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Concentrations at Six U.S. Geological Survey National 
Water Quality Network Sites During Water Years 2013–18

By S. Alex. Covert, Aubrey R. Bunch, Charles G. Crawford, and Gretchen P. Oelsner

Abstract
During water years 2013–18, the U.S. Geological 

Survey National Water-Quality Assessment Project sampled 
the National Water Quality Network for Rivers and Streams 
year-round and reported on 221 pesticides at 72 sites across 
the United States. Pesticides are difficult to measure, their 
concentrations often represent discrete snapshots in time, 
and capturing peak concentrations is expensive. Three types 
of regression models were developed to estimate concentra-
tions for two selected pesticides at each of six National Water 
Quality Network for Rivers and Streams sites. The regression 
models used continuously measured streamflow and water-
quality properties (differing combinations of pH, specific 
conductance, turbidity, and water temperature); discrete water-
quality samples analyzed for atrazine, azoxystrobin, bentazon, 
bromacil, imidacloprid, simazine, and triclopyr; and time as an 
additional explanatory variable for seasonality.

The modeling approaches included (1) a standard regres-
sion that included surrogates (differing combinations of pH, 
specific conductance, turbidity, and water temperature) and 
periodic functions (sine-cosine) of pesticide application 
use as predictor variables; (2) the seasonal wave with flow 
adjustment model that included a seasonal component and 
flow anomalies but excluded surrogates; and (3) the seasonal 
wave with flow adjustment model that included a seasonal 
component, flow anomalies, and surrogates. Models were 
evaluated using three measures of model performance: gener-
alized coefficient of determination (generalized R2), Akaike’s 
Information Criteria, and scale (the estimated standard 
deviation of the tobit regression error term). Because of low 
observation numbers, results from this study can be considered 
a pilot effort with the possibility that some models are overfit.

In all cases, estimated pesticide concentrations modeled 
with base SEAWAVE-Q were better than the standard surro-
gate regression models; all 39 generalized R2 values increased 
by 3–56 percent (median of 25 percent) when compared to 
the standard surrogate regression models, and all Akaike’s 
Information Criteria and scale values decreased. The addition 
of surrogate variables such as pH, specific conductance, tur-
bidity, and water temperature to the base SEAWAVE-Q model 

to improve estimates of pesticide concentrations resulted in 
only modest improvements; generalized R2 values increased 
by only 0–10 percent (median of 3 percent). In some instances, 
combinations of the surrogates produced more appreciative 
improvements in model results, but in those instances, we 
hypothesize that the surrogates correlated with some unknown 
measure that directly relates to pesticide transport.

Introduction
In the United States, more than half a billion pounds 

(more than 226,700,000 kilograms) of pesticides were used 
annually from 2013 to 2017, including the use of more than 
400 different pesticides during any given year, to maintain 
and improve crop production by controlling weeds, insects, 
and other pests (Wieben, 2019). Pesticides can enter rivers 
and streams through transport mechanisms such as shallow 
groundwater transport and runoff from precipitation and 
irrigation. Despite the many benefits that pesticides provide, 
they can potentially harm human and ecological health (Covert 
and others, 2020; Miller and others, 2020, Norman and others, 
2020; Alvarez and others, 2021; Amenyogbe and others, 2021; 
Bradley and others, 2021; Nowell and others, 2021).

During water years (WY) 2013–18, the U.S. Geological 
Survey (USGS) National Water-Quality Assessment Project 
sampled the National Water Quality Network for Rivers and 
Streams (hereafter, referred to as NWQN) year-round and 
reported on 221 pesticides at 72 sites across the United States 
with the goal of better understanding the Nation’s water qual-
ity, including the occurrence of pesticides in natural waters 
(Rowe and others, 2013). A WY begins October 1 of the 
previous calendar year and ends September 30 of the named 
water year. There are a few issues that make measuring pes-
ticide concentrations difficult: (1) the seasonality of pesticide 
concentrations differs from that of most other water-quality 
constituents; (2) the relation between streamflow and pesticide 
concentrations is complex; (3) the use of gas chromatography 
often results in censored data (concentrations that are lower 
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than can be reliably detected by the analytical method used); 
and (4) pesticide sampling frequencies are often intermittent 
or low (Vecchia and others, 2008).

To help address these issues, a parametric regression 
model, SEAWAVE-Q, was specifically developed to analyze 
trends in chemical concentrations in streams with a seasonal 
wave (SEAWAVE), an adjustment for streamflow (Q), and 
other ancillary variables (Vecchia and others, 2008; Ryberg 
and York, 2020). Because of its robustness in fitting the 
seasonal patterns of pesticide occurrence in streams across 
various regions of the United States and its ability to handle 
large amounts of censored concentration data, SEAWAVE-Q 
has been used to analyze pesticide trends in several studies 
(Sullivan and others, 2009; Ryberg and others, 2010; Ryberg 
and others, 2014; Ryberg and Gilliom, 2015; Oelsner and oth-
ers, 2017). Still, two issues remain when measuring pesticide 
concentrations. First, discrete samples are snapshots in time 
and do not always represent extreme concentrations (Norman 
and others, 2020). These discrete samples, then, likely under-
represent potential toxicity. NWQN data collection was not 
intended to characterize the highest concentrations; therefore, 
NWQN data are likely to be underestimates of actual peak 
concentrations. Second, other collection methods, such as 
autosamplers and polar organic chemical integrative samplers, 
can measure these higher extremes, but the number of discrete 
samples needed to estimate extreme pesticide concentrations 
each year would be cost prohibitive for an ambient network 
(Crawford, 2004).

