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ABSTRACT: Existence of emerging contaminants in the
environment is of great importance for health risk assessment.
The consensus on categories and numbers of the emerging
contaminants in airborne fine particulate matter (PM2.5) is
still extremely deficient. In this study, an in-house data set was
constructed containing 890 unique ToxCast (Phase I and
Phase II) chemicals. Occurrence and temporal variation of the
chemicals was investigated by a suspect screening workflow in
60 PM2.5 samples from January to December of 2016 in
Beijing. Eighty-nine compounds were identified in 12
substance categories, which covered a broad range of
physicochemical properties. Quantification/semiquantification
results showed that phthalates, phenols, and carboxylic esters
were the three most predominant categories, with mean concentrations of 7.82, 4.42, and 4.11 ng/m3, respectively. Four diverse
temporal variation patterns were discerned, which could be explained by correlations of chemical concentrations (or
instrumental responses) with meteorological parameters. An extended retrospective suspect screening was also performed to
reveal the presence of several analogues of the identified chemicals that were not included in the data set. Another 75 pollutants
were tentatively recognized, and comparison of estimated composition profiles based on instrumental responses suggested the
identified ToxCast chemicals are a notable subset of typical emerging contaminants. The results might facilitate ranking of
organic pollutants with active biological effects in PM2.5 samples.

■ INTRODUCTION

Thousands of synthetic chemicals are produced at large annual
production volumes around the world, and their emission into
the environment is inevitable during production and
application processes. Public and regulatory concerns on
emerging contaminants are increasing due to their potential
adverse effects to the environment. Extensive efforts have been
carried out to analyze the presence and behaviors of emerging
contaminants in various environmental matrices and biological
samples including water, soil, sediment, sewage sludge, human
urine, and serum.1−6 In recent years, airborne fine particulate
matter (PM2.5) has been raising increasing attention regarding
its impacts on social sustainable development and human
health.7 To our knowledge, few exploratory studies currently
focused on particular substance categories in PM2.5, including
polycyclic aromatic hydrocarbon (PAH) derivatives,8 flame
retardants,9,10 per- and polyfluoroalkyl substances,11 and
pollutants from secondary formation processes (e.g., organo-
sulfates, organonitrates).12,13

Toxicity Forecaster (ToxCast) program is a project
launched by the United States Environmental Protection
Agency, which aims to rank and prioritize chemicals by high
throughput screening (HTS) in vitro assays and computational
toxicology approaches.14 A large number of chemicals have
been tested to identify indicative in vitro assays and to develop
prediction models. Significantly, the ToxCast Phase I and II
chemicals are frequently used as positive controls for
monitoring diverse active biological processes (e.g., nuclear
receptor, cytokine and steroid hormone). It covers multiple
emerging contaminants like pharmaceutical, pesticide, personal
care product, fragrance, colorant, antimicrobial, consumer use,
and industrial product from various inventories of interest such
as Toxicity Reference Database (ToxRefDB), High Production
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Volume (HPV) chemical list, and more.15 Therefore, these
chemicals are priority pollutants that deserve detailed
investigations.
Chemical identification is an essential step for in-depth

analysis of environmental behavior and risk assessment of
emerging contaminants. Liquid chromatography coupled with
high resolution mass spectrometry (LC-HRMS) showed
tremendous advantages on abundant information acquisition,
accurate mass measurement and data retrospective analysis.16

Conventional analytical methods mainly depend on target
screening by low resolution MS that reference standards are
indispensable for compound confirmation and quantification,
significantly limiting the coverage of organic contaminants for
simultaneous analysis. Comparatively, suspect and nontarget
screening strategies based on LC-HRMS instruments are
capable of carrying out chemical identification with few prior
information,16 which have been successfully used to identify
diverse pollutants (e.g., pesticides, pharmaceuticals) in the
environment.17−19 Integrated technical approaches are indis-
pensable to identify unknown organic contaminants through
suspect or nontarget screening strategy. Generally, chemical
confirmation at a high confidence level20 could be achieved by
comparison of both MS1 and MS2 data with mass spectral
libraries (e.g., MassBank,21 mzCloud and Metlin22). Other
supplemental means, such as in silico fragmentation (e.g.,
MetFrag23 and CFM-ID24) tools to predict MS2 fragments or
find possible candidates according to the experimental MS2

spectrum, and quantitative structure-retention relationship
(QSRR) models to predict LC retention time (RT),25 were
also combined for structure elucidation.
In this study, an in-house data set on the basis of the

ToxCast Phase I and II chemicals was established with aims to
confirm the presence of ToxCast chemicals in PM2.5 samples
by a suspect screening workflow, to monitor composition
profiles of the identified compounds, and to measure temporal
variations so as to provide primary data for future chemical
ranking and health risk assessment.

