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ABSTRACT: While chemical analysis of contaminant mixtures remains an
essential component of environmental monitoring, bioactivity-based assessments
using in vitro systems increasingly are used in the detection of biological effects.
Historically, in vitro assessments focused on a few biological pathways, for
example, aryl hydrocarbon receptor (AhR) or estrogen receptor (ER) activities.
High-throughput screening (HTS) technologies have greatly increased the
number of biological targets and processes that can be rapidly assessed. Here we
screened extracts of surface waters from a nationwide survey of United States
streams for bioactivities associated with 69 different end points using two
multiplexed HTS assays. Bioactivity of extracts from 38 streams was evaluated
and compared with concentrations of over 700 analytes to identify chemicals
contributing to observed effects. Eleven primary biological end points were
detected. Pregnane X receptor (PXR) and AhR-mediated activities were the most
commonly detected. Measured chemicals did not completely account for AhR
and PXR responses. Surface waters with AhR and PXR effects were associated with low intensity, developed land cover.
Likewise, elevated bioactivities frequently associated with wastewater discharges included endocrine-related end points ER and
glucocorticoid receptor. These results underscore the value of bioassay-based monitoring of environmental mixtures for
detecting biological effects that could not be ascertained solely through chemical analyses.

■ INTRODUCTION

Increased usage of organic chemicals in agricultural, industrial,
and personal care applications has intensified concerns that
aquatic organisms may be exposed to potentially hazardous
mixtures of chemical contaminants. Compounds for which
ecological or human health hazards are generally not well
understood, which have recently been discovered in the
environment, or for which public attention has greatly
increased have been termed contaminants of emerging concern
(CECs) and include pharmaceuticals, personal care products,
natural and synthetic steroids, pesticide metabolites, persistent
organics (polybrominated and perfluoro compounds), flame
retardants, and plasticizers. Multiple studies since the early
2000s have demonstrated the complexity and near-ubiquitous
presence of CEC mixtures in surface waters.1−3 However, even
recent, dramatically expanded chemical assessments provide
only partial coverage of the presumptive surface water
contaminant space.4 Combined analytical chemistry methods

and in vitro bioassay approaches support improved character-
ization of pathway-specific bioactivities and the potential
hazard of complex mixtures of CECs to ecological
receptors.5−7 In vitro bioassays covering a range of processes
(genotoxicity,8,9 inflammation,9 mutagenicity,8,10 oxidative
stress,9−11 photosynthetic processes10) or individual receptor-
based bioactivities (reflecting androgen,9,12,13 aryl hydro-
carbon,8,9,14,15 estrogen,9,16−18 glucocorticoid,8,9,19 peroxi-
some-proliferator,8,9,14 pregnane X,14,15 progesterone,8,9,20

retinoic acid,9 retinoid X,9 and thyroid8,14 signaling pathways)
have been used, at least to some extent, to assess surface
waters.
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The Tox21 collaboration and the U.S. Environmental
Protection Agency (USEPA) ToxCast programs began in
2007−2008 with the aim of advancing toxicity testing through
use of in vitro high-throughput screening (HTS) assays that
can rapidly measure chemical effects on hundreds of different
biological pathways/processes.21 These programs generated
publicly available bioactivity data for over 9000 unique
substances, including many CECs.22,23 Recent approaches
have leveraged ToxCast data to screen for potential pathway-
specific effects of detected compounds in environmental
samples using hazard quotients based on bioactivity.9,24,25

Such computational approaches are readily applied to detected
environmental contaminants but are likewise constrained by
extant analytical chemistry techniques and poor understanding
of complex, interactive effects. Alternatively, HTS assays can be
applied directly to surface water samples or extracts to screen
for net effects of contaminant mixtures on targeted biological
end points.
The present study is among a growing number of studies to

apply a subset of ToxCast HTS assays to directly assess the
biological effects potential of environmental samples.9,14,26,27

Specifically, the U.S. Geological Survey (USGS) and USEPA
conducted a collaborative investigation of both chemical
occurrence and bioactivity in streams across the continental
U.S. and Puerto Rico.28 The target-chemical coverage included
over 700 unique organic analytes from many functional classes
(pesticides, wastewater indicators, steroid hormones, volatile
organics, pharmaceuticals, and halogenated organics).29 Initial
assessment of split-sample bioactivity targeted in vitro
transcriptional reporter assays for the estrogen receptor
(ER), androgen receptor (AR), and glucocorticoid receptor

(GR).30 Here, we expand the characterization of split-sample
bioactivity using two multiplexed HTS assays (Attagene cis-
Factorial and trans-Factorial assays)31,32 that encompass 69
biological end points. The selected HTS assays had been used
in the ToxCast program to screen over 3600 compounds,
providing a robust data set to compare against known chemical
composition of the samples.31 Bioactivity results were
compared with measured concentrations of compounds in
the samples using existing HTS data for the individual
chemicals to assess how well target-chemical analysis captured
compounds responsible for observed bioactivities. Additional
statistical analyses were then performed to identify potential
relationships between bioactivity measures and chemicals
detected in the test samples. Finally, ER, AR, and GR results
from the HTS assays and from the previously reported in vitro
assays30 were compared to assess the performance of the HTS
system for routine environmental monitoring. Results of this
work intended to identify the most prevalent bioactivities
(among the 69 end points monitored), important contaminant
and land-use drivers of bioactivity, and potential adverse
ecological effects of CECs in streams across the U.S.