Pesticide surrogate models have the potential to address 
these needs by providing near-real-time estimates of pesticide 
concentrations. For the purposes of this investigation, a sur-
rogate (differing combinations of pH, specific conductance, 
turbidity, and water temperature) is a continuous in-stream 
sensor measurement used to compute or estimate the concen-
tration of a water-quality constituent of greater interest (that 
is, pesticide concentrations; USGS, 2021b). Surrogates also 
have the potential to be easier and (or) cheaper to measure; for 
example, turbidity is regularly used as a surrogate for measur-
ing suspended sediment, and specific conductance is used as a 
surrogate for estimating chloride concentrations (Christensen 
and others, 2000; Ryberg, 2006; Jastram and others, 2009; 
Rasmussen and others, 2009; Wood and Teasdale, 2013). The 
SEAWAVE-Q model already includes variables that represent 
seasonality and streamflow but also allows for other continu-
ously monitored properties such as pH, specific conductance, 
turbidity, and water temperature to be used as surrogate 
variables.

Purpose and Scope
This report documents the development and comparison 

of three types of regression models using data collected 
during WY 2013–18 to estimate selected pesticide concentra-
tions at six USGS streamflow-gaging stations. The modeling 

approaches included (1) a regression that included surrogates 
and periodic functions (sine-cosine) that are commonly used 
to model seasonality in concentration data (hereafter referred 
to as standard surrogate regression); (2) the seasonal wave 
with flow adjustment (SEAWAVE-Q/RCS-4) model that used 
restricted cubic splines (RCS) with four knots and included a 
seasonal component and flow anomalies but excluded surro-
gates (hereafter referred to as base SEAWAVE-Q); and (3) the 
seasonal wave with flow adjustment (SEAWAVE-Q/RCS-4) 
model that used RCS with four knots and included a seasonal 
component, flow anomalies, and surrogates (hereafter referred 
to as SEAWAVE-Q [with surrogates]).

Continuously measured streamflow was used in the base 
SEAWAVE-Q and SEAWAVE-Q (with surrogates) models 
but not in the standard surrogate regression. Continuously 
measured water-quality properties (differing combinations of 
pH, specific conductance, turbidity, and water temperature) 
were used as surrogates in the standard surrogate regression 
and SEAWAVE-Q (with surrogates) models. All three types 
of regression models used discrete water-quality samples 
analyzed for atrazine, azoxystrobin, bentazon, bromacil, 
imidacloprid, simazine, or triclopyr (two pesticides per site) 
and functions of time as additional explanatory variables 
for seasonality. The purpose of this report was to determine 
(1) whether the addition of streamflow and seasonality as 
represented in the base SEAWAVE-Q model produced bet-
ter fit results than the standard surrogate regression mod-
els; and (2) whether the addition of surrogates to the base 
SEAWAVE-Q model produced better fit results than either 
standard surrogate regression or base SEAWAVE-Q models.

Study Design and Methods
The NWQN was established in 2013 and consists of 

sites from a few historical water-quality monitoring networks 
such as the National Water-Quality Assessment, the National 
Stream Quality Accounting Network, and the National 
Monitoring Network with the goal of developing a long-
term, consistent network to track the status and trends of the 
Nation's water quality (Riskin and Lee, 2021). At the time 
of this investigation, the network comprises about 110 sites 
(number of sites may vary slightly among years), including 
74 river and stream sites with pesticide sampling (Lee and 
Reutter, 2019; USGS, 2021a).

NWQN Pesticide Sample Collection

During WY 2013–18, between 12 and 33 depth- and 
width-integrated water samples were collected at each NWQN 
river and stream site using methods described in USGS 
(variously dated). A total of 221 pesticides were analyzed in 
filtered (0.7 μm) water samples at the USGS National Water 
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Quality Laboratory using direct-aqueous injection liquid 
chromatography with tandem mass spectrometry (Sandstrom 
and others, 2015).

Selected Sites, Pesticides, and Surrogates Used 
in Regression Models

Whereas the NWQN analyzed 221 pesticides at 72 
sites across the United States, this investigation analyzed 
12 site-pesticide combinations (two pesticides for each of 
six sites) that were chosen on the basis of the availability of 
pesticide, streamflow, and surrogate data collected from the 
NWQN river and stream sites (fig. 1; table 1). These six sites 
were among seven NWQN sites with continuous water-quality 
monitors. One site, the Ohio River at Olmsted, Illinois, was 
excluded from this study owing to concerns of how well the 
data from the water-quality monitor represented values in the 
channel cross section. Pesticides were analyzed from discrete 
water-quality samples and included frequently detected 
pesticides from several classes: atrazine, bentazon, bromacil, 
simazine, and triclopyr (herbicides); imidacloprid (insecti-
cide); and azoxystrobin (fungicide). Similarly, this study also 
selected four continuously measured water-quality properties 

(differing combinations of pH, specific conductance, turbidity, 
and water temperature including 1-day anomaly values for 
each) as potential explanatory variables (in other words, surro-
gates; table 2) in pesticide concentration regression models on 
the basis of the availability of continuous data at the NWQN 
pesticide sites. Pesticide concentration, streamflow, and 
surrogate data (continuously measured field parameters) are 
available online from the USGS National Water Information 
System database (USGS, 2020) and the USGS data release 
associated with this report (Perkins and Bunch, 2022).