■ MATERIALS AND METHODS
Chemicals and Reagents. A method evaluation set of 60

compounds with diversified molecular structures was served as
artificial suspects to validate feasibility of the suspect screening
workflow. Detailed information on chemical name, chemical
abstracts service (CAS) registration number, simplified
molecular input line entry system (SMILES), octanol−water
distribution coefficient (Log Kow), and supplier is provided in
Table S1 of the Supporting Information (SI). HPLC grade
acetonitrile and methanol were purchased from J.T. Baker
(Phillipsburg, NJ). Sodium chloride (NaCl), primary secon-
dary amine (PSA), ceramic homogenizers, and anhydrous
magnesium sulfate (MgSO4) were obtained from Agilent
Technologies (Santa Clara, CA). Acetic acid and ammonium
acetate were from J&K Scientific (Beijing, China) and
DikmaPure (LakeForest, CA), respectively. Ultrapure water
(18.3 MΩ·cm) was generated by a Milli-Q system (Millipore,
Billerica, MA).
Sampling and Pretreatment. PM2.5 samples were

collected using quartz fiber filters (47 mm diameter, Measure-
ment Technology Laboratories, Minneapolis, MN) by a low-
volume Partisol 2025i air sampler (Thermo Fisher Scientific
Inc., Waltham, MA) at a flow rate of 1000 L/h from January to
December of 2016 in the China National Environmental
Monitoring Center in Beijing, China (116.42°E, 40.05°N).

The sampling site was on the rooftop of the building at a
height of approximately 10 m above ground level, which was
located in a residential area with traffic and commercial
activities as well. Before sampling, all filters were baked at 450
°C to eliminate potential background interferent. The
sampling time lasted for 22 h at a fixed time period (11:00
AM to 9:00 AM the second day), and quartz fiber filters were
preserved in refrigerator at −20 °C. PM2.5 mass was
determined by the gravimetric balance method at constant
temperature (20 ± 1 °C) and humidity (50 ± 5%). Significant
correlation of PM2.5 mass (r = 0.91, p < 0.01) was found
between the gravimetrically measured values and public data
from the nearby air quality monitoring station.26 Two parallel
filters collecting at the same time were combined as one
sample for pretreatment, with detailed information summar-
ized in Table S2.
A modified quick, easy, inexpensive, effective, rugged, and

safe (QuEChERS) method was applied for sample extraction
and purification according to previous literature.27 Briefly, the
filters were cut into square pieces (3−5 mm in side length),
and placed into a 15 mL centrifuge tube with a ceramic
homogenizer inside. A mixture of surrogate standards (Table
S1, 8 ng of each standard in methanol solution) was spiked to
monitor recoveries during the whole pretreatment process. A
volume of 10 mL acetonitrile with 1% acetic acid as additive
was added into the tube, hand shaken for 15 s, and vortexed for
1 min to extract possible analytes. Subsequently, 2 g MgSO4
and 0.5 g NaCl were added, hand shaken for 15 s, and vortexed
for 1 min. Around 6 mL supernatant was gathered after
centrifugation for 10 min at 2800g, which was transferred into
another 15 mL centrifuge tube. MgSO4 (300 mg each) and
PSA (50 mg each) were selected for interferent removal by
hand shaken for 15 s and vortexed for 1 min. Finally, 5 mL of
supernatant was obtained after centrifugation at 12 000g,
mixed with injection standards (Table S1, 5 ng of each), and
concentrated to 200 μL for instrumental analysis.

Instrumental Analysis. An Ultimate 3000 ultrahigh
performance liquid chromatography was coupled to Orbitrap
Fusion mass spectrometer (UPLC-Orbitrap HRMS, Thermo
Fisher Scientific Inc., Waltham, MA) system. An ACQUITY
UPLC BEH C18 column (Waters, 1.7 μm, 2.1 mm i.d. × 100
mm length) was used for analyte separation. Column
temperature was maintained at 35 °C, and the flow rate was
0.3 mL/min. Methanol and ultrapure water were mobile
phases, with 1 mM ammonium acetate added in each phase.
Heated electrospray ionization (ESI) and atmospheric pressure
chemical ionization (APCI) sources were separately utilized to
obtain mass spectral information. Full-scan mass spectrum
(MS1) covering a mass range of 60−1200 was acquired with a
resolution of 120 000 fwhm (full width at half-maximum at m/
z 200). MS fragmentation (MSn) was further conducted in
higher-energy collisional dissociation (HCD) mode to obtain
information on precursor/daughter ion pairs for structure
elucidation. In MS2 mode, MS1 precursors were first selected
by quadrupole at an isolation window of 1 m/z, subsequently
transferred to the ion routing multipole (IRM) for MS2