■ MATERIALS AND METHODS

Sample Collection and Processing. Surface water
samples were collected from a total of 38 sites (4 low-impact
sites−those with minimal anthropogenic inputs; 34 impacted
sites−those with increased anthropogenic inputs)29 between
December 2012 and June 2014 (Figure 1; Supporting
Information (SI) Table S1). Sites were selected to cover a
range of land use including largely undeveloped, agricultural,
and heavily urban developed watersheds. Water from each site

Figure 1. Site location, classification, and number of active (AUC ≥ 1.5-fold above extract blank) bioassay end points for each site sampled from
2012 to 2014. Only end points tested across all 38 sites are included. See SI Table S1 for site details and SI Table S4 for bioassay response values.
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was collected into a Teflon churn prior to splitting between
prepared sample bottles according to established trace-level
sampling methods.29 Samples were shipped on ice to USGS
and USEPA laboratories for chemical or bioassay analysis.
Upon arrival at the USEPA-Duluth laboratory, samples in 1 L
amber glass bottles were logged and stored at 4 °C for no more
than 24 h prior to filtration and extraction.
Sample Preparation. All solvents were HPLC grade or

better and purchased from Fisher Scientific (Waltham, MA).
Dimethyl sulfoxide (DMSO) was >99.7% purity and purchased
from Sigma-Aldrich (St. Louis, MO). Water samples were
processed by solid-phase extraction (SPE) using Waters Oasis
HLB cartridges (200 mg sorbent, 5 mL glass cartridge;
Milford, MA). Field blanks were not received for this bioassay
analysis, but an extraction method blank (HPLC grade water)
was generated with each sample batch and used to assess
background activity in the method. Cartridges were precondi-
tioned sequentially using 5 mL each of ethyl acetate, 50:50
methanol (MeOH):dichloromethane (DCM), 100% MeOH,
and, finally, ultrapure water. Prior to SPE, approximately 1 L of
whole water was filtered through a baked 47 mm glass-fiber
filter (0.7 μm porosity). After filtration, 0.5 L of each sample
was loaded onto preconditioned cartridges. Cartridges were
aspirated for approximately 30 min to remove residual water
then eluted sequentially with 6 mL of MeOH followed by 6
mL of 50:50 MeOH:DCM. Extracts were evaporated to
dryness under a gentle stream of nitrogen at 30 °C. Samples
were reconstituted in 500 μL of DMSO for a final 1000-fold
relative enrichment factor (REF). Samples were extracted as
they were received and sent for analysis in three batches
ranging 8−18 samples per batch. Extracts were frozen at −20
°C and shipped overnight on ice for bioassay analysis.
HTS Bioassays. Sample extracts were tested by Attagene,

Inc. (Morrisville, NC) under contract to the USEPA, using the
cis-Factorial and trans-Factorial assays.31,32 Each assay uses
HepG2 cells to assess transcription factor activity (cis-
Factorial) or transfected nuclear receptor activity (trans-
Factorial). Together, these multiplexed assays comprise a
total of 69 target end points covering a range of biological
pathways including xenobiotic metabolism (e.g., aryl hydro-
carbon receptor [AhR], pregnane X receptor [PXR]), lipid
metabolism (peroxisome proliferator-activated receptor
[PPAR],) endocrine signaling (e.g., AR, ER, GR), and cellular
stress (e.g., antioxidant response element [NRF2]; SI Table
S2). Additionally, a subset of eight samples (the initial eight
samples screened through the assays) was analyzed using a
separate assay (trans-Factorial-2), which covers 24 additional
nuclear receptors beyond the 69 targets from the cis-Factorial
and trans-Factorial assays (SI Table S2). Sample extracts were
tested at six dilutions from a maximum REF of 10 followed by
five, 3-fold serial dilutions (i.e., 10, 3.3, 1.1, 0.37, 0.12, 0.04
REF). The highest REF was tested at 1% DMSO, while all
remaining dilutions were at 0.33% DMSO. Positive control
compounds for several of the targets (e.g., E2 for ER) were run
in triplicate at a single concentration with each batch (see SI
Table S2), and six replicates of DMSO solvent controls (both
1.0 and 0.33%) were run with each sample set. Positive
controls inducing responses >2 fold passed quality assurance
criteria
For the cis-Factorial assay, a set of cis-Factorial reporters as

well as PXR and ER-alpha expression vectors were transiently
transfected into HepG2 cells (12-well plates) using TransIT-
LT1 (Mirus Bio; Madison, WI) transfection reagent and

