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• Bayesian hierarchical joint-contaminant
model used to assess occurrence pat-
terns

• Highest probabilities of occurrence
were in the spring and summermonths.

• Occurrence of most compounds not
strongly linked to stream flow or land
use

• Atrazine, simazine, fipronil and
metolachlor co-occurred most often
across sites.
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Investigating the spatiotemporal dynamics of contaminants in surface water is crucial to better understand how
introduced chemicals are interacting with and potentially influencing aquatic organisms and environments.
Within the Chesapeake BayWatershed, United States, there are concerns about the potential role of contaminant
exposure on fish health. Evidence suggests that exposure to contaminants in surface water is causing immuno-
suppression and intersex in freshwater fish species. Despite these concerns, there is a paucity of information re-
garding the complex dynamics of contaminant occurrence and co-occurrence in surface water across both space
and time. To address these concerns, we applied a Bayesian hierarchical joint-contaminantmodel to describe the
occurrence and co-occurrence patterns of 28 contaminants and total estrogenicity across six river sites and over
three years. We found that seasonal occurrence patterns varied by contaminant, with the highest occurrence
probabilities during the spring and summer months. Additionally, we found that the proportion of agricultural
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Multivariate analysis
Agricultural landcover
Chesapeake Bay watershed
landcover in the immediate catchment, aswell as streamdischarge, did not have a significant effect on the occur-
rence probabilities of most compounds. Four pesticides (atrazine, metolachlor, fipronil and simazine) co-
occurred across sites after accounting for environmental covariates. These results provide baseline information
on the contaminant occurrence patterns of several classes of compounds within the Chesapeake BayWatershed.
Understanding the spatiotemporal dynamics of contaminants in surfacewater is the first step in investigating the
effects of contaminant exposure on fisheries and aquatic environments.

© 2020 Elsevier B.V. All rights reserved.
1. Introduction

Both synthetic and naturally derived chemical compounds are in-
creasingly produced and used in a variety of applications in order to
meet the demands of a growing global human population. Many of
these chemical compounds are contaminants that pose uncertain risks
to the environment and human health (Novak et al., 2011; Sauvé and
Desrosiers, 2014; Gavrilescu et al., 2015; Buñay et al., 2017; Nilsen
et al., 2019), and include pharmaceuticals, pesticides, personal care
products, and human by-products (EPA, 2008; Noguera-Oviedo and
Aga, 2016; Nilsen et al., 2019). Contaminants enter aquatic environ-
ments through many pathways including discharge from wastewater
treatment plants, runoff fromurban and agricultural landscapes, and at-
mospheric deposition (Ciparis et al., 2012; Young et al., 2014; Gavrilescu
et al., 2015). These diverse pathways have, in part, contributed to their
near ubiquitous presence in aquatic ecosystems. For example, in a
United States nation-wide study Kolpin et al. (2002) found organic
wastewater compounds in 80% of 139 streams sampled, with the most
frequently detected contaminants in the study derived from a variety
of anthropogenic sources. Similarly, Bradley et al. (2017) found that
57% of 406 detected compounds in 38 streams across the United
States (U.S.) were anthropogenic contaminants such as biocides and
pharmaceuticals. Furthermore, Gilliom et al. (2006) found that the
chances of detecting one pesticide ormore in surface water within agri-
cultural and urban landscapeswas N90%. This widespread occurrence of
chemicals in U.S. streams is alarming given that the full extent of poten-
tial ecological impacts is unknown for many compounds (Novak et al.,
2011).

Within the Chesapeake Bay, U.S. and its watershed, several studies
have demonstrated the pervasive presence of many contaminants
within aquatic systems. For instance, Apeti et al. (2018) found a suite
of contaminants including perfluorinated compounds (PFCs), current-
use pesticides and flame retardants in oyster tissue and sediments
within the Chesapeake Bay. Although, the risk of these contaminants
to aquatic life is still uncertain, there is concern that exposure to con-
taminants and contaminant mixtures may have negative population-
level effects on some fisheries (Hamilton et al., 2016; Martin and
Grant, 2019). For example, starting in the early 2000's, there have
been signs of reproductive endocrine disruption, clinical signs of dis-
ease, declines in catch rates and mortality events in smallmouth bass
(Micropterus dolomieu) populations (Arway and Smith, 2013; Kolpin
et al., 2013; Blazer et al., 2014; Smith et al., 2015; Schall et al., 2018;
Walsh et al., 2018). Over this same time period, several studies detected
chemicals in surface waters that could represent a risk to aquatic biota.
For example, Kibuye et al. (2019) detected human pharmaceuticals –
typically associated with wastewater treatment plants – in N80% of
drinkingwater source samples and concluded that these chemical com-
poundswere of greater risk to aquatic organisms as compared to human
healthwithin the SusquehannaRiver Basin, Pennsylvania, U.S. Addition-
ally, He et al. (2019) detected antibiotics (both human- and animal-
specific) in high concentrations in surface waters at the mouth of the
Chester River, Maryland, U.S., a tributary to the Chesapeake Bay, in addi-
tion to estrone in sediment, water and oyster tissue. Despite the in-
creased research attention on contaminants over the past two
decades, there remain unanswered questions on the toxicological
effects of these contaminant mixtures on biological systems (Novak
et al., 2011; Diamond et al., 2011; Noguera-Oviedo and Aga, 2016;
Windsor et al., 2018).

The effects of contaminants on non-target organisms depend on fac-
tors such as the chemical structure, the exposure pathway, organismal
life-stage and duration of exposure (Thompson et al., 2007; Harding
and Burbidge, 2013). Although the toxicity of mixtures is not often con-
sidered in risk assessment, research has demonstrated the potential for
additive, synergistic, or antagonistic effects of chemical mixtures on
aquatic organisms – highlighting a growing need to consider chemical
compound co-occurrence in aquatic environments (Kortenkamp,
2007; Kjӕrstad et al., 2010). For example, a review by Cedergreen
(2014) indicated that most cases of pesticide synergism disrupt one of
six different processes within an organism including bioavailability, up-
take, internal transportation, metabolization, binding at the target site,
and excretion. However, determining the toxicological risk of chemical
mixtures to both organisms and the environment is challenging – re-
quiring information collected atmultiple ecological and biological levels
of organization (Ankley et al., 2010; Tollefsen et al., 2014; Wittwehr
et al., 2017). Understanding the spatiotemporal occurrence and co-
occurrence patterns of chemical compounds is a fundamental first
step to understanding their ecotoxicological risk including the potential
for contaminant mixture effects (Kortenkamp, 2007; Kjӕrstad et al.,
2010; Noguera-Oviedo and Aga, 2016).