fragmentation at a HCD energy of 10−80% with a resolution
of 60 000 (fwhm at m/z 200). The accurate mass precision
(mass error <2.0 ppm) was validated every week using Pierce
ion calibration solution kit (Thermo Fisher Scientific Inc.,
Waltham, MA). Detailed instrumental parameters are given in
Table S3.
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Quality Assurance and Quality Control (QA/QC). The
60 compounds from the method evaluation set were spiked
onto baked blank quartz fiber filters at 8 ng each (Table S1, n =
5). All the suspects could be positively identified after the
entire suspect screening workflow with recoveries in the range
of 20 ± 4% (theophylline) to 118 ± 16% (diisononyl adipate),
indicating reliability of the method. One procedural blank of
baked quartz fiber filter and one solvent blank (methanol)
extract were included in each batch of five samples, in order to
estimate potential contamination introduced from pretreat-
ment and instrumental analysis. A compound was considered
as interferent if its response in each PM2.5 sample was less than
3 times the average response in the procedural blank and
solvent blank samples. Among all identified ToxCast chemicals
(n = 100) in samples, 11 were recognized as interferents, which
were dinoseb, vanillin, 2,5-di-tert-butylhydroquinone, di-n-octyl
phthalate/diethylhexyl phthalate, benzoic acid, adipic acid,
dimethyl glutarate, dibutyl sebacate, 4-dodecylbenzenesulfonic
acid, isophorone, and benzophenone. These compounds were
excluded in further data retrospective analysis.
A quality control (QC) sample was obtained by mixing 10

μL supernatant from each PM2.5 sample extract. One QC
injection was added repeatedly in each batch of five samples to
monitor instrumental stability.28 The relative responses of
surrogate standards in sequential QC samples were inspected.
Most surrogate standards displayed no obvious signal drift
except for benzotriazole-d4, which showed a weak but
significant increasing trend (R = 0.75, p = 0.008) in the
negative mode (Figure S1). Thus, normalization of instru-
mental responses (IRs) was not conducted for individual
samples, considering its insignificant influence on chemical
identification and successive temporal variation analysis.
Method detection limits (MDLs) of the surrogate standards

were calculated as described elsewhere,28 and detailed
information was given in the SI Appendix S1. The MDLs of
all surrogate standards were in a range of 10.3−819 pg/m3

(Table S1). Recoveries of surrogate standards ranged from
36% (prednisone-d7) to 109% (lovastatin-d3), with acceptable
relative standard deviations of 5−31%. Minor signal enhance-
ment was observed as matrix effects for the isotope-labeled
injection standards, with recoveries in a range of 108 ± 7% to
114 ± 13% (Table S1). Linearity of instrumental responses
was verified with reference standards by ten-point calibration
curves of 0.1−100 ng/mL (R = 0.997−1.000, p < 0.05).
In-House Chemical Data Set Establishment and

Suspect Screening Workflow. An in-house chemical data
set was constructed referring to ToxCast Phase I and Phase II
chemicals. ToxCast Phase I library includes 293 unique
chemicals, a majority part of the compounds are pesticidal
active. ToxCast Phase II library contains 767 unique
compounds with more diverse substance categories (e.g.,
food additives, plasticizer alternatives, pharmaceuticals, etc.).14

The scope of this study covered compounds that could be
ionized in the atmospheric pressure ionization mechanisms
(i.e., ESI and APCI), and information from only proposed
protonated or deprotonated ions was used. Four particular
cases were taken into account to generate the “MS-ready” data:
(i) compounds with metal/semimetal elements were dis-
regarded; (ii) divalent and multivalent ionic compounds were
excluded; (iii) precursors of ionic compounds containing a
Na+/K+/Cl−/Br− ion were treated as [M − Na]−/ [M − K]−/
[M − Cl]+/[M − Br]+; (iv) precursors of adducts in forms of
[M·X] (X = H2O, HCl, etc.) were treated as [M + H]+ and [M

− H]−. A total of 890 chemicals were finally selected and
included in the in-house data set. Compound information on
the in-house data set, including chemical name, CAS number,
PubChem CID, molecular composition, SMILES, molecular
weight, proposed monoisotopic mass (MIM) and physico-
chemical properties (Log Kow, vapor pressure, Henry’s Law
constant, and octanol-air partition coefficient) estimated by
EPI suit V4.1,29 was integrated in an Excel file (Table S11).
A modified suspect screening workflow was established