according to the manufacturer’s protocol. The next day, the
transfected cells were supplied with 1% charcoal-stripped
HyClone FBS (GE Healthcare Life Sciences; Marlborough,
MA) and incubated with sample extracts for 24 h. For the
trans-Factorial assay, each of the trans-Factorial reporter
GAL4-NR expression vector pairs were transiently transfected
into separate pools of HepG2 cells using TransIT-LT1
transfection reagent and according to the manufacturer’s
protocol. The next day, the transfected cells were mixed and
plated into 12-well plates for compound analysis. Twenty-four
h after plating, the transfected cells were supplied with 1%
charcoal-stripped HyClone FBS and incubated with evaluated
compounds for 24 h. For both assays, cell viability was
measured in parallel using XTT Cell Proliferation Assay Kit
(ATCC; Manassas, CT) with cell viability >70% required to
generate acceptable data quality. A standard set of six control
reporters were used to normalize response of the transfected
end points. To assess Factorial reporter activity, total RNA was
isolated using the PureLink RNA isolation kit (Invitrogen;
Carlsbad, CA). Total RNA from each well was reversely
transcribed into cDNA, and reporter cDNA was amplified in a
single PCR reaction using a pair of common primers. The PCR
products were labeled using a 6-Fam-labeled primer and
digested with HpaI. The resulting labeled DNA fragments were
separated using capillary electrophoresis (Genetic Analyzer
3130xl; Applied Biosystems; Waltham, MA). The relative
activities of end points were calculated from the electrophero-
gram peaks using proprietary software.29

Statistical Analysis. Bioassay responses were expressed as
fold-change relative to DMSO control by dividing expression
of treated cells by that of appropriate DMSO control. The use
of fold-change relative to DMSO controls does influence the
potential magnitude of response for each end point, so the
relative magnitude of response across different end points
should not be directly compared. Dose−response data were
plotted and response calculated as the area under the curve
(AUC) using GraphPad Prism (v5.02). Other metrics could
have been used, such as a more traditional EC50. However,
since many end points are lacking positive controls, AUC
allowed for consideration of the full dose−response relative to
extraction method blanks, which could be applied consistently
for all end points regardless of a positive control. To further
correct response across multiple assay batches, sample AUC
was divided by the mean extraction method blank (n = 1−3
per batch) AUC within each sample batch. A cutoff of 1.5-fold
response (50% increase) relative to the blank baseline was used
to identify end points clearly responding to environmental
extracts. Pearson correlation was used to assess relations
between blank-corrected AUC responses, exposure-activity
ratios (EARs),25 or land use metrics. A nonparametric analysis
of ranked, normalized AUC responses and bioanalytical
equivalent concentrations (i.e., 17β-estradiol equivalents
[E2eqs, ng L−1]), previously reported by Conley et al.,30 was
performed using Spearman Rank correlation.
Exposure-activity ratio (EAR) analysis25 was used to

estimate whether bioactivity would be expected based on the
measured concentrations of detected compounds29 and their
corresponding activity concentration at cutoff (ACC) values
for Attagene assays, where available (i.e., for compounds
previously tested in ToxCast).22 The ACC was chosen as a
metric of chemical potency as this value compares chemical
response with a defined baseline and is independent of
chemical efficacy, though other metrics of potency, such as the
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half-maximal activity concentration (AC50), could be used. An
EAR value was calculated for each site and assay by summing
EAR values of individual compounds (eq 1) detected in a given
mixture, thus assuming noninteractive concentration addition.
Theoretically, EAR values ≥1 indicate measured compounds
are at a concentration expected to produce bioactivity for a
given end point. Comparison of this predicted bioactivity with
that observed in the Attagene bioassay can be used to infer
whether the known composition of the sample likely accounts
for the activity observed, or whether unidentified compounds
may be contributing. Likewise, if observed bioactivity is less
than predicted, the results may suggest nonadditive inter-
actions are occurring between compounds present in the
mixture.

EAR
exposure (chemical concentration; M)

activity (ToxCastACC; M)mixture
i 1

n
i

i

∑ μ
μ

=
=

(1)

To identify other potential associations between chemical
occurrence and bioassay responses, a sparse partial least-
squares (SPLS) analysis33 was performed to identify
correlations between measured chemicals and bioassay
response in order to identify potentially bioactive compounds.
The SPLS analysis is a partial least-squares analysis with the
addition of elastic net regulation, which allows for the removal
of variables.34 Analysis was performed using the SPLS

package35 in R version 3.3.3.36 After SPLS analysis was
performed, bootstrapped confidence intervals (also using the
SPLS package35) were estimated for each chemical-assay
combination, and those with intervals that contained zero were
removed.
Prior to SPLS analysis, the full chemical data set37 was

filtered to remove chemicals with no detections above the
reporting limit, chemicals with zero variance in concentration,
or chemicals not reported at three or more sites. Both chemical
concentration and assay AUC were then centered and scaled
across sites. For analytes with missing values at two or fewer
sites, Multiple Imputation by Chained Equations (MICE)38

was used to generate missing values for SPLS analysis using the
MICE R package.39 Finally, based on prior knowledge of
analyte loss during the evaporation step of extract preparation
(see SI for more information; Figure S1, Table S3), chemicals
with vapor pressure above 0.01 mmHg (as calculated using
EpiSuite v4.1140) were removed from the SPLS data set. These
more volatile compounds are lost during evaporation and
solvent exchange and are not expected to be present in the final
bioassay extract. A total of 386 analytes and 69 assay end
points were used for SPLS analysis.