Pesticide and Surrogate Data Preparation for 
Regression Models

The processes for retrieving and preparing data  
for regression models followed those outlined in the  
SEAWAVE-Q R package documentation (Ryberg and  
Vecchia, 2013; Ryberg and York, 2020). The R package  
water Data (Ryberg and Vecchia, 2012) was used to import 
daily mean values for streamflow and either daily mean or 
daily median values for continuous water-quality constituents 
directly into R, depending on what data were available at each 
site. The waterData package was used to screen for missing 
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Figure 1. Map of six pesticide trend sites in the National Water Quality Network during water years 2013–18.
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daily mean streamflow values (no missing values were found 
for the sites) and to calculate short-term (1 day) and mid-
term (30 day) anomalies for flow and short-term anomalies 
(1 day) for each water-quality variable. A midterm streamflow 
anomaly, for instance, is the deviation of concurrent daily 
streamflow from average conditions for the previous 30 days 
(Vecchia and others, 2008). Anomalies were calculated as 
additional potential model variables.

Pesticide concentrations for select constituents from each 
site were imported to R using the dataRetrieval package (De 
Cicco and others, 2018). Three of the six sites (Kansas River 
at DeSoto, Kansas; Missouri River at Hermann, Missouri; 
and White River at Hazleton, Indiana) used pesticide data 
for WY 2013–17 whereas the other three sites (Fanno Creek 
at Durham, Oregon; Little Arkansas River near Sedgwick, 
Kansas; and Red River of the North at Grand Forks, North 
Dakota) used pesticide data for WY 2013–18 (table 3). 
Replicate samples were inadvertently included in the analy-
sis at two sites: three samples at Little Arkansas River near 
Sedgwick, Kansas, and nine samples at Kansas River at 
DeSoto, Kansas. Discrete pesticide data were matched with 
daily mean streamflow and daily mean or median water-
quality constituents and the associated calculated short-term 
(1-day) and midterm (30-day) anomalies from the date of 
sampling. The matched data were then used to assess selected 
combinations of variables in the regression models (table 2).

Statistical Methods for Analyzing Trends in 
Pesticide Concentrations

Three types of regression models were developed to 
estimate concentrations for two selected pesticides at each of 
six NWQN sites.

Table 1. Site information for six sites in the National Water Quality Network during water years 2013–18.

[USGS, U.S. Geological Survey; ID, identification]

USGS station 
number

Site ID Site name Decimal latitude Decimal longitude
Drainage area 
(square mile)

14206950 FC Fanno Creek at Durham, Oregon 45.40345200 −122.75481850 31.5
03374100 HAZ White River at Hazleton, Indiana 38.48976950 −87. 55002269 11,305
06892350 KR Kansas River at DeSoto, Kansas 38.98333750 −94.96468930 59,756
07144100 LAR Little Arkansas River near Sedgwick, Kansas 37.88306739 −97.42448640 1,239
06934500 MR Missouri River at Hermann, Missouri 38.70980556 −91.43850000 522,500
05082500 RR Red River of the North at Grand Forks,  

North Dakota
47.92692340 −97.02924350 30,100

Table 2. Combinations of surrogate variables used in the 
standard surrogate regression and SEAWAVE-Q (with surrogates) 
models at six National Water Quality Network sites during water 
years 2013–18.

[mtfa, midterm flow anomalies computed using 30 days of daily streamflow; 
stfa, short-term flow anomalies computed using 1 day of daily streamflow; 
TBY, daily median turbidity; SC, daily mean specific conductance; 
Temp, daily mean water temperature; pH, daily median pH; SC1d, short-
term specific conductance anomalies computed using 1 day of daily specific 
conductance values; pH1d, short-term pH anomalies computed using 1 day of 
daily pH values; TBY1d, short-term turbidity anomalies computed using 1 day 
of daily turbidity values]

Surrogate variable group Model variables

1 mtfa, stfa
2 TBY, mtfa, stfa
3 SC, mtfa, stfa
4 SC, TBY, mtfa, stfa
5 Temp, mtfa, stfa
6 Temp, SC, mtfa, stfa
7 Temp, TBY, mtfa, stfa
8 Temp, TBY, SC mtfa, stfa
9 pH, mtfa, stfa
10 pH, SC, mtfa, stfa
11 pH, Temp, mtfa, stfa
12 pH, TBY, mtfa, stfa
13 pH, SC, Temp, mtfa, stfa
14 pH, SC, TBY, mtfa, stfa
15 pH, Temp, TBY, mtfa, stfa
16 pH, SC, Temp, TBY, mtfa, stfa
17 SC1d, mtfa, stfa
18 pH1d, mtfa, stfa
19 TBY1d, mtfa, stfa
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Standard Surrogate Regression Model
The first type of regression model from Helsel and 

others (2020) included surrogates and periodic functions 
(sine-cosine) that are commonly used to model seasonality 
in concentration data (Ryberg and York, 2020). The model is 
expressed as the following:

 Y = β0 + β1 ⋅ sin(2πT) + β2 ⋅ cos(2πT) + β3 ⋅ X1 + β4 ⋅ X2 + 
… βn ⋅ Xn + ε, (1)

where
 Y is pesticide concentration, in micrograms 

per liter;
 T is decimal time, in years;
 sin is the trigonometric sine function;
 cos is the trigonometric cosine function;
 π is the mathematical constant pi;
 β0, β1, … are regression coefficients;
 X1, X2, … are explanatory variables such as pH, specific 

conductivity, water temperature, or 
turbidity; and

 ε are residuals.

The standard surrogate regression model (eq. 1) was 
fitted to the pesticide data using maximum likelihood meth-
ods for censored data (tobit regression). The function survreg 
from the R package survival, version 3.2–7 (Therneau, 2020), 
was used to perform the tobit regressions. Version 4.02 of R 
(R Core Team, 2020) was used to develop the tobit regression.