based on previous studies19,30,31 to determine presence of the
chemicals in the in-house data set, including feature detection,
matching, filtering, and chemical structure confirmation
(Figure S2) procedures. Full-scan MS1 spectra of the 60
PM2.5 samples were converted to mzXML format,32 and
introduced into the XCMS processing package for feature
detection.33 Features were matched correspondingly with the
proposed MIMs of all compounds in the in-house data set
within a mass error of 5 ppm. Positively matched compounds
in the data set were regarded as possible candidates in samples,
which were further checked for the following structure
confirmation procedure. Briefly, ionization polarity of each
candidate was validated according to mass spectral library
(MassBank, Metlin and mzCloud), literature retrieval or expert
judgment, compounds with suspicious ionization polarity were
further rejected. Next, chromatographic peak (MIM ± 5 ppm)
of each candidate was inspected, those compounds without
visible chromatographic peak were also deleted. Isotopic
patterns of Cl/Br/S-containing compounds were additionally
checked by the Seven Golden Rules,34 only those that gave a
good match (score >75/100) were kept (Figure S5). Complete
chemical identification was based on interpretation of MS2

spectra by comparison with mass spectral libraries, computer-
assisted in silico fragmentation tools (e.g., MetFrag), and
characteristic fragmentation pattern analysis. Suspect com-
pounds were further confirmed by comparing with the
corresponding reference standards (MS2 and RT). Confidence
level (CL) was assigned to each identified compound
according to the criteria proposed by Schymanski et al.20

■ RESULTS AND DISCUSSION

Performance of the Suspect Screening Workflow. ESI
(±) and APCI (±) ionization were separately used to collect
analyte information in MS1 spectra of the PM2.5 samples. A
total of 20 142 features were found in ESI ionization (sum of
features in both the positive and negative modes), which were
much larger than the amount of features by APCI ionization
(13456 features in total). All features were further matched
with the MIMs of proposed protonated/deprotonated ions for
the chemicals in the in-house data set, resulting in 494 and 487
hits in ESI and APCI spectrum, respectively. Venn diagram
analysis illustrated that 67% of the hits were overlapped, 16%
and 17% of hits were unique to ESI and APCI ionization,
respectively (Figure S4). ESI is commonly used for ionic
analytes with high polarity, and APCI has the advantage of
ionizing weakly polar compounds and of being less susceptible
to interferent in sample matrix for small molecules. Therefore,
both ionization mechanism would be complementary to gain
more complete chemical information in samples. In summary,
360 hits in the positive mode and 228 hits in the negative
mode matched with the proposed ions in the in-house data set.
After applying the feature filtering rules including ionization
polarity, chromatographic peak, and isotopic pattern, 220 hits
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in the positive mode and 100 hits in the negative mode were
finally selected for further structure confirmation (Figure S5).
Occurrence of ToxCast Chemicals in PM2.5. Tentative

chemical identification was mainly based on scrutiny of
isotopic patterns in MS1 spectra, comparison with mass
spectral libraries, prediction by in silico fragmentation tools,
and deduction from characteristic fragmentation pattern.
Detailed protocols could be explained by taking the case of
atrazine (Figure 1, CAS: 1912-24-9, molecular composition:
C8H14ClN5) as an example. The ionization polarity of atrazine
could be easily determined as positive, and good chromato-
graphic peak was noticed for MIM = 216.10104 ± 5 ppm
([M(35Cl)+H]+) at RT = 15.31 min. Isotopic pattern (relative
IR of the M, M+1, and M+2 ion clusters, 100:9.85:32.3)
clearly illustrated presence of one Cl atom in the molecule
(score: 95/100). Additionally, the MS2 fragments at MIM =
174.05399 ([C5H9N5Cl]

+, −0.63 ppm), MIM = 146.02277
([C3H5N5Cl]+ , −0.20 ppm), MIM = 132.03232
([C4H7N3Cl]+ , 0 .14 ppm) , MIM = 104 .00107
([C2H3N3Cl]

+, 0.66 ppm), MIM = 96.05571 ([C4H6N3]
+,

0.90 ppm), MIM = 79.00587 ([CH4N2Cl]
+, 1.49 ppm) and

MIM = 68.02446 ([C2H2N3]
+, 2.00 ppm) fitted well with the

mzCloud library record Reference No: 42 (score: 96/100,
Figure S6). The compound was unequivocally confirmed by
comparison of MS2 and RT with reference standard (RT =
15.33 min), leading to identification with the CL 1 confidence
level. Current progress in mass spectrometry on information
sharing has made the MSn spectra of numerous compounds
available on several open sources, and it has been proven
favorable for compound identification.28,30 Three open mass
spectral libraries (MassBank, Metlin, and mzCloud) were used
as the source of chemical MS2 spectra in this study. Among all
the identified compounds in this study, 85 had corresponding