■ RESULTS AND DISCUSSION

Bioactivity in Surface Water Extracts. Activity ≥1.5-fold
above baseline (hereafter referred to as “active”) was detected

Figure 2. An example radar plot of blank-normalized area under the curve (AUC) values of both cis_Factorial and trans_Factorial end points for
the South Platte River, CO site. Assay end point names correspond to those in Table S2 and are grouped in colors by general function. The radar
axis represents AUC values for each measured end point. The activity cutoff value of 1.5 is shown in bold, and activities at or above this value were
identified as active.
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in the cis-Factorial and trans-Factorial assays at two or more
sites for 11 end points (SI Table S4). The site with the greatest
number of active end points of any sampled site (South Platte
River, CO), is shown in Figure 2 while all remaining sites are
provided in the SI (Figures S2−S38). The 11 active end points
reflected nine different receptor-mediated pathways. In the
subset of eight samples that were analyzed using the trans-
Factorial-2 assay, three more end points (ERβ_TRANS2,
PR_TRANS2, MR_TRANS2) were active (SI Figure S39,
Table S4). Most active end points are associated with
regulation of metabolism of xenobiotic (e.g., AhR_CIS,
PXR_TRANS, PXRE_CIS) or endogenous compounds
(PPARγ_TRANS, RORE_CIS, RXRβ_TRANS, VDRE_CIS)
and one end point (NRF2_CIS) is indicative of oxidative
stress. The remaining end points (ERα_TRANS, ERE_CIS,
and GR_TRANS) and the end points active from the subset of
samples analyzed through the trans-Factorial-2 assay (ERβ_-
TRANS2, MR_TRANS2, PR_TRANS2) are associated with
different endocrine pathways.
Several of these receptor-based pathways have well-defined

ligands known to induce activity. For example, AhR ligands
include polycyclic and halogenated hydrocarbons including
many current use pesticides;41 AhR activity has previously
been observed in different studies with environmental samples
(often through induction of CYP1A1).9,10,42 PXR is a relatively
promiscuous receptor with a large, hydrophobic binding
pocket capable of interacting with a broad range of organic
compounds.43 PPARγ ligands include endogenous fatty acids,
prostaglandins, and thiazolidinedione pharmaceuticals (e.g.,
rosiglitazone, pioglitazone). Comparatively few ligands have
been identified for the retinoid X receptor (RXR), the RAR-
related orphan receptor (ROR), or vitamin-D receptor (VDR)
aside from the endogenous molecules such as retinoic acids or
vitamin-D3. NRF2 activity is associated with oxidative stress
and can be induced by a wide range of compounds, such as
reactive oxygen species and electrophilic chemicals. Activation
of NRF2 has been previously observed in environmental
samples, but specific compounds responsible for activity were
not identified.11 Progesterone receptor (PR), GR and ER
activation have previously been documented in environmental
samples26 and several known natural (e.g., estradiol, cortisol,
progesterone) and synthetic (e.g., 17α-ethinylestradiol, dexa-
methasone, levonorgestrel) ligands detected in surface waters.
Mineralocorticoid receptor (MR) activity, which was observed
at one of eight tested sites, has not been commonly reported in
surface waters. The MR is known to bind two endogenous
classes of corticosteroid ligands; the mineralocorticoid
aldosterone; and the glucocorticoids cortisol or corticosterone,
in the human or rat, respectively.44 The trans-Factorial-2 assay,
which contains the MR end point, is not available in the
ToxCast database;22 however, another assay NVS_NR_rMR,
which uses the rat MR, has been used to screen over 2700
chemicals. Twenty-one compounds were active, including 17
steroidal compounds. Those with the highest binding affinity
include three glucocorticoids (corticosterone, dexamethasone,
and 17α-hydroxyprogesterone), which are also active in GR-
related assays. The single site with elevated MR activity
induced the highest GR activity observed at any site,
suggesting that the observed MR activity reflects glucocorti-
coids present at this site.
Distribution of Activity Across U.S. Streams. Biological

activity varied widely across sites with the number of active end
points ranging from zero to 11 (Figure 1) and the magnitude

of response within individual active end points ranging from an
AUC of 1.55 to 10.3 (Figure 3). Activation of end points

associated with xenobiotic metabolism were the most
frequently induced. Elevated PXRE_CIS, AhRE_CIS, and
PXR_TRANS occurred at 36, 31, and 30 sites, respectively,
demonstrating near-ubiquitous activity across surface waters.
The remaining end points responded at fewer sites. For
example, ERE_CIS was active at 17 sites, ERα_TRANS and
PPARγ_TRANS at 10 sites, VDRE_CIS at eight sites,
GR_TRANS at seven sites, NRF2_CIS at six sites, and
RORE_CIS and RXRβ_TRANS at two sites. Among the eight
samples tested using the trans-Factorial-2 assay, ERβ_-
TRANS2 activity was detected at two sites, whereas
MR_TRANS2 and PR_TRANS2 activity were detected at
one (SI Figure S39).
Samples from two low-impact sites (West Clear Creek, AZ;

Swiftcurrent Creek, MT) did not elicit any responses above
baseline. Some responses associated with xenobiotic metabo-
lism or cell stress were detected at the two other low-impact
locations (PXRE_CIS at North Sylamore Creek, AR;
PXRE_CIS, AhRE_CIS, PXR_TRANS, and NRF2_CIS at