Base SEAWAVE-Q and SEAWAVE-Q (With 
Surrogates) Models

The second (base SEAWAVE-Q) and third (SEAWAVE-
Q [with surrogates]) types of regression models in this study 
used the seasonal wave with flow adjustment (SEAWAVE-Q/
RCS-4) model that included a seasonal component and flow 

anomalies (Vecchia and others, 2008; Sullivan and others, 
2009; Ryberg and others, 2010, 2014; Ryberg and Vecchia, 
2013). The only difference between the two models was that 
the base SEAWAVE-Q model did not include surrogates 
whereas the SEAWAVE-Q (with surrogates) model included 
differing combinations of pH, specific conductance, turbid-
ity, and water temperature as explanatory variables (table 2). 
The original SEAWAVE-Q model assumes linear trends, but 
an RCS option was added that allows the time variable in 
SEAWAVE-Q to be split up, with “knots” defining the end 
of one segment and the start of the next, which is important 
when measuring pesticides that sometimes have nonlinear 
changes in usage (Ryberg and York, 2020). The development 
of the SEAWAVE-Q functionality for RCS models found 
that four knots were sufficient (Ryberg and York, 2020). All 
pesticide concentration estimates in this study using the base 
SEAWAVE-Q or SEAWAVE-Q (with surrogates) models 
included the RCS option using four knots and are expressed as 
the following:

 log C(t) = β0 + β1 W(t) + β2 LTFA(t) + β3 MTFA(t) +  
β4 STFA(t) + β5 S1(t) + β6 S2(t) + … + β4+k−1 Sk(t) + η(t), (2)

where
 log denotes the base-10 logarithm;
 C is pesticide concentration, in micrograms 

per liter;
 t is decimal time, in years, with respect to an 

arbitrary time origin;
 β0, β1, … are regression coefficients;
 W is a seasonal wave representing periodic 

(seasonal) variability in concentration;
 LTFA, MTFA, 
 and STFA are dimensionless long-term, midterm, and 

short-term streamflow anomalies computed 
from daily streamflow;

 Sk are cubic spline components;
 k is the number of knots; and
 η(t) is the model error.

Table 3. Number of observations with censored data for 12 National Water Quality Network site-pesticide combinations during water 
years 2013–18.

[Values in parentheses are the percentage of censored values. ID, identification; FC, Fanno Creek at Durham, Oregon; -, not applicable; %, percent; *, Pesticides 
analyzed for water years 2013–17; HAZ, White River at Hazleton, Indiana; KR, Kansas River at DeSoto, Kansas; LAR, Little Arkansas River near Sedgwick, 
Kansas; MR, Missouri River at Hermann, Missouri; RR, Red River of the North at Grand Forks, North Dakota]

Site ID 
(table 1)

Total number of 
observations

Atrazine Azoxystrobin Bentazon Bromacil Imidacloprid Simazine Triclopyr

FC 152 - - - - - 24 (15.8%) 19 (12.5%)
HAZ* 89 0 (0) - - - 13 (14.6%) - -
KR* 83 0 (0) 2 (2.4%) - - - - -
LAR 111 1 (0.9%) - - 5 (4.5%) - - -
MR* 70 0 (0) 7 (10.0%) - - - - -
RR 82 3 (3.7%) - 3 (3.7%) - - - -
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The base SEAWAVE-Q and SEAWAVE-Q (with sur-
rogates) models (eq. 2) were fitted to the pesticide data by 
maximum likelihood methods for censored data (Sullivan and 
others, 2009) using the statistical software R, version 4.0.3 
(R Core Team, 2020), and the R extension package seawaveQ, 
version 2.0.2 (Ryberg and Vecchia, 2013; Ryberg and York, 
2020). Surrogates were included in the SEAWAVE-Q and 
SEAWAVE-Q (with surrogates) models by calculating dimen-
sionless anomalies using the waterData package, which were 
used as ancillary variables (Ryberg and Vecchia, 2012).

Regression Model Comparison Criteria

Continuous streamflow, pH, specific conductance, turbid-
ity, and water temperature data were compiled where discrete 
pesticide data co-occurred at six sites. Because of missing 
observations for one or more of the variables, the number of 
co-occurring observations was typically less than the pos-
sible total. This, in addition to some samples having cen-
sored pesticide data, reduced sample sizes, which can result 
in overfit models if minimum sampling criteria are not met. 
Overfit models adhere too closely to the idiosyncrasies of a 
particular dataset that do not really appear in the population of 
data being modeled (Babyak, 2004). One way to guard against 
overfitting is to have an adequate number of sample observa-
tions per each explanatory variable in the model. A long-used 
rule of thumb is 10–15 observations per explanatory variable 
(Babyak, 2004). Green (1991) recommended 50 observations 
plus 8 additional observations for each explanatory variable. 
Vecchia and others (2008) determined SEAWAVE-Q could 
be used to model pesticide trends for as few as 10 uncensored 
concentrations during a 3-year period, assuming a sampling 
frequency of 15 samples per year. In another analysis, Vecchia 
and others (2009) used sample sizes from 57 to 103 during 
a 7-year period with a percentage of the samples censored 
ranging from 0 to 76 percent. In Ryberg and others (2014), 
the minimum sampling criteria for a particular site during 
a 10-year trend period was considered to be (1) at least 10 
uncensored values, (2) at least 5 years of samples, (3) 6 or 
more samples in at least 2 of the first 5 years of the period, 
and (4) 6 or more samples in at least 2 of the last 5 years of 
the period.

In this study, (1) sample sizes ranged from 70 to 152, 
(2) the number of uncensored values ranged from 63 to 133, 
and (3) the percentage of censored values ranged from 0 
to 15.8 percent (table 3); however, this trend application of 
SEAWAVE-Q did not involve the addition of surrogate vari-
ables. The number of observations available for the surrogate 
models evaluated in this study is mostly at or below the lower 
range of what is typically considered adequate for empirical 
model building; thus, results from this study can be considered 
a pilot effort with the possibility that some models are overfit, 
and not desired for prediction purposes.