If contaminants enter surface waters during biologically important
time periods, there could be potentially harmful biological and ecologi-
cal consequences (Cope et al., 2008; Foekema et al., 2012). In fact, expo-
sure to contaminants during critical life stages, including during spawn,
juvenile development, or recrudescence, is hypothesized to be a con-
tributing factor to these observed fish health issues (Shull and Pulket,
2015). Specifically, estrogenic compounds can affect aquatic organisms
through the disruption of estrogenic pathways by altering the number
and function of hormone receptors and transportation proteins, leading
to effects such as immunosuppression, intersex and changes in behavior
(McKinlay et al., 2008; Frye et al., 2012). Furthermore, evidence indi-
cates that contaminant exposure can reduce the production of estradiol
in fish, thereby potentially decreasing endogenous steroid levels
(Johnson et al., 1993). Understanding seasonal contaminant occurrence
has implications for determining not only the exposure to but also the
potential risk of these contaminant mixtures to aquatic communities.

Identifying the relationships between contaminant occurrence and
agricultural land use in a watershed and stream discharge can help in-
form the development and implementation of management efforts,
such as best management practices (BMPs). For example, many BMPs
are implemented in agricultural watersheds and focus on reducing
transport (e.g., via rain/flow events) of sediment and nutrients into
streams and rivers. Specifically, in the Chesapeake Bay Watershed,
these BMPs include the implementation of cover crops, conservation
tillage and urban filtering systems as well as land-use change BMPs
(e.g., land retirement, pasture fencing and forest buffers; Sekellick
et al., 2019). If the occurrence of contaminants in surface waters is
flow-dependent, suggesting that they are transported off terrestrial
landscapes during high-flow events, then such BMPs may have the co-
benefit of reducing nutrient loads as well as contaminant transport
into aquatic systems.
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To investigate the occurrence and co-occurrence patterns of con-
taminants we used a Bayesian hierarchical joint-contaminantmodeling
framework. A fundamental difference between a joint-contaminant
model and traditional, univariate approaches to model the occurrence
of contaminants is that multiple contaminants are modeled simulta-
neously (i.e., jointly) in a multivariate model. The joint-contaminant
model quantifies thefixed effects of predictors (e.g., environmental pre-
dictors, such as the proportion agricultural land use in a catchment) on
the occurrence of each contaminant and relies on a covariancematrix to
account for any dependencies (correlations) that may exist among con-
taminants that are not accounted for by the fixed effects in the model.
That is, the covariance matrix captures dependencies (residual correla-
tions) between contaminants that are not accounted for by the predic-
tors in the model. The residual correlations can provide insight into
potential co-occurrence patterns between contaminants (Pollock et al.,
2014). In addition, although not a focus of this research, jointly model-
ing contaminants can result in improved predictive performance com-
pared to univariate models. For instance, if residual correlations are
high then conditional predictions (i.e., predictions using the fixed ef-
fects in themodel while also conditioning predictions on the occurrence
of other contaminants at a given location) will be more accurate and
precise compared to marginal predictions (i.e., predictions made using
only the fixed effects in the model, which is equivalent to a prediction
from a univariate model; Wagner and Schliep, 2018). Such multivariate
models have received increased attention over the past several years in
many subdisciplines of ecology, with an emphasis on modeling species
distributions (i.e., joint species distribution models; Clark et al., 2014;
Ovaskainen et al., 2017; Norberg et al., 2019). To the best of our knowl-
edge, however, they have not been applied in thefield of environmental
toxicology.

The goal of this study was to investigate the spatiotemporal dynam-
ics of 28 contaminants as well as total estrogenicity (indicator of estro-
genic activity) across six river sites located within the Chesapeake Bay
Watershed over a three-year time period. As the largest estuary in
North America, the Chesapeake Bay and its watershed provide recrea-
tional, educational and economic value to the over 18 million people
and has a heavy agricultural focus with several large urban areas
(Chesapeake Bay Program, 2018). Using a Bayesian hierarchical joint-
contaminant modeling approach, the specific objectives of this study
were to (1) evaluate how contaminant occurrence varied seasonally
and if the probability of contaminant occurrence was influenced by
streamdischarge or the proportion of agricultural land use in the imme-
diate catchment; and (2) investigate co-occurrence patterns of contam-
inants at different spatial and temporal scales.

2. Methods

2.1. Study sites

The study sites included Antietam Creek (Sharpsburg, Maryland),
Chillisquaque Creek (Chillisquaque, Pennsylvania), Pine Creek
(Waterville, Pennsylvania), West Branch Mahantango Creek
(Mahantango, Pennsylvania), Wyalusing Creek (Wyalusing, Penn-
sylvania) and the South Branch Potomac River (Moorefield, West
Virginia; Fig. 1). The Pennsylvania sites are located in the Susque-
hanna River Basin, and the Maryland and West Virginia sites are lo-
cated in the Potomac River Basin representing sites from two major
river basins of the Chesapeake Bay Watershed. The sites were se-
lected to span an agricultural land use gradient, quantified as the
proportion of total agricultural land use (USGS, 2014) in the immedi-
ate catchment of each study stream. The catchments were based on
the National Hydrography Dataset Plus (NHDPlus) which integrates
the National Hydrography Dataset, National Elevation Dataset, and
National Watershed Boundary Dataset (McKay et al., 2012). The im-
mediate catchment is defined as the catchment of an individual
stream segment as it aligns with the NHDPlus framework used for
upstream catchment calculations (McKay et al., 2012). Total agricul-
tural land use is defined as the total area used for production of
grasses and legumes for livestock grazing, annual and perennial
crops (i.e., corns, soybean, vegetables, tobacco, cotton) as well as
woody crops (i.e., orchards and vineyards) that account for 20% or
more of the total vegetation of that area (USGS, 2014).The total agri-
cultural land use ranged from 1.1% for Pine Creek to 72% for the South
Branch Potomac River (Table 1).