Figure 3. Hierarchical clustering of blank normalized area under the
curve (AUC) of site extracts for individual assay end points. Only end
points with AUC response ≥1.5 at one or more sites are included.
Sites noted with an asterisk (*) and in blue are low-impact sites, with
limited anthropogenic inputs compared to other sites. See SI Table S4
for bioassay response values.
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Penn Swamp Branch, NJ), but neither induced any endocrine-
related bioactivities, such as ER or GR (Figure 3). Penn
Swamp Branch, NJ is noted as unique compared to other low-
impact sites in that it drains a wetland area, is acidic (pH 4.18),
and contains high dissolved organic carbon (15.9 mg L−1; SI
Table S1).29 Natural humic acids, which would be expected to
be present at high concentrations in an acidic, wetland-drained
watershed, have been previously identified as activators of
AhR, though at concentrations several orders of magnitude
higher than TCDD, the prototypical ligand for AhR.45 Many
natural product ligands have been identified for PXR, a very
promiscuous xenobiotic-sensing nuclear receptor.46 Thus, the
presence of natural dissolved organic compounds at the low-
impact Penn Swamp Branch, NJ site (and possibly at other
“impacted” sites) may contribute to increased activity observed
in AhR and PXR related end points. If ubiquitous organic
compounds are indeed a primary driving force for these end
points, the utility of these end points for predicting potential
adverse effects will be reduced.
Overall, most of the impacted sites cluster closely with low-

impact sites and were characterized by low to moderate PXR
and AhR bioactivity and little to no ER or GR bioactivity
(Figure 3). Remaining sites show moderate to high ER and GR
activity and generally elevated PXR and AhR activity. The wide
occurrence of elevated PXR and AhR activity suggests
somewhat nonspecific effects associated with a wide variety
of natural and manmade ligands, which is consistent with a
biological role of xenobiotic sensing and induction of
metabolizing enzymes.47 Both AhR and PXR can interact
with a wide range of structurally diverse compounds, thus the
wide occurrence of both bioactivities is not surprising and
aligns with previous studies of environmental extracts.15,48 The
promiscuity of both receptors is also reflected in the ToxCast
database as AhRE_CIS and PXRE_CIS are active in 13.8% and
46.7%, respectively, of 3860 compounds tested in the cis-
Factorial assay. Elevated ER and GR activity can be due to a
variety of natural or synthetic steroidal compounds, and
elevated activity has been previously observed in water samples
associated with wastewater treatment plant (WWTP) dis-
charges.9,16,49 Activation of GR_TRANS was highly correlated
with ERE_CIS (p < 0.0001, r = 0.90; 95% CI [0.82, 0.95]) and
ERα_TRANS end points (p < 0.0001, r = 0.94; 95% CI [0.90,
0.97]), and ERE_CIS was significantly correlated with
PPARγ_TRANS (p < 0.0001, r = 0.74; 95% CI [0.54,
0.85]), consistent with a common point source of chemicals
contributing to ER, GR, and PPARγ bioactivities across
sampled streams (Figure 4). Because no individual detected
compound was identified in the ToxCast database22 as a strong
agonist of more than one of these receptors (data not shown),
the observed bioactivities may be due to a mixture of
compounds (as would be expected from WWTP effluents).
Anecdotally, the three sites showing the greatest ER, GR, and
PPARγ activity (South Platte River, CO; Blue River, MO;
Fourmile Creek, IA) are sites with documented WWTP
effluent sources.
Lastly, the inclusion of end points for the same pathway

across both Attagene assays allows for a comparison across
assays. Both ER- (ERE_CIS, ERα_TRANS) and PXR-related
(PXRE_CIS, PXR_TRANS) end points from the two separate
assays were well correlated, demonstrating a similar response
from each individual assay (Figure 4). These two sets of end
points are the only paired end points that showed consistent
activation across both assays. On the contrary, the PPAR- and

GR-related end points (PPRE_CIS, GRE_CIS) were not
active at any site, while their counterparts (PPARγ_TRANS,
GR_TRANS) were active at 10 and 7 sites, respectively. This
demonstrates that each end point may have differential
response across both assays.

Exposure-Activity Ratio Analysis. An EAR analysis was
performed to identify how well measured compounds
explained the observed bioactivity of surface waters. Of the
406 unique compounds analytically detected at one or more
sites,29 297 (73%) were tested in ToxCast, and 201 (49.5%)
were tested in the Attagene HTS assays used in the current
study. Where there were co-occurring chemical concentration
and ToxCast bioactivity data, EAR values were calculated for
each assay end point at each site (SI Table S5). An EAR value
could be calculated for a total of 53 end points (one or more
chemicals active for end point). Two end points, ERE_CIS
and ERα_TRANS, had EAR values above 0.1 and ERE_CIS
showed EAR values above 1.0. Four other end points
(AhR_CIS, NRF2_CIS, PXRE_CIS, Sox_CIS) had a max-
imum EAR > 0.01, while the remaining 47 end points had
maximum EARs < 0.006. For both ERα_TRANS and
ERE_CIS, over 50 compounds contributed to some degree
to the calculated EARs, but estrone, 17β-estradiol, bisphenol A,
and 4-nonylphenol account for much of the EAR. At sites
where it was detected above the reporting limit, estrone alone
explained 55−100% and 80−100% of the total EAR for the
ERα_TRANS and ERE_CIS assays, respectively. Observed
bioactivity and EARs for both ERα_TRANS (p < 0.0001, r =
0.83; 95% CI [0.70, 0.91]) and ERE_CIS (p < 0.0001, r =
0.68; 95% CI [0.46, 0.82]) were also significantly correlated,
indicating the measured chemicals largely account for observed
ER activity. The remaining four end points with EARs > 0.01
were not significantly correlated with observed bioactivity,
indicating that measured chemicals likely do not adequately
explain any other observed bioactivities.