Models were evaluated using three measures of model 
performance—the generalized coefficient of determina-
tion (R2), Akaike’s Information Criteria (AIC), and scale—and 
used to select best fit models. The generalized R2 is used as a 
measure of goodness-of-fit and as a criterion for model selec-
tion (Allison, 1995, p. 247–249; Ryberg and York, 2020). In 
model selection, the goal is to maximize the generalized R2. 
The AIC is another criterion for model selection (Akaike, 
1974). The AIC estimates the quality of each model relative 
to each of the other models. In model selection, the goal is to 
minimize the AIC. If the difference between the model with 
the lowest AIC and a competing model is less than two, there 
is little evidence that one model performs better than the 
other. If the difference is greater than 10, there is substantial 
evidence that the model with the lowest AIC performs bet-
ter. Differences between 2 and 10 are less conclusive about 
one model performing better than another (Burnham and 
Anderson, 2004). Scale (the estimated standard deviation of 
the tobit regression error term) is another criterion for model 
selection. It is analogous to the standard deviation of the 
residuals in an ordinary linear regression. As scale increases, 
the model error increases, indicating more uncertainty in the 
model fit; therefore, in model selection, the goal is to minimize 
the scale.

Surrogate Variables Selection

Pesticide concentrations were estimated with the 
SEAWAVE-Q (with surrogates) model using 19 combinations 
of surrogate variables (table 2) at each of 12 site-pesticide 
combinations (table 3). The three to four best fit SEAWAVE-Q 
(with surrogates) models with sample sizes at least five times 
the number of variables were selected for each site-pesticide 
combination based on generalized R2 values—the higher 
R2 value, the better (hereafter referred to as site-pesticide-
surrogate instances; table 4). If generalized R2 values were 
the same, the model with the lower AIC value was used. The 
standard surrogate regression and base SEAWAVE-Q models 
were then applied using the same samples that were used for 
each of the best fit SEAWAVE-Q (with surrogates) models so 
that direct comparisons could be made for each site-pesticide-
surrogate instance. Datasets of discrete pesticide concentra-
tions and values of surrogate variables for each site-pesticide-
surrogate instance in table 4 are available as a USGS data 
release (Perkins and Bunch, 2022). Discrete pesticide concen-
trations and daily means or medians of continuously measured 
surrogates at each site can be found in the USGS National 
Water Information System database using the station numbers 
in table 1 (USGS, 2020).
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Results
Models were evaluated and compared using the general-

ized coefficient of determination (generalized R2), Akaike’s 
Information Criteria, and scale. First, the results from the 
standard regression models were compared to the base 
SEAWAVE-Q modeling results. Then, the base SEAWAVE-Q 
results were compared to the SEAWAVE-Q (with surrogates) 
results and presented by pesticide analyte.

Comparison of Standard Regression Models to 
Base SEAWAVE-Q

For all site-pesticide-surrogate instances, estimated 
pesticide concentrations modeled with base SEAWAVE-Q 
were better than concentrations modeled with the standard 
surrogate regression model. The model-performance values 
indicated that base SEAWAVE-Q produced the best fit models. 
All 39 generalized R2 values increased—explaining 3 to 
56 percent (median of 25 percent) more variation in the data—
when compared to the standard surrogate regression models. 
Generalized R2 values increase only when added variables 
improve the model fit more than expected by chance alone. 
Likewise, all 39 AIC and scale values decreased (indicated 
by the lightest blue-shaded cells and the § symbol in table 4), 
indicating that the added variables improved the model fit and, 
thus, that the base SEAWAVE-Q models explained more of the 
variability than the standard regression models (without the 
added variables).

Comparison of Base SEAWAVE-Q to 
SEAWAVE-Q (With Surrogates)

The addition of surrogate variables to the base 
SEAWAVE-Q model also increased generalized R2 values but 
explained a median of only 3 percent more of the variation in 
the data. The SEAWAVE-Q (with surrogates) model resulted 
generally in modest improvements to model-performance val-
ues and thus, to pesticide concentration estimates (indicated by 
the lightest blue-shaded cells and the § symbol in table 4).

The following results are presented by pesticide analyte. 
Each site-pesticide-surrogate instance in table 4 has a different 
number of observations because of incomplete datasets where 
continuously measured surrogate data were missing. This 
makes site-to-site and surrogate-to-surrogate comparisons dif-
ficult to assess. The only direct comparisons that can be made 
are among the results of the three regression model types for 
each individual site-pesticide-surrogate instance (table 4).

Atrazine
Adding surrogates to the base SEAWAVE-Q model 

moderately improved estimates of atrazine concentrations. 
Generalized R2 values explained a median of 6 percent more 
variation in the data for 14 of 15 site-pesticide-surrogate 
instances. Likewise, AIC and scale values decreased for 14 
of 15 site-pesticide-surrogate instances (table 4). One site-
pesticide-surrogate instance for atrazine (no. 18 surrogate 
variable group at HAZ in table 4) resulted in an AIC value 
that increased, though not by more than 2 AIC units, indicat-
ing there is little evidence that one model performs better 
than the other. For this same site-pesticide-surrogate instance, 
the generalized R2 value and the scale value stayed the same, 
again indicating that the addition of the surrogate had neither a 
positive nor a negative effect on the model.