2.2. Surface water sampling

At each site, water samples were collected monthly and during se-
lect storm events, from fall 2014 through fall 2017. Wyalusing Creek
and Chillsquaque Creek were sampled between 2014 and 2016 while
the remaining four sites were sampled 2014–2017. Sampling increased
to twice/month during smallmouth bass spawning and rearing season
[spring (April) to early summer (June)]. Storm samples were targeted
during the late winter and early spring when high flow events were
more likely to occur. Sampling events were selected as a representative
of the range of seasonal, hydrologic and land-use conditions as well as
potential organismal responses. Samples were collected using methods
described in the US Geological Survey (USGS) National Field Manual
(USGS, 2018) for collection of trace-organicwater samples. Briefly, sam-
ples were collected and processed using Teflon or glass bottles rinsed
with methanol before use. In general, samples were collected using
equal-width sampling techniques with a Teflon bottle (baseflow sam-
ple) or point grab samples from the centroid of flow (storm samples)
using field-rinsed glass bottles. The collection technique used (equal-
width sampling or point grab samples) was dependent on stream
wadeability and accessibility. After collection, the samples were placed
on ice and shipped to the appropriate laboratories for processing. For
all study streams, excluding Wyalusing Creek and West Branch
Mahantango Creek, stream discharge and gage height data were re-
corded using USGS gage stations located on each stream (Williams
et al., 2019). Stream discharge data for West Branch Mahantango
Creek were based on a regression analysis from field-collected data at
the West Branch Mahantango Creek sampling location from 2016 to
2017 and from data collected at the nearby Penn's Creek USGS gage sta-
tion (r = 0.95; n = 11). Stream discharge data were not available for
Wyalusing Creek.

2.3. Sample analysis

Samples were collected for the analysis of current-use pesticides,
hormones, phytoestrogens and total estrogenicity. Pesticides were fil-
tered, extracted and analyzed at the USGS Organic Chemistry Research
Laboratory in Sacramento, California based on previously published
methods (Hladik et al., 2008). Phytoestrogens were filtered, extracted
and analyzed using previously published methods at the USGS Organic
Geochemistry Laboratory in Lawrence, Kansas (Yost et al., 2013, 2014)
and hormones were analyzed using unfiltered samples at the USGS Na-
tional Water Quality Laboratory in Denver, Colorado (Foreman et al.,
2012). Total estrogenicity was determined by a bioluminescent yeast
assay (Sanseverino et al., 2005) at the USGS Leetown Science Center
as previously described (Ciparis et al., 2012). This bioassay estimates
total estrogenic activity of a water sample in relation to estradiol as a
standard, thereby including the activity of complex mixtures and
chemicals that may not have been included in the targeted chemical
analyses (Routledge and Sumpter, 1996; Balsiger et al., 2010; Baldigo
et al., 2014).

For quality assurance purposes with respect to surface water sam-
pling procedures, nine field blank samples were collected as described
for samples above using Pesticide/Volatile Organic chemical grade
water then analyzed for all target analytes. Detections in thefield blanks
included one detection of cholesterol at 308 ng/L, and consequently,
reporting levels were raised to 400 ng/L for cholesterol (see Blank



Fig. 1. Study map depicting the six river sampling sites and their respective watersheds relative to the Northeast andMid-Atlantic U.S. states (highlighted in yellow). The Chesapeake Bay
Watershed is outlined in blackwith all of the rivers locatedwithin thewatershed highlighted in blue. Themap in the top left corner shows the location of thewatershedwithin the United
States.

4 C.M. McClure et al. / Science of the Total Environment 728 (2020) 138765
Detection and Censoring in Appendix A). Therefore, inclusion of choles-
terol in the environmental samples on the days they were detected in
blanks would not affect inferences and statistical analysis. No other
chemical compounds were detected above the reporting limit in the
blank field blanks collected. Method detection limits for all compounds
can be found in Williams et al. (2019).

2.4. Data processing for statistical analyses

The statistical analysis focused on modeling chemical compound
presence or absence across stream sites and over time (Yijk= 1 if chem-
ical i was present at site j in year k; 0 otherwise). Over the duration of
this study, the presence of 140 different chemical compounds was in-
vestigated (see Williams et al., 2019 for full dataset). However, because
wewere interested in understanding occurrence,we excluded chemical
compounds that were never detected (see Table A.7 for chemical com-
pound reporting limits). Rather, we focused on those compounds that
Table 1
Sampling stream catchment information including the proportion of different land use classes

River site Cultivated land

Antietam Creek (Sharpsburg, Maryland) 66%
Chillisquaque Creek (Chillisquaque, Pennsylvania) 18%
Pine Creek (Waterville, Pennsylvania) 1.1%
West Branch Mahantango Creek (Mahantango, Pennsylvania) 16%
Wyalusing Creek (Wyalusing, Pennsylvania) 27%
South Branch Potomac River (Moorefield, West Virginia) 72%

a Numbers reported are for the upstream catchment.
were detected at least once, recognizing that for those compounds de-
tected only a few times that inferences on the occurrence dynamics
would be associated with large uncertainties (see Chemical data filtering
methodology in Appendix A for details on how chemicals were chosen
for inclusion in the analysis).We chose this approach rather than choos-
ing an arbitrary detection frequency cutoff value for inclusion in this
study (e.g., only including compounds detected in N10% of samples) in
order to investigate a suite of different chemical compound classes
and to provide a richer description of the chemical environment aquatic
organisms are exposed to in these rivers. Applying the criteria outlined
in Appendix A resulted in 28 chemical compounds and181 observations
used in the analysis (Table A.1). Of these 28 compounds 8 are hormones,
1 is a plant/animal sterol (cholesterol), and the remaining 19 are pesti-
cides or insect repellents (Tables 2 and A.2). Wewere also interested in
the spatiotemporal patterns and drivers of the occurrence of total
estrogenicity in the water and therefore included it as an additional re-
sponse variable in our models.
and the number of wastewater treatment plants (USGS, 2014; EPA, 2020).

Developed land Forested land Wastewater treatment plantsa

22% 9.7% 22
5.7% 73% 2
3.6% 86% 2

12% 66% 4
4.2% 61% 0
9.7% 8.8% 10



Table 2
Frequency of detection (%) of chemical compounds by stream sampling site in the FLOW dataset.