Sparse Partial Least Squares Analysis. Sparse partial
least-squares (SPLS) analysis was performed to identify
possible relationships between detected chemicals and bioassay

Figure 4. Correlation matrix of 11 end points with AUC response
≥1.5. Cell color and area of shading represent the correlation
coefficient between end points.
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responses. Through this technique, it was possible to take more
chemicals into account (386 chemicals) compared to EAR
calculations (201 chemicals); however, results are inferred
from statistical (correlative) relationships, not empirical assay
data. Among the 386 chemicals in the data set, 48 unique
compounds were identified by SPLS as predictors of bioassay
responses (SI Table S6). Out of 70 total assay end points, 27
were related to observed chemical occurrence patterns. These
included 10 of the 11 end points activated by the tested water
samples (the exception was PXRE_CIS). Other than estrone,
17β-estradiol, and androstenedione, most of the compounds
identified through SPLS analysis are not known to directly
interact with receptors responsible for the commonly observed
bioactivities (AhR, ER, GR, PXR, etc.). Many identified
compounds are classified as pharmaceuticals or wastewater
indicators, both of which can be broad indicators of
anthropogenic waste. Two specific compounds, HHCB and
triclosan, were previously shown to have a positive relationship
between their concentrations and the total number of
compounds detected across these same 38 sites.29 Therefore,
we hypothesize, that most compounds identified by SPLS are
likely not causing observed bioactivities directly but rather
covary with other bioactive compounds present in these
systems. Regardless, the identification of multiple pharmaceut-
icals and other wastewater indicators as covariates of bioeffects
does provide a reduced set of targeted analytical methods to
monitor as a potential surrogate of effects.
Comparison of HTS and Targeted Reporter Assays.

An important attribute of the current study was the use of split
samples for all chemical and biological analyses, allowing for
direct comparison of data produced at different laboratories.
Conley et al. measured bioactivity in these same samples using
targeted transcriptional reporter assays with ER, GR, and AR,30

providing an opportunity to compare the performance of the
HTS assays. Three samples were lost during shipment and
were not analyzed by Conley et al.30 but comparisons could be
made for 35 of 38 sites presented in the current work.
Five samples analyzed by Conley et al. elicited AR-

dependent responses in the MDA-kb2 assay,30 but no samples
induced AR activity above baseline in the HTS assay. The
MDA-kb2 assay can detect both AR or GR agonists, although
the assay is ∼100-fold more sensitive to AR agonists.30 One
site (Blue River, MO), had detectable androgenic compounds
that potentially account for AR activity in the MDA-kb2 assay;
however, four of five sites inducing MDA-kb2 activity also
showed elevated GR activity in both the GR transcriptional
assay employed by Conley et al. and the HTS assays described
herein. Overall, while it appears that the HTS Attagene assay
may be less sensitive to AR agonists than the MDA-kb2
system, it remains unclear whether MDA-kb2 activity observed
at most sites was actually AR- or GR-dependent.
Elevated GR activity was identified at nine sites using CV-1

cells transduced with human GR.26 Using the HTS assays,
seven samples were identified as active, five of which were in
common with the CV-1 assay results. Conley et al. reported
relative GR-mediated potency in terms of an equivalent
concentration of dexamethasone (dexamethasone equivalents;
DexEq), a potent GR agonist, that produces the same
magnitude of bioassay response. Three sites with reported
Dexeq greater than 30 ng L−1 were active in the HTS assays. In
contrast, for samples estimated to contain 6.0−30 ng Dexeq
L−1, only three of six samples were active. Overall, the HTS
Attagene assays appear somewhat less sensitive to GR agonists

compared to the CV-1 reporter assay, but the sites inducing
the greatest activity were identified using both systems.
Measures of ER activity provide the most complete

comparison between the Attagene HTS system and a targeted
in vitro reporter assay. Using the T47D-KBluc assay,26 Conley
et al. detected elevated ER activity in 34 samples, whereas the
HTS end points ERE_CIS and ERα_TRANS identified 17 and
10 active samples, respectively. This again indicates a lower
sensitivity to ER agonists in the HTS assays compared to the
T47D-KBluc reporter gene assay. Dose-dependent responses
to a 17β-estradiol positive control in the T47D-KBluc assays
allowed the determination of equivalent concentration (E2Eq)
values for the test samples, but positive controls for the HTS
assays were not run in concentration−response, so E2eq could
not be calculated for the HTS results. However, the rank order
of E2eq concentration in the T47D-KBluc assay and
normalized AUC values for both ERE_CIS and ERα_TRANS
were significantly correlated (r = 0.73; r = 0.69, respectively; SI
Figure S40). Thirteen of 16 sites with >0.8 ng E2eq L−1 were
active for one or both ER end points, demonstrating the ability
of the HTS assay to identify sites with low ng L−1 E2eq
activity.
As with any in vitro system, there are strengths and