As an example of the estimated daily pesticide concentra-
tions, figures 2A and 2B show model results for atrazine with 
and without a surrogate (1-day anomaly in pH) and in com-
parison to observed concentrations at two sites: White River 
at Hazleton, Indiana, and Kansas River at DeSoto, Kansas, 
respectively. The base SEAWAVE-Q estimates of pesticide 
concentrations using only flow anomalies (red line in figs. 2A 
and 2B) were able to capture some of the seasonal variability 
in atrazine concentrations. The addition of the 1-day anomaly 
in pH as a surrogate (green line) did not improve the estimated 
atrazine concentrations at the White River at Hazleton site 
(fig. 2A), as the estimated concentrations with and without 
the surrogate are nearly identical. Gaps in the availability 
of the surrogate data are represented by the red line (base 
SEAWAVE-Q model) in figure 2A; however, at Kansas River 
at DeSoto, Kansas, the addition of the surrogate did result in 
modest improvements to estimated atrazine concentrations, 
better capturing the overall observed pattern of concentrations 
as well as individual high and low concentrations (fig. 2B).

Azoxystrobin
Adding surrogates to the azoxystrobin base SEAWAVE-

Q model had mixed effects on the model's performance. Four 
generalized R2 values (out of six site-pesticide-surrogate 
instances) for azoxystrobin remained the same, whereas the 
other two instances improved slightly by explaining only 1 
and 4 percent more of the variation in the data, respectively 
(table 4). Likewise, AIC values increased for five of six site-
pesticide-surrogate instances, indicating a decline in model 
performance for those instances when surrogates were added 
(table 4). Three of the six scale values increased or remained 
unchanged.
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Table 4. Model-performance results for 12 National Water Quality Network site-pesticide combinations during water years 2013–18 using three general indicators of 
reliability—the generalized coefficient of determination, Akaike’s Information Criteria, and scale.

[Blue-shaded cells represent a comparison of indicator results between (1) B models and A models and (2) C models and B models. The lightest color indicates an improvement in model performance when 
using (1) B models versus A models or (2) C models versus B models. The darkest color represents a decline in model performance when using (1) B models versus A models or (2) C models versus B models. 
The intermediate color indicates no change. These changes in model performance are also noted by the symbols §, §§, and §§§. Site abbreviations: FC, Fanno Creek at Durham, Oregon; HAZ, White River at 
Hazleton, Indiana; KR, Kansas River at DeSoto, Kansas; LAR, Little Arkansas River near Sedgwick, Kansas; MR, Missouri River at Hermann, Missouri; RR, Red River of the North at Grand Forks, North 
Dakota. Variable abbreviations: TEMP, daily mean water temperature; TBY, daily median turbidity; SC, daily mean specific conductance; mtfa, midterm flow anomalies computed using 30 days of daily 
streamflow; stfa, short-term flow anomalies computed using 1 day of daily streamflow; pH1d, short-term pH anomalies computed using 1 day of daily pH values; pH, daily median pH; TBY1d, short-term tur-
bidity anomalies computed using 1 day of daily turbidity values; SC1d, short-term specific conductance anomalies computed using 1 day of daily specific conductance values. ID, identification; R2, generalized 
coefficient of determination; AIC, Akaike’s Information Criteria*]

Site ID 
(table 1)

Pesticide

(A) Standard surrogate model (B) Base SEAWAVE-Q model§ (C) SEAWAVE-Q model (with surrogates)§

Number of 
observations

R  2 AIC Scale
Variables 
in model

R  2 AIC Scale
Variables 
in model*

R2 AIC Scale
Variables 
in model*

Surrogate 
variable 
group†

HAZ‡ Atrazine 58 0.63 174.02 0.961 TEMP, 
TBY, 
SC

0.82 36.38 0.288 mtfa, stfa 0.85 33.76 0.268 TEMP, 
TBY, 
SC, 
mtfa, 
stfa

8

HAZ‡ Atrazine 53 0.59 156.58 0.965 pH1d 0.84 23.22 0.259 mtfa, stfa 0.84§§ 25.20§§§. 0.259§§ pH1d, mtfa, 
stfa

18

HAZ‡ Atrazine 61 0.64 177.91 0.943 TEMP, 
TBY

0.83 34.78 0.282 mtfa, stfa 0.85 30.63 0.264 TEMP, 
TBY, 
mtfa,stfa

7

KR‡ Atrazine 68 0.44 130.13 0.568 pH, SC, 
TEMP

0.59 −1.95 0.212 mtfa, stfa 0.69 −14.50 0.185 pH, SC, 
TEMP, 
mtfa, 
stfa

13

KR‡ Atrazine 68 0.43 129.94 0.576 TEMP, 
SC

0.59 −1.95 0.212 mtfa, stfa 0.68 −14.48 0.188 TEMP, SC, 
mtfa, 
stfa

6

KR‡ Atrazine 70 0.43 133.75 0.577 pH, SC 0.60 −4.03 0.210 mtfa, stfa 0.66 −12.26 0.192 pH, SC, 
mtfa, 
stfa

10

LAR Atrazine 70 0.50 237.38 1.193 pH, 
TEMP, 
TBY

0.54 118.86 0.503 mtfa, stfa 0.62 112.27 0.459 pH, TEMP, 
TBY, 
mtfa, 
stfa

15

LAR Atrazine 64 0.51 221.42 1.204 pH, SC, 
TEMP, 
TBY

0.54 112.63 0.513 mtfa, stfa 0.62 107.62 0.463 pH, SC, 
TEMP, 
TBY, 
mtfa, 
stfa

16



Results 
 

9
Table 4. Model-performance results for 12 National Water Quality Network site-pesticide combinations during water years 2013–18 using three general indicators of 
reliability—the generalized coefficient of determination, Akaike’s Information Criteria, and scale.—Continued