Compound Compound class Antietam Creek Chillisquaque Creek Pine Creek SB Potomac WB Mahantango Totala

17-Alpha-Estradiol Hormone 2.7 0 2.9 0 2.4 1.7
17-Beta-Estradiol Hormone 2.7 0 0 0 0 0.6
3-Beta-Coprostanol Hormone 8.1 10 0 5.4 21.4 9.4
Cholesterol Animal biochemical 83.8 66.7 37.1 70.3 88.1 70.2
cis-Androsterone Hormone 2.7 0 0 2.7 0 1.1
Estrone Hormone 0 0 0 2.7 0 0.6
Testosterone Hormone 2.7 0 0 0 0 0.6
trans-Diethylstilbestrol Hormone 2.7 0 2.9 0 0 1.1
3,4-Dichloroaniline Pesticide 10.8 0 2.9 0 0 2.8
3,5-Dichloroaniline Pesticide 2.7 0 0 0 0 0.6
Atrazine Pesticide 89.2 93.3 40 51.4 88.1 72.4
Azoxystrobin Pesticide 13.5 0 0 0 2.4 3.3
Bifenthrin Pesticide 0 3.3 2.9 0 2.4 1.7
Boscalid Pesticide 2.7 3.3 2.9 0 2.4 2.2
Carbaryl Pesticide 0 0 0 0 2.4 0.6
Chlorothalonil Pesticide 0 0 0 2.7 0 0.6
Dacthal (DCPA) Pesticide 0 0 0 0 4.8 1.1
Fenhexamid Pesticide 2.7 0 0 2.7 7.1 2.8
Fipronil Pesticide 21.6 0 0 0 2.4 5
Fipronil sulfone Pesticide 2.7 0 0 0 0 0.6
Iprodione Pesticide 0 0 2.9 0 0 0.6
Metalaxyl Pesticide 0 16.7 0 0 4.8 3.9
Metolachlor Pesticide 94.6 93.3 20 29.7 76.2 62.4
Myclobutanil Pesticide 2.7 0 0 0 0 0.6
Pendimethalin Pesticide 2.7 0 2.9 8.1 0 2.8
Prometon Pesticide 2.7 0 0 0 0 0.6
Simazine Pesticide 86.5 40 2.9 8.1 26.2 32.6
Tebuconazole Pesticide 5.4 0 0 0 0 1.1
Estrogenicity Indicator of estrogenic activity 51.4 40 14.3 45.9 50 40.9

a Total is the frequency of detection (%) of each contaminant across all sampling sites.
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2.5. Statistical analysis

Bayesian hierarchical joint-contaminantmodeling was used to eval-
uate occurrence and co-occurrence of contaminants in surface water at
different spatial and temporal scales. Specifically, the model was a hier-
archical multivariate probit regression model and latent parameteriza-
tion that included both fixed and random effects. A probit model is
similar to a logistic regression model except that it uses a probit link
function instead of a logit link function. The response variable was bi-
nary, where Yijk = 1 if chemical i was present at site j in year k and 0
otherwise.

Fixed effects, which varied depending on the analysis (see below),
included season (a categorical variable indicating the season of sam-
pling; spring=March, April, May; summer= June, July, August; fall =
September, October, November;winter=December, January, February,
withwinter as the reference cell), theproportion of agricultural land use
in each river's immediate catchment, and stream discharge. Seasons
were chosen to correspond to different smallmouth bass life cycle
events (i.e., spawning in the spring, young of the year development in
the summer, and recrudescence in the fall) and also correspond to the
climatological (and meteorological) definitions of seasons. Stream dis-
charge data were not available for one site (Wyalusing Creek). There-
fore, in order to maximize sample size during the analyses, two data
setswere created: one that included all three fixed effects, includingdis-
charge (hereby referred to as the FLOWdataset; n=5 sites and 181 ob-
servations), and one that excluded discharge allowing for the inclusion
of Wyalusing Creek (hereby referred to as the AG dataset; n = 6 sites
and 202 observations). The proportion of agricultural land use and
stream discharge were standardized to amean of zero and standard de-
viation of one prior to analysis.

Randomeffects for year, site, and an observation-level random effect
were also included in the model. Inclusion of the year and site random
effects accommodated the potential lack of statistical independence of
observations within years and sites. The inclusion of the site and
observation-level random effects also allowed for examining residual
correlations (i.e., that represent potential co-occurrence patterns) at
each of these spatial scales (Ovaskainen et al., 2017). The residual
correlations are the correlations (dependencies) between chemical
compounds after accounting for the fixed effects in themodel and iden-
tifying those chemicals that co-occur more or less frequently than
predicted by environmental predictor variables. A single Markov chain
Monte Carlo (MCMC) chain was run for 20,000 iterations with a
10,000 burn-in. Default priors specified in the HMSC R package
(Blanchet et al., 2019) were used for all parameters. Estimated parame-
ters were considered statistically significant if the 95% credible interval
(CI) did not overlap zero.

To aid in interpretation of estimated fixed effects parameters, the
posterior probability of a positive effect was also calculated. Reporting
the posterior probability of a positive effect provides an accessible
probabilistic statement of parameter importance and avoids an arbi-
trary cutoff value that determines ‘statistical significance’, while fully
representing posterior uncertainty. Furthermore, reporting the poste-
rior probabilities, in addition to estimated effect sizes, allows for
scientists andmanagers to evaluate what they consider biologically im-
portant, rather than relying on a pre-determined significance level.
Lastly, the proportion of the total variation in occurrence probability
for each chemical compound that was explained by each fixed and ran-
dom effect was calculated. This variance partitioning allowed for quan-
tifying potential heterogeneity in the importance of environmental
drivers across compounds.

The Bayesian hierarchical joint-contaminant model estimates
pairwise associations between chemical contaminants at different spa-
tial scales (i.e., the residual correlations) using latent factor models to
estimate chemical – to – chemical covariance for each random effect.
In order to assess the co-occurrence of chemical compounds at different
scales (i.e. site and observation scales), chemical association networks
were generated to show the significant pairwise residual correlations
(i.e., residual correlationswhere the 95% credible intervals did not over-
lap with zero). To further assess the effects of environmental covariates
on the co-occurrence of these compounds, two sets of association net-
works were generated for comparison. First, we fit an unconditional
model (an intercept-only model) to quantify pairwise associations.
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These residual correlations represent associations that may also be due
to a shared response to one or more of the environmental covariates.
Second, we examined the residual correlations from the model that in-
cluded fixed effects. These associations identify those chemicals that co-
occur more or less frequently than predicted by environmental covari-
ates and may suggest other mechanisms or processes responsible for
any co-occurrences. All statistical analyseswere completed in the R pro-
graming environment (R Core Team, 2020) using the package HMSC
version 2.2–0 (Blanchet et al., 2019; Source code is available online at
doi:https://doi.org/10.5281/zenodo.3746590).