MS2 information in mzCloud library, and the MassBank and
Metlin contained MS2 information on 63 compounds and 38
compounds, respectively. Nevertheless, MS2 fragments of
many compounds are unavailable due to limited information
in mass spectral libraries. Other trials including in silico
fragmentation prediction, characteristic fragmentation pattern
analysis, and collision energy optimization were pursued to
facilitate molecular structure elucidation. These identification
processes are given in detail in SI Appendix S2.
Altogether, 100 ToxCast chemicals (including the 11 that

were recognized as interferents in the procedure blanks) were
confirmed in the PM2.5 samples, with identification confidence
levels no less than CL 3 (Figure S5 and Table S4). In detail, 71
compounds and 31 compounds were identified in the positive
and negative mode separately, in which two compounds
(monobutyl phthalate and mono(2-ethylhexyl) phthalate)
were found in both modes. The identified compounds could
be classified into 12 substance categories in consideration of
main functional groups in molecular structure, including
amines (n = 5), amides (n = 3), nitro-compounds (n = 5),
nitrogen-heterocyclic compounds (n = 17), phenols (n = 10),
phthalates (n = 13), carboxylic acids (n = 4), carboxylic esters
(n = 13), alcohols and ethers (n = 6), ketones (n = 2), sulfates
and sulfonates (n = 4), and organophosphates (n = 7). It is
notable that the estimated log Kow, log Koa (octanol−air
partition coefficient), vapor pressure (VP), and Henry’s Law
constant values of the identified compounds were in a range of
−1.75−11.81, 4.24−16.46, 1.63 × 10−12 to 1.11 × 103 Pa, and
3.59 × 10−8 to 9.20 × 103 Pa·m3/mol (Figure S10),
respectively, demonstrating feasibility of the developed suspect
screening workflow for identification of organic components
covering various functional groups and a broad range of
physicochemical properties.

Figure 1. Detailed illustration on identification of atrazine in sample extracts as an example. (A) Chromatographic retention of atrazine in standard
solution (50 ng/mL) and sample extracts. (Insert) Measured isotopic distribution (M, M+1, and M+2 ion clusters). (B) CAS, elemental
composition, MIM and estimated log Kow values. (C) MS2 spectrum of atrazine in sample extracts.
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Composition Profiles and Temporal Variations.
Instrumental responses of all identified compounds were
analyzed to give an overall perception on residue levels in the
60 PM2.5 samples. In general, phthalates, carboxylic esters, and
organophosphates were the most abundant categories in MS
spectrum, with average IRs at 8.30 × 107, 7.42 × 107, and 3.43
× 107, respectively. The three categories with the lowest
average IRs were carboxylic acids (2.52 × 105), ketones (4.55
× 105), sulfates and sulfonates (6.67 × 105, Figure 2).
Meanwhile, considerable differences in IRs were observed for

compounds belonging to the same substance category. For
instance, the average IR of dibutyl phthalate (detection
frequency, DF: 92%) in samples was at 6.22 × 108, which
was orders of magnitude higher compared with that of dihexyl
phthalate (DF: 88%) at ∼2.90 × 105 level. For a specific
compound, the IRs could also vary significantly in different
samples. The average IR of malaoxon, the oxon metabolite of
malathion (an organophosphorus pesticide), in summer
sampling period (mean: 1.11 × 106, from June to August)
was approximately 180 times higher than that in winter

Figure 2. Instrumental responses and quantified/semiquantified residue levels of each identified substance category in the 60 PM2.5 samples. Boxes,
centerlines, whiskers, and crosses indicate interquartile range, median, 5th and 95th percentiles, and 1st and 99th percentiles, respectively.

Figure 3. Heat map of instrumental responses of all identified compounds in PM2.5 samples during sampling period from January to December
2016 in Beijing. Examples of compounds with diverse temporal variation trends (A−D: P1−P4) that found in correlation with meteorological
conditions (E: daily temperature, F: PM2.5 mass).
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sampling period (mean: 6.28 × 103, from December to
February, Figure 3). The great disparity in IR levels for an
individual substance could reflect variation of concentrations in
the investigated samples. However, the IR levels could not be
used to compare residue levels among different substance
categories because the different instrumental response factors.
Thus, quantification/semiquantification (Q/SQ) was further