[Blue-shaded cells represent a comparison of indicator results between (1) B models and A models and (2) C models and B models. The lightest color indicates an improvement in model performance when 
using (1) B models versus A models or (2) C models versus B models. The darkest color represents a decline in model performance when using (1) B models versus A models or (2) C models versus B models. 
The intermediate color indicates no change. These changes in model performance are also noted by the symbols §, §§, and §§§. Site abbreviations: FC, Fanno Creek at Durham, Oregon; HAZ, White River at 
Hazleton, Indiana; KR, Kansas River at DeSoto, Kansas; LAR, Little Arkansas River near Sedgwick, Kansas; MR, Missouri River at Hermann, Missouri; RR, Red River of the North at Grand Forks, North 
Dakota. Variable abbreviations: TEMP, daily mean water temperature; TBY, daily median turbidity; SC, daily mean specific conductance; mtfa, midterm flow anomalies computed using 30 days of daily 
streamflow; stfa, short-term flow anomalies computed using 1 day of daily streamflow; pH1d, short-term pH anomalies computed using 1 day of daily pH values; pH, daily median pH; TBY1d, short-term tur-
bidity anomalies computed using 1 day of daily turbidity values; SC1d, short-term specific conductance anomalies computed using 1 day of daily specific conductance values. ID, identification; R2, generalized 
coefficient of determination; AIC, Akaike’s Information Criteria*]

Site ID 
(table 1)

Pesticide

(A) Standard surrogate model (B) Base SEAWAVE-Q model§ (C) SEAWAVE-Q model (with surrogates)§

Number of 
observations

R  2 AIC Scale
Variables 
in model

R  2 AIC Scale
Variables 
in model*

R2 AIC Scale
Variables 
in model*

Surrogate 
variable 
group†

LAR Atrazine 64 0.51 219.42 1.204 pH, SC, 
TBY

0.54 112.63 0.513 mtfa, stfa 0.62 106.61 0.467 pH, SC, 
TBY, 
mtfa, 
stfa

14

MR‡ Atrazine 52 0.67 118.36 0.686 TBY1d 0.78 15.66 0.241 mtfa, stfa 0.84 1.28 0.206 TBY1d, 
mtfa,stfa

19

MR‡ Atrazine 54 0.61 135.24 0.757 pH, 
TEMP

0.81 10.92 0.231 mtfa, stfa 0.84 5.53 0.212 pH, TEMP, 
mtfa, 
stfa

11

MR‡ Atrazine 59 0.64 141.24 0.711 TEMP, 
TBY, 
SC

0.80 11.88 0.234 mtfa, stfa 0.84 2.42 0.205 TEMP, 
TBY, 
SC mtfa, 
stfa

8

RR Atrazine 66 0.62 169.23 0.773 pH, SC, 
TEMP, 
TBY

0.81 18.33 0.237 mtfa, stfa 0.86 4.77 0.197 pH, SC, 
TEMP, 
TBY, 
mtfa, 
stfa

16

RR Atrazine 66 0.55 178.53 0.842 pH, 
TEMP, 
TBY

0.81 18.33 0.237 mtfa, stfa 0.85 9.12 0.207 pH, TEMP, 
TBY, 
mtfa, 
stfa

15

RR Atrazine 68 0.57 180.55 0.823 TEMP, 
TBY, 
SC

0.81 17.12 0.235 mtfa, stfa 0.86 5.91 0.203 TEMP, 
TBY, 
SC mtfa, 
stfa

8

KR‡ Azoxystrobin 61 0.29 117.53 0.584 pH1d 0.70 −28.80 0.165 mtfa, stfa 0.70§§ −28.26§§§. 0.163 pH1d, mtfa, 
stfa

18
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Table 4. Model-performance results for 12 National Water Quality Network site-pesticide combinations during water years 2013–18 using three general indicators of 
reliability—the generalized coefficient of determination, Akaike’s Information Criteria, and scale.—Continued

[Blue-shaded cells represent a comparison of indicator results between (1) B models and A models and (2) C models and B models. The lightest color indicates an improvement in model performance when 
using (1) B models versus A models or (2) C models versus B models. The darkest color represents a decline in model performance when using (1) B models versus A models or (2) C models versus B models. 
The intermediate color indicates no change. These changes in model performance are also noted by the symbols §, §§, and §§§. Site abbreviations: FC, Fanno Creek at Durham, Oregon; HAZ, White River at 
Hazleton, Indiana; KR, Kansas River at DeSoto, Kansas; LAR, Little Arkansas River near Sedgwick, Kansas; MR, Missouri River at Hermann, Missouri; RR, Red River of the North at Grand Forks, North 
Dakota. Variable abbreviations: TEMP, daily mean water temperature; TBY, daily median turbidity; SC, daily mean specific conductance; mtfa, midterm flow anomalies computed using 30 days of daily 
streamflow; stfa, short-term flow anomalies computed using 1 day of daily streamflow; pH1d, short-term pH anomalies computed using 1 day of daily pH values; pH, daily median pH; TBY1d, short-term tur-
bidity anomalies computed using 1 day of daily turbidity values; SC1d, short-term specific conductance anomalies computed using 1 day of daily specific conductance values. ID, identification; R2, generalized 
coefficient of determination; AIC, Akaike’s Information Criteria*]

Site ID 
(table 1)

Pesticide

(A) Standard surrogate model (B) Base SEAWAVE-Q model§ (C) SEAWAVE-Q model (with surrogates)§

Number of 
observations

R  2 AIC Scale
Variables 
in model

R  2 AIC Scale
Variables 
in model*

R2 AIC Scale
Variables 
in model*

Surrogate 
variable 
group†

KR‡ Azoxystrobin 72 0.18 140.18 0.598 TEMP 0.51 −10.48 0.199 mtfa, stfa 0.55 −14.49 0.191 TEMP, 
mtfa, 
stfa