3. Results

3.1. Contaminant detections

The number of samples per site ranged from 21 forWyalusing Creek
to 42 for West Branch Mahantango Creek (for both the AG and FLOW
data sets). Across seasons, the number of samples ranged from 28 in
winter (FLOW dataset) to 69 in the spring (AG dataset). The number
of samples per season changed between the two data sets due to the ad-
dition of Wyalusing Creek in the AG data set (Table A.1). Atrazine was
the most commonly detected contaminant in both data sets, occurring
in 72% (145/202 for AG and 131/181 for FLOW) of samples for the AG
and FLOW data sets (Tables 2 and A.2). The frequency of detection for
atrazine ranged from 40% (14/35) in Pine Creek to 93.3% (28/30) in
Chillisquaque Creek (Tables 2 and A.2). The next three most commonly
occurring compounds were cholesterol (AG: 67.3%; FLOW: 70.2%),
metolachlor (AG: 58.4%; FLOW: 62.4%), and simazine (AG: 31.2%;
FLOW: 32.6%). Cholesterol was detected most often at West Branch
Mahantango Creek (88.1%), and metolachlor and simazine were de-
tected most often at Antietam Creek (94.6%; 86.5%, respectively).
Fig. 2. The proportion of total variance in occurrence probability of chemical compounds ex
catchment, season and random effects (observation, site, and year). Each bar represents a ch
predictor across all chemical compounds. The top figure represents the variance partitioning
AG dataset. To help with interpretation, colors were kept consistent between both figures by
was not included as a predictor in the AG analysis.
Estrogenic effects were detected in 39.6% (AG) and 40.9% (FLOW) of
all samples with the greatest frequency of detection at Antietam Creek
(51.4%), and with the lowest frequency at Pine Creek at 14.3%. All
other chemical compounds occurred in b10% of the samples across all
sites (Tables 2 and A.2).

3.2. Variance partitioning

The amount of total variation in occurrence probability explained by
stream discharge, the proportion of agricultural land use, season, and
random effects varied substantially among chemical compounds for
both the FLOW and AG datasets (Fig. 2). However, the overall results
and patterns in variance partitioning between the two datasets were
very similar (Fig. 2). Because results and inferences do not vary substan-
tially among datasets, only the results for the FLOW dataset will be pre-
sented (see Supplemental Figs. A.2–A.5, and Tables A.2, A.4, and A.5 for
AG results). For the FLOW dataset, stream discharge explained 24.5%
and 20.2% of the variation in the occurrence of 3,4-dichloroaniline (her-
bicide degradation product) and 17-alpha-estradiol (hormone), respec-
tively. These two compounds were not detected frequently, but when
they were, it was during low flow periods. In addition, they occurred
during lowflow conditions acrossmost seasons, indicating that their oc-
currencewas not linked to lowflowevents only during a specific time of
year. This occurrence pattern could be the result of their occurrence
being sustained throughout the year, but dilution effects during higher
flows result in them being below detection limits, potentially indicating
the association of these contaminants with point sources. Compara-
tively, stream discharge only accounted for 0.8%, 2.4%, and 4.0% of the
variation in occurrence of metolachlor (herbicide), atrazine (herbicide)
and 3-beta-coprostanol (hormone), respectively (Fig. 2). Similarly, the
proportion of agricultural landcover in the immediate catchment did
plained by stream discharge, the proportion of agricultural land use in the immediate
emical-specific result, while the legend shows the average variation explained for each
for the FLOW dataset, and the bottom figure represents the variance partitioning for the
including ‘Stream Discharge’ as 0% in the bottom figure, even though stream discharge

https://doi.org/10.5281/zenodo.3746590
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not account for relatively large amounts of the variation in the occur-
rence of atrazine, metolachlor and 3-beta-coprostanol (1.7%; 1.6%;
3.7%, respectively). Whereas with cis-androsterone (hormone),
tebuconazole (fungicide), and 3,5-dichloroaniline (pesticide), the pro-
portion of agricultural landcover explained 21.2%, 18.7% and 19.5% of
the variation in the occurrence patterns of these chemical compounds,
respectively. These three compounds were also detected infrequently
(i.e., detected in b10% of all observations), and they were only detected
at one or both sites with the largest proportions of agricultural land
cover (Antietam Creek and South Branch Potomac River). Notably,
there was large year-to-year variation in the average occurrence of
total estrogenicity (50.9% of the total variance was due to the random
year effect) in comparison to the 5.5% average year-to-year variation
in average occurrence across all other 28 chemical compounds.

Across all chemical compounds, the season of sampling explained the
most variation in occurrence probability. For example, approximately 50%
of the total variation in occurrence, on average,was explained by seasonal
variation (Fig. 2). On average, streamdischarge and proportion of agricul-
tural landcover each explained 12% of the total variation in occurrence.
The year and site-level random effects explained the least amount of var-
iation in occurrence, on average, suggesting relatively small site-to-site
andyear-to-year variation in average occurrenceprobability (with the ex-
ception of total estrogenicity, as noted above).

3.3. Effects of stream discharge, seasonality, and agricultural land use

For most compounds, the probability of occurrencewas not strongly
related to stream discharge (i.e., 95% CIs overlap zero; Fig. 3). This is
most likely due to low detection frequencies of many chemical
compounds in this study. However, for several compounds there was
a relatively high (i.e., N80%) posterior probability that occurrence prob-
ability decreasedwith increasing streamdischarge (Fig. 4). For example,
the posterior probabilities of a negative effect (1- posterior probability
of a positive effect) of stream discharge on the occurrence probability
of cholesterol, atrazine, fipronil and total estrogenicity were 87, 88, 90,
94%, respectively (Table A.6). However, the effect sizes were small. For
example, the probability of detecting atrazine was always relatively
high during this study and the flow effect, although negative, only de-
creased the estimated probability of occurrence from 0.9 during low
flow to 0.8 during higher flows in the summer months, an effect that
Fig. 3. Estimated effects of environmental predictors (A=Streamdischarge; B=Spring; C=Su
occurrence of 28 chemical compounds and total estrogenicity. Solid points are the posteriormea
aid interpretation.
was not statistically significant. In contrast, there was a relatively high
posterior probability that occurrence probability increased with in-
creasing stream discharge for iprodione and chlorothalonil (both fungi-
cides), with posterior probabilities of a positive stream discharge effect
of 0.90 and 0.67, respectively (Table A.6). These positive relationships
are driven by a few detections during high flow events in the summer
and spring for iprodione and chlorothalonil, respectively.