weaknesses of the presented approach using the Attagene assay
systems. The HTS assays utilized in the current study appear
to be less sensitive overall compared to the three individual
targeted in vitro assays. The NRF2 pathway, which provides a
measure of oxidative stress, has been commonly observed in
rivers in Europe, but was observed less frequently using the
multiplexed assays in the current study. This again may be
indicative of lower sensitivity in the multiplexed assay relative
to targeted in vitro assays. Nonetheless, sites with the greatest
GR and ER bioactivities were identified by both targeted and
multiplexed assay approaches. The multiplexed nature of the
Attagene systems may partially explain the differential
sensitivity between assay systems, but the multiplexed nature
of the assays (one of the greatest strengths of this approach)
does additionally provide for an integrated system response
accounting for potential interactions between transcriptional
pathways. Other disadvantages of the current approach include
a lack of positive control compounds for all end points and the
lack of dose−response data for positive controls. This
ultimately limits the ability to quantitatively compare extract
response to that of a reference compound. Finally, for this
specific study, screening was limited to a single replicate due to
cost constraints. While issues of positive controls and
replication could be overcome, it would come at additional
project costs. Taken together, we propose the use of these
multiplexed assays as a screening and prioritization tool in
environmental monitoring. Where warranted, further site-
specific follow-up employing the more sensitive targeted assays
could be performed at high priority sites to more quantitatively
assess relevant bioactivities.

Associating Bioactivity with Land Use Land Cover.
Another objective of the overall mixtures study was to identify
potential associations between chemical occurrence or bioassay
response and land use and land cover (LULC) attributes.29

The National Land Cover Database (NLCD) classification of
site watershed-scale LULC attributes (previously reported29)
were compared with AUC values for the 11 active end points
to better evaluate whether specific point sources or land use
patterns were related to bioactivity. Of 38 watershed-scale
LULC parameters evaluated, two showed weak but significant
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correlation with bioactivity. Percent of watershed area
classified as developed, low intensity (NLCD category 22)
was significantly correlated with AhRE_CIS (p = 0.016, r =
0.39, 95% CI [0.080, 0.63]), ERE_CIS (p = 0.037, r = 0.34,
95% CI [0.021, 0.59]), PPARγ_TRANS (p = 0.027, r = 0.36,
95% CI [0.044, 0.61]), PXR_TRANS (p = 0.016, r = 0.39,
95% CI [0.077, 0.63]), PXRE_CIS (p = 0.026, r = 0.36, 95%
CI [0.047, 0.61]), RORE_CIS (p = 0.009, r = 0.42, 95% CI
[0.12, 0.65]), and VDRE_CIS (p = 0.001, r = 0.51, 95% CI
[0.23, 0.71]). Additionally, the number of registered National
Pollution Discharge Elimination System (NPDES) facilities
was correlated with ERE_CIS (p = 0.020, r = 0.38, 95% CI
[0.066, 0.63]), ERα_TRANS (p = 0.016, r = 0.39, 95% CI
[0.078, 0.64]), GR_TRANS (p = 0.012, r = 0.41, 95% CI
[0.096, 0.65]), PPARγ_TRANS (p = 0.020, r = 0.38, 95% CI
[0.064, 0.63]), and RXRβ_TRANS (p = 0.048, r = 0.33, 95%
CI [0.0045, 0.59]). Correlation of mainly xenobiotic
metabolism related assays with low intensity development
suggests nonpoint sources of bioactivity. Increased chemical
burdens, either of natural organics (as seen at Penn Swamp
Branch, NJ) or anthropogenic-related contaminants, may be a
primary contributor to activity of xenobiotic-metabolism
related end points such as AhR and PXR. AhR activity in
surface water was previously identified at the highest levels in
urban streams in Southern California,27 suggesting anthro-
pogenic related contaminants are likely the primary contrib-
utors of elevated AhR activity. Correlation of more specific,
endocrine-related activity (ER and GR) with NPDES inputs
suggests wastewater as a source of bioactive contaminants.
While significant, no single LULC showed a strong

predictive relationship with bioactivity (R2 ranging 0.108−
0.262). Both significantly correlated features relate to urban
use and wastewater inputs, which does strengthen the case that
urban, anthropogenic inputs are the primary contributing
factors of observed bioactivity. To supplement the watershed-
scale analysis, catchment-scale LULC attributes were generated
for each site to determine if increased resolution would provide
better indicators of bioactivity, but similar relationships
between catchment-scale LULC and bioactivity were observed.
Catchment-scale medium and high intensity development were
additionally correlated with metabolism and endocrine-related
end points, further suggesting urban, anthropogenic inputs are
the primary drivers of observed effects.
Linking Observed Bioactivities to Adverse Effects.

