided a score for each candidate compound
that is based on the m/z values, intensities, and bond dissociation ener-
gies associated with the fragments generated (Wolf et al., 2010; Rut-
tkies et al., 2016). The candidate that is listed as the number 1 hit is
the compound with the highest probability of being a match to the fea-
ture being identified.
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The 39 “level 1″ compounds investigated and the total number of
candidates generated for the query for each compound are shown in
Table S6. The rank of the true identity of each compound among all
candidates are also reported in Table S6. Results indicated a true posi-
tive detection rate of 51%, given that only 20 out of the 39 compounds
tested were correctly identified as the number 1 hit in the candidate list
of MetFrag. The false detection rate was calculated to be 49%, as 19 out
of the 39 compounds were not the top hit in the list. Of these 19 com-
pounds, 10 were included in the top 5 hits in the candidate list of Met-
Frag, while the remaining 9 compounds were all included in the final
list, but not highly ranked (Fig. 5).

Based on the results, MetFrag was not biased towards certain classes
of chemicals, but one of its challenges include the number of candidates
being generated for each compound. All compounds that are within
5 ppm error of the exact mass of the unknown compound are frag-
mented and ranked against each other. Therefore, the higher the num-
ber of candidates, the lower the chances will be that the correct com-
pound will be ranked as top candidate. This was observed in the re-
sults where the compounds with the most number of database candi-
dates (> 70) were ranked around 7th–22nd, while those that had less
than 10 candidates were ranked 1st. Smaller and more relevant data-
bases such as PubChemLite, which was utilized in this study, are be-
ing created and added to MetFrag in order to address this challenge.
In addition, compounds with higher molecular weights were found to
have better rankings, where all compounds with molecular weights
> 400 were ranked either 1st or 2nd. Compounds with higher molecular
weights have more fragments with higher m/z values, which facilitates
in distinguishing them from other candidates. Low molecular weight
compounds, on the other hand, have fragments with lower m/z values

Fig. 5. The results of in silico fragmentation using MetFrag were compared to the confir-
mation of features with reference standards. This graph shows the percentage distribution
of MetFrag rankings of the 39 compounds studied during in silico fragmentation. The can-
didate that is ranked as the number 1 hit is the compound with the highest probability of
being a match to the feature being identified. Results indicated that 51% of the 39 com-
pounds tested were correctly identified as the number 1 hit in the candidate list of Met-
Frag. About 26% of the compounds were ranked in the top 2–5%, and 15% were ranked
in the top 6–10.

that are more common with other candidates, resulting to lower rank-
ings.

These findings show the importance of achieving level 1 confidence
using reference standards in reporting detections in the environment
whenever possible, because in silico fragmentation does not always ac-
curately predict the correct fragments obtained in HRMS. Nevertheless,
MetFrag can be a useful tool to tentatively identify the structure of an
unknown compound to guide the selection of reference standards to pur-
chase, if a level 1 confidence is to be achieved for suspect hits.

4. Conclusion

The detection and characterization of CECs present in the aquatic en-
vironment is essential to be able to assess the efficiencies of WWTPs and
the risks associated with releasing treated wastewater effluents into sur-
face waters. Knowledge of the identities of CECs in the aquatic environ-
ment will allow us to have a better understanding of the effects of these
chemicals on aquatic organisms and on the increased global emergence
of multi-drug resistant bacteria and fungi. The compounds reported in
this study should be strongly considered for future monitoring programs,
which can be readily extended using the methodology developed here.
These compounds are also worthy of consideration in eco-toxicological
studies, particularly in terms of considering effects of low concentrations
and mixtures. A major advantage of suspect screening in comparison to
the targeted analysis for 54 compounds that was previously performed
(Singh et al., 2019) on these samples, is the increased coverage of de-
tection of CECs. The workflow provided in this study shows that open
access databases, such as the NORMAN Database System and the EPA
Chemistry Dashboard, are important and should be utilized for the eval-
uation of data in studies regarding CECs. In addition, because data pro-
cessing and identification of unknown compounds remain the biggest
challenges in suspect screening, utilizing MS libraries and data analysis
software can be helpful in alleviating these limitations, as shown in this
study with the use of Compound Discoverer™, mzCloud™, and MetFrag.

This study demonstrates that only performing targeted analysis will
vastly underestimate the true extent of CEC contamination and corre-
sponding human and ecological health impacts. However, even with the
expanded detection coverage offered by suspect screening, there are still
many other contaminants present in the environment that remain unde-
tected and unidentified. With the increasing availability of open access
suspect screening databases, data processing software, and studies pro-
viding screening workflows, there is a positive outlook for the future of
suspect screening analysis.
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