Given the time of year that many of these chemical compounds are
applied on the landscape, it's not surprising that the probability of oc-
currence was greater in the spring and summer, relative to winter (as
highlighted in the variance partitioning results; Fig. 2). For example,
both the spring and summer seasons had a significant positive effect
on the occurrence probability of atrazine (posteriormean parameter es-
timate for spring = 0.48, 95% CI = [0.08, 0.94]; posterior mean param-
eter estimate for summer = 1.03, 95% CI = [0.54, 1.59]; Table S3).
Similarly, during the summer months the probability of occurrence sig-
nificantly increased for cholesterol (0.57, 95% CI = [0.21, 0.99]),
azoxystrobin (0.82, 95% CI = [0.14, 1.74]), metolachlor (0.85, 95%
CI = [0.32, 1.55]), pendimethalin (0.84, 95% CI = [0.20, 1.70]), and si-
mazine (0.53, 95% CI = [0.12, 0.99]), relative to winter. In contrast,
and although not statistically significant at the 95% threshold, both 3-
beta-coprostanol and dacthal tended to have lower probabilities of oc-
currence in the spring and summermonths, with posterior probabilities
of a positive effect of spring of 0.05 and 0.08, respectively, and 0.14 and
0.17, respectively for summer (Table A.6).

Except for total estrogenicity, the proportion of agricultural
landcover in the immediate catchment did not have a strong effect on
occurrence probability (Fig. 4). The estimated effect of agricultural
landcover on the occurrence probability of total estrogenicity was sig-
nificantly positive, but relatively small in magnitude (i.e., posterior
mean parameter estimate was 0.27 [95% CI = 0.05, 0.49]; Fig. 4,
Table A.3). For instance, the predicted probability of occurrence for
total estrogenicity at the low agricultural land use site (Pine Creek)
was 0.11 during the summer months which increased to 0.35 at the
high agricultural land use site (South Branch of the Potomac River).
Despite few significant positive estimated effects of agricultural
landcover on occurrence probabilities, therewas a relatively high poste-
rior probability of a positive effect of agricultural landcover on the prob-
ability of occurrence for several compounds. For example, the posterior
probabilities of a positive effect of agricultural landcover on occurrence
mmer; D=Fall; E=Agricultural landcover; thewinter season is the reference cell) on the
n and vertical bars are 95% credible intervals. A horizontal dotted linewas added at zero to



Fig. 4. Posterior probability of a positive effect of environmental predictors on the occurrence of 28 chemical compounds and total estrogenicity (A= Stream discharge; B= Spring; C =
Summer; D = Fall; E = Agricultural landcover; the winter season is the reference cell). A horizontal dotted line was added at a posterior probability of 0.5 to aid interpretation.
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probabilities was at or N0.85 for 16 of the 28 chemical compounds
studied including total estrogenicity (Table A.6). This included com-
pounds such as cholesterol, cis-androsterone, estrone, azoxystrobin,
and fipronil.
Fig. 5. Chemical association network showing co-occurrence of chemical compounds across five
seasonality (A) and after accounting for effects from river discharge, agricultural landcover and
(e.g. 95% CI does not overlap zero).
3.4. Co-occurrence

Across sites, seven compounds (i.e., atrazine, metolachlor, fipronil, si-
mazine, azoxystrobin, cholesterol, and total estrogenicity) had significant
river sites, before accounting for effects from streamdischarge, agricultural landcover and
seasonality (B). Connections represent significant, positive pairwise residual correlations
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pairwise residual correlations before controlling for environmental co-
variates (Fig. 5). After controlling for effects from agricultural landcover,
stream discharge and seasonality, three compounds (i.e., cholesterol,
azoxystrobin and total estrogenicity) no longer shared significant positive
residual correlations,which suggests that the co-occurrence of these com-
pounds was likely due to their environmental response to these covari-
ates. Four compounds (i.e., atrazine, metolachlor, fipronil and simazine);
however, still co-occurred more frequently than predicted by the envi-
ronmental covariates (Fig. 5). At the observation level, metolachlor, atra-
zine, simazine and cholesterol co-occurred before controlling for effects
from environmental covariates (Figs. A.1 and A.2). After accounting for
the effects from environmental covariates (at the observation level), sig-
nificant positive residual correlations remained for three of the four com-
pounds, the exception being cholesterol (Figs. A.1 and A.2).

Overall, atrazine,metolachlor, simazine, and cholesterol co-occurred
more than predicted by the environmental covariates. In addition to
these three compounds, several other compounds consistently co-
occurred before accounting for environmental covariates, of which the
positive significant residual correlations between these compounds no
longer remained after accounting for environmental effects. These com-
pounds included 3–4 dichloroaniline, azoxystrobin, 3-beta-coprostanol,
fipronil and total estrogenicity.

4. Discussion

We examined the spatiotemporal patterns and environmental
drivers on the occurrence of 28 chemical compounds and total
estrogenicity in surface waters of the Chesapeake Bay Watershed
using a multivariate statistical approach that, to the best of our knowl-
edge, has not been previously applied to contaminant exposure data.
We found substantial heterogeneity in occurrence patterns over space
and time among compounds, with most of the variability in occurrence
generally attributed to seasonal differences. Formost compounds, there
was relatively little site-to-site or annual variation in the probability of
occurrence, but substantial heterogeneity in how compounds
responded to environmental drivers. In general, stream discharge had
a relatively weak effect on the probability of occurrence for most com-
pounds, as did the proportion of agriculture land use in the immediate
catchment. We also identified several compounds that exhibited co-
occurrence patterns with other compounds, specifically common agri-
cultural herbicides such as atrazine, metolachlor and simazine. This
was expected due to their use in agricultural landscapes (Gilliom
et al., 2006) and frequent detection within the Chesapeake Bay Water-
shed (McConnell et al., 2007). Furthermore, we did not observe any sig-
nificant occurrence or co-occurrence patterns of hormones in this study.