The ultimate purpose of identifying pathway-based bioactivity
in samples is to gain insights into potential hazards of exposure
to contaminants present in surface waters. The adverse
outcome pathway (AOP) framework50 provides the means to
link pathway-based activity, such as data from in vitro
bioassays, with higher organismal responses and relevant
adverse outcomes. Some molecular targets, such as AhR and
ER, have been studied extensively and AOPs associated with
their activation are well-defined for aquatic vertebrates.51

However, clear and well supported associations with apical
hazards are still lacking for a number of the active HTS end
points identified in the present work. Efforts are being made to
link all ToxCast assay targets, which includes those used in the
current study, with existing AOP descriptions publicly available
through the AOP-Wiki,51 a repository for developed or in-
progress AOPs. Relevant AOPs in terms of species (e.g., fish)
and end points (growth, development, reproduction) are
available only for pathways associated with the AhR and ER
(SI Table S7).51 Potential apical hazards associated with

activation of those pathways include early life stage mortality
and reproductive dysfunction. A search of the AOP-Wiki also
identified existing AOPs for GR, NRF2, PPARγ, and PXR,
although these have been primarily demonstrated in
mammalian species and may not be applicable to aquatic
species of concern (SI Table S7). As such, these four pathways
represent targets for which AOP development should be
prioritized. However, as with all in vitro based monitoring, in
vitro bioactivity alone does not necessarily indicate adverse
effects will occur in the environment. Much research has
focused on establishing trigger values, or a value of bioactivity
at which there is reasonable concern of adverse effects in the
environment, for assays commonly used in environmental
monitoring (e.g., ER reporter assays).11,48 Additional charac-
terization of the Factorial assays is needed before similar
trigger values could be established.
No AOPs linking RXR, ROR, or VDR activation to apical

outcomes have been described to date on the AOP-Wiki.51

These three activities were not as frequently observed in the
environment relative to other targets, but they could be
prioritized for AOP development, particularly if they are
detected for a growing number of samples. It is notable that
VDR response element, which is monitored by the VDRE_CIS
end point, has been previously identified as a binding target of
PXR.52 VDRE_CIS is significantly correlated with PXRE_CIS
(p < 0.001, r = 0.77; 95% CI [0.60, 0.88]) and PXR_TRANS
activity (p < 0.001, r = 0.73; 95% CI [0.53, 0.85]). The
TRANS assay counterpart to VDRE_CIS, VDR_TRANS,
which measures direct VDR-mediated activity, is not active at
any site. This supports observed VDRE_CIS activity as an
indicator of PXR-mediated activity and not indicative of
specific VDR-mediated responses. As such, even if available,
VDR-related AOPs are likely not relevant.
With regard to AOPs, for complex mixtures multiple

relevant AOPs may be triggered simultaneously. Consequently,
it has been proposed that consideration of AOP networks may
be important for hazard prediction in these scenarios.53,54

Knapen et al.53 provided an example of how Attagene
bioactivity screening data for a complex environmental sample
could be linked to relevant AOPs, assembled into a relevant
AOP network, refined based on problem formulation, and used
to both identify potential hazards of concern and end points
that could be employed in effects-based monitoring. Based
upon activation of eight end points in the Attagene assays, all
of which were active in the current study, Knapen et al.
identified potential adverse outcomes of impaired reproduc-
tion, early life stage mortality, and cardiotoxicity.53 The utility
of this integrated approach will increase with continued linkage
of Attagene end points and improved tools for assembling,
filtering, and analyzing AOP networks.53

Finally, when considering in vitro assays in the context of
AOPs for ecologically relevant species, the conservation of
molecular targets must be considered. The Attagene assays
used in the current work use only human-based receptors,
which may or may not be representative of ecological species
of concern. The AhR, for example, is broadly conserved in
vertebrates, but AhR-mediated embryo toxicity can vary across
teleost fish species by multiple orders of magnitude (see review
by Doering et al.).55 Techniques now exist to help assess the
similarity of molecular targets across various taxa. The
SeqaPASS tool was recently used to compare all targets
present in the ToxCast database with currently known
sequences for nonhuman taxa.56 This data source could be
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used to compare the targets identified through the current
study with those of ecologically relevant species of concern and
predict if human-based assay results are representative of the
target species. Ultimately, as extrapolations move from the
molecular level, as measured through in vitro cell-based
techniques, to the apical-level, the information required to
make confident assessments of potential effects will continue to
grow.
The use of HTS assays to characterize bioactivity in U.S.

streams, along with parallel chemical characterization, identi-
fied multiple bioactivities of concern, potential chemicals of
concern, and sites with the greatest potential for adverse effects
to ecological receptors. Further, comparison with more
traditional, cell-based reporter assays aligned well with the
HTS assay results, providing evidence supporting the use of
these HTS assays for environmental surveillance efforts.
Though coverage of the chemical space (>700 compounds
monitored) and biological space (69 end points) was more
extensive than many studies, the majority of bioactivity could
not be explained by measured chemicals, and only estrogenic
activity could be reasonably predicted. The expanded end
point coverage of the HTS assays employed here revealed
additional biological pathways that may be commonly
impacted in the environment. Because these assays cover
vertebrate-centric (especially mammalian) end points, other
relevant targets (i.e., those pertaining to invertebrates and
plants) should be examined to more realistically evaluate
potential ecological effects of complex, environmental
mixtures.
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