performed for the selected 67 compounds among the 12
classified substance categories based on 34 reference standards
in the method evaluation set to get a more accurate estimation
on chemical concentrations in samples. As shown in Table S7,
SQ was only conducted for compounds that have similar
molecular structures (same functional group and similar
carbon skeleton) in comparison to reference standards to
increase the accuracy of quantification. It was assumed that
compounds with similar molecular structures would have
approximate molar response.35 Phthalates was the most
predominant substance category with concentrations ranged
from nondetected (n.d.) to 105 ng/m3 (mean: 7.82 ng/m3),
which was followed by phenols (mean: 4.42 ng/m3) and
carboxylic esters (mean: 4.11 ng/m3). It is notable that this
result was slightly different from the ranking based on IRs
(Figure 2). Phthalates are widely used as plasticizers in
manufacture, and high residue levels were reported in indoor
environment as well as human urine.36,37 Exposure to
phthalates have been linked to endocrine-disrupting effects as
well as adverse effects on reproduction.38 Dibutyl phthalate
(DF: 92%) and its structural isomer diisobutyl phthalate (DF:
100%) were the major components with concentrations in a
range of n.d. − 81.2 ng/m3 (median: 34.3 ng/m3) and 0.32−
105 ng/m3 (median: 45.6 ng/m3), respectively, which
constituted 0−50% (mean: 35%) and 18−83% (mean: 46%)
of the total quantified phthalate concentrations (∑phthalates),
separately. Hydroxy PAHs (OH-PAHs, including 1-hydrox-
ypyrene, 9-phenanthrol and their isomers) were the most
predominant pollutants in the phenol category with median
concentrations ranged 0.27−2.20 ng/m3 (SQ), which
accounted for 24−93% (mean: 66%) in the ∑phenols. OH-
PAHs were considered as the metabolites of PAHs, which
could be generated by reaction of PAHs with hydroxyl radicals
in the atmosphere and/or combustion.39 Compounds in the
carboxylic esters category are also widely used plasticizers as
alternatives for phthalates, in which di-n-octyl sebacate (DF:
98%) with a median concentration of 979 pg/m3 showed the
highest average proportion of 39%.
The frequently detected compounds (DF: 92−100%) in the

amine category are mostly important intermediates in chemical
and pharmaceutical industries. The average concentration of
∑amines (mean: 3.98 ng/m3) was similar to that of
∑carboxylic esters, in which tributylamine and 1,3-benzenedi-
amine were major components possessing concentrations in a
range of 74.0−8.63 × 104 pg/m3 (SQ) and 10.9−2.12 × 104

pg/m3 (SQ), respectively. Alcohols and ethers showed a
highest median concentration of 523 pg/m3, with DF ranged
from 32−92%. Tripropylene glycol monomethyl ether and
diethylene glycol monobutyl ether were dominating fractions
that constituted 0−83% (mean: 47%) and 0−95% (mean:
30%) of the ∑alcohols and ethers. Organophosphates were
also frequently found in samples (DF: 68−100%), including
five widely used organophosphate flame retardants (OPFRs,
including tributyl phosphate, tris(2-chloroethyl) phosphate,
triphenyl phosphate, tris(2-ethylhexyl) phosphate, and tris(1,3-
dichloro-2-propyl) phosphate) and two oxon metabolites of

organophosphorus pesticides (malaoxon and chlorpyrifos
oxon). Ubiquitous distribution of OPFRs has been reported
in sediment, indoor dust, water, and biological samples
including human blood and placenta.40−43 The concentrations
of OPFRs in samples were ranged from n.d. to 18.8 ng/m3

(median: 355 pg/m3), similar to the monitored levels in a
previous study (257−8358 pg/m3).10 The concentrations of
malaoxon and chlorpyrifos oxon were relatively lower, ranging
from n.d. to 180 pg/m3 with median values of 19.4 pg/m3.
Malaoxon and chlorpyrifos oxon are more toxic than their
parent compounds, which showed higher efficiency to inhibit
acetylcholinesterase the activity.44 Three identified amides
(diethyltoluamide, metolachlor and acetochlor) were all used
as insecticide or herbicide, with residue concentrations in the
range of n.d. − 3.42 ng/m3 (median: 32.7 pg/m3). Nitrogen-
heterocyclic compounds were identified with the maximum
numbers in samples, among which SQ was only performed for
partial compounds due to the diversity of molecular structures.
The nine quantified compounds possessed concentrations
ranged n.d. − 21.8 ng/m3 (median: 92.4 pg/m3). Quinoline
(DF: 98%) was the main component and accounted for 0−
77% (mean: 33%) of the ∑nitrogen-heterocyclic compounds.
Tobacco smoke was considered as the potential source of
quinolines (including quinoline, 6-methylquinoline, and 8-
hydroxyquinoline).45 On the contrary, carboxylic acids or
ketones in the in-house data set were seldom identified (over
CL 3) in the PM2.5 samples. Only one carboxylic acid,
perfluorooctanoic acid (PFOA, DF: 57%), was quantified using
reference standard with concentration ranging from n.d. − 46.3
pg/m3 (median: 0.66 pg/m3). PFOA is a synthetic surfactant
that has been produced and applied since 1940s, and its global
distribution has been found in various environmental matrices
and biotas.46−48 PFOA exhibits persistent, long-range trans-
port, bioaccumulative properties in the environment as well as
potential carcinogenicity.49 Michler’s ketone (DF: 100%) and
octabenzone (DF: 92%) are both compounds in ketone
category, residue levels of which were in a range of 0.07−300
pg/m3 (median: 0.63 pg/m3) and n.d. − 42.3 pg/m3 (median:
10.9 pg/m3) respectively. Michler’s ketone is a kind of widely
used photoinitiator that frequently detected in sewage sludge
samples of China,3 and octabenzone is a benzophenone-type
UV filter (UV 531).
Nitro-compound and sulfate categories were not quantified,