The weak land use effects are suspected to be attributed to a con-
stant background effect of these compounds in the aquatic environment
and a relatively low number of spatial ‘replicates’ that did not span a
broad enough gradient of land use (i.e., crop vs. animal vs. mixed). For
example, the two compounds detectedmost often in our study, atrazine
and metolachlor, had high probabilities of occurrence and had weak,
nonsignificant associations with increasing agricultural landcover, yet
these compounds are applied frequently across the U.S. (atrazine: 34
million kgs/year; metolachlor: 1–3 million kgs/year; Meyer and
Scribner, 2009; Mahler et al., 2017). Further, weak effects from stream
discharge are suspected to be due to the low detection frequencies of
many chemical compounds as well as single storm events driving the
few non-significant positive relationships. We anticipated that high
flows (as a result of precipitation events) would result in the off-site
transport ofmany chemicals into streams, increasing occurrence proba-
bilities (Thurman et al., 1991; Weston et al., 2009). In contrast to our
predictions, there was no effect of stream discharge on the occurrence
of most contaminants. Furthermore, although stream discharge had a
N90% probability of a positive effect on the occurrence of iprodione,
this relationship is based on a few detections during high flow events.
The negative effect of stream discharge on the occurrence of many
chemical compounds in this studymay be explained by a dilution effect,
reducing the likelihood of detection (Lasagna et al., 2013).

Contaminant occurrence studies are important to gain an increased
understanding of the spatiotemporal variation of contaminants in water-
sheds and because of the potential effects of complex mixtures on sensi-
tive organisms. We were particularly interested in the presence of
chemical contaminants within the context of the observed health issues
and declines in abundance of smallmouth bass populations documented
in several rivers within the Chesapeake Bay Watershed, recognizing that
not only contaminant occurrence but also contaminant concentrations
are important. Recent studies suggest that these potential reproductive
health issuesmay be due to exposure to endocrine disrupting compounds
(often hormones) present in surface water (Blazer et al., 2012, 2014;
Kolpin et al., 2013). The presence of endocrine disrupting compounds
can be captured through the measurement of total estrogenicity, a mea-
surement of estrogenic activity in water (Routledge and Sumpter, 1996;
Balsiger et al., 2010; Baldigo et al., 2014). Therefore, a higher occurrence
of total estrogenicity indicates a more ubiquitous presence of estrogenic
compounds in surfacewater (Avberšek et al., 2013; Pande et al., 2019). Al-
though our results demonstrate a lack of occurrence patterns in hor-
mones, we did observe high occurrence of total estrogenicity suggesting
that other estrogen chemicals (e.g., phytoestrogens) not analyzed in this
study could be contributing to this estrogenic signal. Additionally, the oc-
currence probability of total estrogenicity significantly increased with in-
creasing agricultural landcover, which was not observed with the
chemical compounds. Further, it is interesting that in our study the occur-
rence of total estrogenicity was not greatly affected by changes in stream
discharge, though this lack of effect of streamdischarge does not illustrate
the potential effects of discharge on themagnitude of the total estrogenic
activity in thewater column. Understanding the environmental drivers of
estrogenic activity in surface water is important because research sug-
gests that exposure to endocrine disrupting compounds can have nega-
tive impacts on disease resistance and immunity of fishes (Iwanowicz
and Ottinger, 2009; Milla et al., 2011) leading to increased disease
(Blazer et al., 2010; Walsh et al., 2018) which may ultimately lead to de-
clines in abundance due to low recruitment (Arway and Smith, 2013;
Smith et al., 2015).

Understanding seasonal exposure to contaminants provides a more
complete picture of potential influences on critical life stages of aquatic
organisms. For example, our results demonstrated that several com-
pounds (i.e., atrazine, cholesterol, metolachlor) have higher occurrence
probabilities during the spring and summermonths, which corresponds
to smallmouth bass spawning and egg and fry development. Higher oc-
currence probabilities of pesticides during the spring and summer
months is expected because most agricultural compounds are applied
during the growing season which corresponds to these two seasons.
Cholesterol, an animal and human biochemical which indicates the
presence of animal feeding operations (AFOs) and wastewater treat-
ment plants (WWTPs) in the immediate catchment, had significantly
higher occurrence probabilities during the summer months indicating
a stronger presence of contaminants from AFOs and WWTPs during
this season. This could be a result of total stream discharge being com-
prised of a larger proportion of WWTP discharges during low summer
flows. This pattern is also consistent with findings that 50–90% of veter-
inary pharmaceuticals are excreted by the animal unmetabolized,
therefore suggesting the potential for increased exposure of AFO-
derived contaminants during this season (Burri et al., 2019). Addition-
ally, there were several compounds with higher occurrence probabili-
ties during fall months (i.e., 3,4-DCA, atrazine, bifenthrin, metalaxyl
and simazine). An increase in occurrence probabilities during the fall
season could be explained by several factors including late season pesti-
cide applications, low biodegradation rates, adsorption to soil, and/or
groundwater influx. For example, several agricultural pesticides may
be applied throughout the fall seasons such as metalaxyl and simazine
while other compounds such as bifenthrin easily bind to soils, suggest-
ing that these contaminants can enter surface waters for an extended
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period of time after application (Krausz et al., 2003; Harper et al., 2008;
Zubrod et al., 2019). Further, atrazine and simazine are persistent in the
environment and may come from a potential interaction between
groundwater and surface water (Squillace et al., 1993; Kolpin et al.,
1996; Jablonowski et al., 2011). Understanding contaminant occurrence
patterns during the fall is also important because exposures during this
period could influence egg and sperm development of smallmouth bass
and other fish species (Johnson et al., 1993; Priya and Balu, 2018). In ad-
dition to the seasonal occurrence patterns of contaminants, additional
analysis is warranted on how the concentrations of these contaminants
are changing seasonally (Thurman et al., 1991). For example, Phillips
and Bode (2004) found higher concentrations of pesticides in streams
during high flow events and during months of pesticide application
(i.e., June and September), and that pesticide-specific variation in con-
centration was partly due to different seasonal application periods. In
summary, our results provide a necessary baseline of seasonal occur-
rence patterns in the Chesapeake Bay Watershed, but additional inves-
tigation of concentration patterns will help improve our understanding
of the potential biological effects on aquatic organisms.