due to the lack of corresponding reference standards. [M −
NO]− and [HSO4]

− (m/z 96.96010) were characteristic MS2

fragments of nitro-compounds and sulfates, respectively (Table
S5). Increasing attention has been paid on nitro-compounds
due to phytotoxicity and potential estrogenic, antiandrogenic,
mutagenic, and carcinogenic effects.50 The average IRs of
nitro-compounds in samples were at 5.75 × 104 (4-nitroani-
line) − 1.08 × 108 (4-nitrophenol) level, with DF ranged 32−
100%. 4-Nitrophenol (DF: 35%) displayed the highest median
IR of 7.71 × 107, indicating its relatively high proportions
compared with the other analogues. For chemicals in the
sulfate category, dodecyl sulfate (DF: 22%) exhibited the
highest median IR of 1.09 × 106, which was followed by
myristyl sulfate (DF: 25%, median IR: 4.65 × 105) and cetyl
sulfate (DF: 30%, median IR: 1.39 × 105).
Temporal variations on residue levels in samples for all

identified compounds were further statistically analyzed, and
diverse temporal trends could be illustrated in Figure 3.
Specifically, four obvious trends could be discerned: (Pattern
1, P1) compounds showing peak concentrations in summer
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sampling period; (P2) compounds showing peak concen-
trations in winter sampling period; (P3) compounds showing
high concentrations in sampling period with high PM2.5 levels;
and (P4) compounds showing relatively stable concentrations
in most samples. These four patterns could also be explained
by correlations of chemical concentrations (or IRs) with
meteorological parameters. Pearson’s correlation analysis was
performed using SPSS V17.0 software for Windows Release
(SPSS Inc. 2009). In general, variations on residue levels of
79% and 57% of all identified compounds were significantly
correlated with the fluctuations in daily temperature and PM2.5
mass, respectively (p < 0.05, Figure S11). Compounds in P1
were positively correlated with daily temperature (r = 0.31−
0.86, p < 0.05), which included a majority part of phthalates,
carboxylic esters, and organophosphates that have semivolatile
property (VP: 6.93 × 10−10 − 20.9 Pa). Conversely,
compounds in P2 were negatively correlated with daily
temperature (r = −0.72 − −0.26, p < 0.05), covering phenols
(i.e., parabens and OH-PAHs) and a fraction of nitrogen-
heterocyclic compounds (i.e., caffeine, theobromine, and
quinolines). Occurrence of OH-PAHs in PM2.5 samples of
Beijing was revealed in the previous study39 that direct
emissions from biomass burning and coal combustion
contributed a dominant proportion to OH-PAHs in winter
heating season. Compounds in P3 were positively correlated
with PM2.5 mass (r = 0.26−0.93, p < 0.05), including most
amines (except for tributylamine) and phenols (except for
propylparaben). Compounds in P4 were neither obviously
correlated with daily temperature nor PM2.5 mass, the residue
levels of which kept relatively stable during the whole sampling
period (Table S8). Only five compounds exhibited this pattern,
including buprofezin, pyridaben, propylparaben, dihexyl
phthalate, and monomethyl phthalate, which were frequently
detected in samples with DFs in the range of 85−97%. The
results indicated that the residue levels of emerging
contaminants in PM2.5 were at least partly influenced by gas-
particle phase partitioning behaviors and seasonal emission
sources.10,39

Retrospective Suspect Screening of Relevant Ana-
logues. A homologous detection tool, known as EnviHomo-
log (https://www.envihomolog.eawag.ch), was applied to
further reveal possible and general chemical series in the
mass spectrum. All identified features in PM2.5 samples were
submitted and analyzed by the software. Results showed that
the most prominent homologues in both the positive and
negative modes were homologue series with a mass interval of
14.01565, corresponding to the CH2 repeating unit (Figure
S12). Other homologue series were noticed, such as
homologues with C2H4 (n = 927), C3H6 (n = 263), CH2O
(n = 239), and C2H4O (n = 259) repeating units.
Approximately 3072 homologue series of CH2 repeating unit
were observed, and an extended retrospective suspect screen-
ing was thus performed (Table S9). For instance, homologues
of the quinoline (n = 11), 8-hydroxyquinoline (n = 5),
hydroxynaphthalene (n = 12), butanoic acid (n = 19), and
dodecyl sulfate (n = 12) could be easily recognized. Regular
chromatographic peaks with stepwise increased RTs (RT:
1.57−29.46 min) were discerned for C4−C30 monocarboxylic
acids (Figure S13). Due to the lack of MS2 fragments, only a
low confidence level of CL 4 could be assigned to the
monocarboxylic acids. C14, C15, and C17 monocarboxylic acids
displayed the most intense median IRs, which constituted 8−
43% (mean: 25%), 4−20% (mean: 13%), and 4−15% (mean:

9%) of the ∑carboxylic acids based on IRs, respectively.
Regular chromatographic peaks (RT: 6.33−24.64 min) were
also found for the extended alkyl sulfate homologues. On the
basis of IRs, these homologues only individually constituted for
0−4% of the ∑organosulfates. In addition, an organosufate
([C10H16NO7S]

−) originated from α-pinene or β-pinene
precursor51 was also validated, which contributed 0−39%
(mean: 3%) of the ∑organosulfates.
Meanwhile, presence of several analogues of the identified

compounds that were commonly monitored contaminants of
emerging concern in the atmospheric environment but not
included in the ToxCast in-house data set, including PAHs and
its oxygenated derivatives (OPAHs), phthalate, OPFR, and
benzophenone analogues,10,39,52 was also checked. In total, 75
additional compounds (4 phthalates, 7 OPFRs, 16 quinolines,
2 benzophenones, 14 hydroxy/nitrated PAHs, 19 mono-
carboxylic acids, and 13 organosulfates) were tentatively
identified after applying the aforementioned procedures
including feature matching, filtering, and subsequent structure
confirmation. Neither PAHs nor OPAHs were observed in
MS1 spectra of all samples recorded by ESI and APCI source.
Further method optimization (e.g., extraction solvent, post
column derivatization, ionization promotion by ammonium
formate)53,54 is necessary for PAHs and OPAHs analysis in
regard to this LC-HRMS method.
Semiquantification was performed for the extended com-

pounds according to the quantification method mentioned
above, and the obtained composition profiles could be
compared with those of the compounds in the data set. The
four extended phthalate analogues accounted for 0−60%
(mean: 5%) of the ∑phthalates (including phthalates in the
data set and extended analogues, similar calculation used for
the other substance categories in the subsequent discussion).
Estimated concentrations of monoethyl phthalate (median:
367 pg/m3) and monooctyl phthalate (median: 264 pg/m3)
were similar to that of monobutyl phthalate (median: 563 pg/
m3) in the ToxCast data set, and the median concentrations of
diheptyl phthalate and diundecyl phthalate were relatively
lower at 19.8 pg/m3 and 17.8 pg/m3, respectively. The
extended OPFR analogues constituted 4−72% (mean: 38%) of
the ∑OPFRs. Compared with OPFRs in the data set,
tris(chloropropyl) phosphate was a more predominant OPFR
compound with the highest estimated median concentration of
4.94 ng/m3, which contributed 0−71% (mean: 28%) of the
∑OPFRs. The extended quinoline homologues were also the
major components of the ∑quinolines and its hydroxy
derivatives with a total proportion of 90%, which was much
higher compared with the three quinoline analogues (quino-
line, 6-methylquinoline and 8-hydroxyquinoline) in the in-
house data set. Hydroxynaphthalene (mean: 44%) was also a
predominant OH-PAH compounds with comparative median
concentration of 4.87 ng/m3 in comparison with the OH-
PAHs (9-phenanthrol and 1-hydroxypyrene) included in the
data set. To summarize, the extended retrospective suspect
screening results demonstrated that the identified ToxCast
chemicals are a notable subset of typical emerging contami-
nants in the PM2.5 samples.

Environmental Implications. The occurrence of ToxCast
Phase I and II chemicals was confirmed by a suspect screening
workflow in this study. The identified compounds were not the
only compounds presented in the samples, but also might give
a representative overview of emerging contaminants in PM2.5.
Results from the extended retrospective screening revealed
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presence of a substantial quantity of homologous series, and
intensive data-mining is still needed for confirmation of
additional organic pollutants. Development of novel method-
ology for joint toxicity prediction would facilitate future
assessment on cumulative health risk of pollutant mixture.55

Application of chemical prioritization strategies referring to the
integrated cheminformatics system, such as the weight-of-
evidence Toxicological Priority Index score56 that integrated
compound detection frequency, concentration, and toxicity,
might also be warranted.
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