In addition to an understanding of seasonal occurrence patterns, re-
search is needed on the co-occurrence as well as the concentrations of
chemical compounds to better address the potential mixture effects
on aquatic organisms. Our study found that atrazine, metolachlor, sima-
zine, and fipronil co-occurred most often in our study streams, consis-
tent with findings by Belden et al. (2007) – who found atrazine and
metolachlor co-occurred in 80% of all chemical mixtures from soybean
and corn row crop streams. Three of these four compounds (atrazine,
metolachlor and simazine) are some of themost heavily used pesticides
in agricultural landscapes and were found in N50% of all surface water
samples from across the U.S. (Gilliom et al., 2006; Steele et al., 2008;
Meyer and Scribner, 2009; Mahler et al., 2017). These chemicals are
often applied together and have similar target crops in agricultural
environments (Lebron et al., 2008; Meyer and Scribner, 2009; Barr
and Buckley, 2011). This joint application may help explain the co-
occurrence patterns we observed across our study sites. Atrazine,
metolachlor, and simazine are known to affect non-target aquatic or-
ganisms in combination with other contaminants (Ware, 1980;
Richardson and Kimura, 2016; Nilsen et al., 2019). For example, when
found in combination with organophosphate insecticides, atrazine in-
creased the uptake rate of chlorpyriphos by 40% through a suspected in-
crease in ventilation by the organismneeded tometabolize atrazine and
other contaminants (Belden and Lydy, 2000; Cedergreen, 2014). A sep-
arate study showed that in surface water metolachlor in combination
with the same organophosphate insecticide, chlorpyrifos, increased tox-
icity to midges (Jin-Clark et al., 2008). Further, studies have shown that
fipronil and neonicotinoid insecticides (often applied together) can be a
harmful combination for both aquatic and terrestrial invertebrates (Pisa
et al., 2015; Smalling et al., 2018). Even though it was not the goal of our
study to quantify biological effects, these examples illustrate that each
of these four compounds that co-occurred in our study have the poten-
tial to negatively affect aquatic organisms in combination with other
pesticides. Again, coupling these occurrence results with an analysis of
chemical concentration will help to better understand the potential bi-
ological effects of contaminant mixtures. For example, Nilsen et al.
(2019) highlights several challenges in identifying and quantifying the
accumulative non-lethal stress on aquatic organisms of chemical mix-
tures, suggesting that there is a need for increased reporting on both oc-
currence and concentrations of contaminants in aquatic environments.
Specifically, Nilsen et al. (2019) identified a need for concentration
addition models that evaluate both low and high concentration scenar-
ios. As such, identifying contaminant co-occurrence patterns in addition
to concentration patterns through models, such as concentration addi-
tionmodels, is important to better understand potential synergistic, ad-
ditive and antagonistic interactions of relevant chemical mixtures, and
specifically their effects on aquatic organisms (Belden et al., 2007;
Cedergreen, 2014; Nilsen et al., 2019).
It is noteworthy, however, that for the majority of chemical com-
pounds in our study, there were no significant residual correlations.
The absence of co-occurrence patterns is surprising given that many of
these compounds are agricultural pesticides. For example, of the 28
compounds analyzed in this study, 20 are classified as agricultural pes-
ticides and 18 were applied within the Chesapeake Bay Watershed at
least once in the three years of interest (2014–2017; USGS, 2016).
Knowing common pesticide application periods is crucial to better doc-
ument the pesticide mixtures applied at times and locations when fish
are most sensitive. Yet, despite these coinciding application periods,
we cannot assume that season of pesticide application is the only expla-
nation for potential compound co-occurrence, in addition to the fact
that this would not explain co-occurrence with hormones. The co-
occurrence of contaminants may vary due to differences in biodegrada-
tion rates or influx of contaminated groundwater (Kolpin et al., 1998,
2000; Biksey and Gross, 2001). For example, Burri et al. (2019)
highlighted the numerous land-derived contaminants threatening
groundwater and aquifers, specifically noting that pesticides are the
most commonly detected contaminant in groundwater. Additionally,
due to the low detection frequencies of many contaminants in our
study, it is difficult to determine accurate co-occurrence patterns. For
example, all of the hormones evaluated in this study (Table A2) were
not detected frequently and therefore co-occurrence patterns did not
arise. Contrary to our findings, Velicu and Suri (2009) observed high oc-
currence of hormones in 21 suburban, agricultural, mixed-use streams
sampled in eastern Pennsylvania, U.S. Specifically, estrone and estriol
were detected in 80%–90% of their samples, whereas estrone was only
detected in surface water at one site in our analysis. We postulate that
if these chemical compounds co-exist on landscapes and yet we are
not seeing their co-occurrence in the aquatic environments, that these
compounds are either remaining in the terrestrial environments, their
persistence in aquatic environments is short-lived or they are occurring
at concentrations below our analytical limits of detection. To better un-
derstand seasonal differences in compound co-occurrence,more informa-
tion is needed on the environmental fate and transport of many of these
compounds. Given these many possibilities, future studies to discern rel-
evant chemical mixtures in the Chesapeake BayWatershed could include
a greater number of sites across both urban as well as crop-dominated
and mixed agricultural (crop and animals) landscapes to fully capture
the range of co-occurrence patterns throughout the watershed.

Finally, our study highlighted a unique approach to studying envi-
ronmental toxicological data through the use a Bayesian hierarchical
joint-contaminant model. Using this approach, ecotoxicological analy-
ses can accommodate the complex spatiotemporal nature of environ-
mental toxicology data, which can help improve our understanding of
the drivers of contaminant occurrence across both space and time.
This modeling approach is extremely flexible and can be applied to
both aquatic and terrestrial environments, making its application
widely generalizable in the field of environmental chemistry.

5. Summary

The statisticalmethodology used in this study is a useful approach to
understand the multivariate nature of environmental contaminants.
The findings on the occurrence and co-occurrence patterns of these
chemicals are an important step forward toward developing a more
comprehensive understanding of the potential role chemical mixtures
may play in affecting biological systems. Using a unique dataset that
spanned multiple river locations and three years, we demonstrated
the heterogeneity in spatiotemporal occurrence patterns of a suite of
chemical compounds in the Chesapeake Bay Watershed. Pesticides
were detected most frequently across all sites, while hormones were
detected less frequently and at fewer sites. The occurrence of total
estrogenicity was significantly affected by increasing agricultural
landcover, yet it was not affected by increasing stream discharge. Addi-
tionally, we found thatmost chemical compounds did not co-occur, and
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those that did co-occur, did so at the site-level. In order to further under-
stand landscape-scale patterns and drivers in chemical compound oc-
currence patterns, future research could examine sites that span a
broader gradient of agricultural and urban landscapes to better evaluate
which landscapes are significantly contributing certain compounds. Fu-
ture research also could include a broader range in target analytes
known to be present in streams across the U.S. such as pesticides
degradates, phytoestrogens, and livestock derived contaminants. Fur-
ther research on analytes is particularly important to better understand
which compounds are contributing to the total estrogenicity measured
in surface water samples. In addition, the multivariate modeling frame-
work that we employed provides insight into occurrence and co-
occurrence patterns that can then beused in conjunctionwith biological
data to help understand the potential ecotoxicological effects of con-
taminants in aquatic environments.
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