5

KR‡ Azoxystrobin 74 0.20 144.52 0.600 pH 0.55 −14.44 0.195 mtfa, stfa 0.55§§ −12.70§§§. 0.195§§ pH, mtfa, 
stfa

9

MR‡ Azoxystrobin 52 0.13 140.73 0.850 TBY1d 0.65 24.64 0.252 mtfa, stfa 0.66 26.47§§§. 0.252§§ TBY1d, 
mtfa, 
stfa

19

MR‡ Azoxystrobin 59 0.10 146.93 0.772 SC 0.61 15.56 0.233 mtfa, stfa 0.61§§ 146.93§§§. 0.772§§§. SC, mtfa, 
stfa

3

MR‡ Azoxystrobin 68 0.08 181.00 0.851 TBY 0.62 27.97 0.255 mtfa, stfa 0.62§§ 29.55§§§. 0.254 TBY, mtfa, 
stfa

2

RR Bentazon 66 0.43 152.57 0.681 pH, SC, 
TEMP, 
TBY

0.70 2.80 0.216 mtfa, stfa 0.73 3.67§§§. 0.204 pH, SC, 
TEMP, 
TBY, 
mtfa, 
stfa

16

RR Bentazon 66 0.38 155.60 0.707 pH, SC, 
TBY

0.70 2.80 0.216 mtfa, stfa 0.73 2.77 0.205 pH, SC, 
TBY, 
mtfa, 
stfa

14

RR Bentazon 70 0.45 156.48 0.669 pH, SC, 
TEMP

0.70 1.96 0.216 mtfa, stfa 0.73 −0.77 0.202 pH, SC, 
TEMP, 
mtfa, 
stfa

13

RR Bentazon 70 0.41 158.90 0.691 pH, SC 0.70 1.96 0.216 mtfa, stfa 0.73 −1.48 0.204 pH, SC, 
mtfa, 
stfa

10
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Table 4. Model-performance results for 12 National Water Quality Network site-pesticide combinations during water years 2013–18 using three general indicators of 
reliability—the generalized coefficient of determination, Akaike’s Information Criteria, and scale.—Continued

[Blue-shaded cells represent a comparison of indicator results between (1) B models and A models and (2) C models and B models. The lightest color indicates an improvement in model performance when 
using (1) B models versus A models or (2) C models versus B models. The darkest color represents a decline in model performance when using (1) B models versus A models or (2) C models versus B models. 
The intermediate color indicates no change. These changes in model performance are also noted by the symbols §, §§, and §§§. Site abbreviations: FC, Fanno Creek at Durham, Oregon; HAZ, White River at 
Hazleton, Indiana; KR, Kansas River at DeSoto, Kansas; LAR, Little Arkansas River near Sedgwick, Kansas; MR, Missouri River at Hermann, Missouri; RR, Red River of the North at Grand Forks, North 
Dakota. Variable abbreviations: TEMP, daily mean water temperature; TBY, daily median turbidity; SC, daily mean specific conductance; mtfa, midterm flow anomalies computed using 30 days of daily 
streamflow; stfa, short-term flow anomalies computed using 1 day of daily streamflow; pH1d, short-term pH anomalies computed using 1 day of daily pH values; pH, daily median pH; TBY1d, short-term tur-
bidity anomalies computed using 1 day of daily turbidity values; SC1d, short-term specific conductance anomalies computed using 1 day of daily specific conductance values. ID, identification; R2, generalized 
coefficient of determination; AIC, Akaike’s Information Criteria*]

Site ID 
(table 1)

Pesticide

(A) Standard surrogate model (B) Base SEAWAVE-Q model§ (C) SEAWAVE-Q model (with surrogates)§

Number of 
observations

R  2 AIC Scale
Variables 
in model

R  2 AIC Scale
Variables 
in model*

R2 AIC Scale
Variables 
in model*

Surrogate 
variable 
group†

LAR Bromacil 98 0.05 314.01 1.141 SC1d 0.52 99.91 0.359 mtfa, stfa 0.52§§ 19.33 0.227 SC1d, 
mtfa, 
stfa

17

LAR Bromacil 102 0.09 318.89 1.100 SC 0.52 101.44 0.356 mtfa, stfa 0.52§§ 18.77 0.228 SC, mtfa, 
stfa

3

LAR Bromacil 97 0.12 303.75 1.089 SC, TBY 0.51 100.73 0.362 mtfa, stfa 0.51§§ 18.98 0.228 SC, TBY, 
mtfa, 
stfa

4

HAZ‡ Imidacloprid 43 0.24 100.82 0.696 TBY1d 0.57 27.57 0.248 mtfa, stfa 0.57§§ 29.57§§§. 0.248§§ TBY1d, 
mtfa,stfa

19

HAZ‡ Imidacloprid 53 0.26 112.89 0.639 pH1d 0.53 29.05 0.241 mtfa, stfa 0.58 25.44 0.227 pH1d, mtfa, 
stfa

18

HAZ‡ Imidacloprid 58 0.31 129.95 0.669 pH, TBY 0.54 33.72 0.251 mtfa, stfa 0.56 36.04§§§. 0.249 pH, TBY, 
mtfa,stfa

12

HAZ‡ Imidacloprid 58 0.33 130.17 0.659 pH, 
TEMP, 
TBY

0.54 33.72 0.251 mtfa, stfa 0.56 37.57§§§. 0.246 pH, TEMP, 
TBY, 
mtfa, 
stfa

15

FC Simazine 103 0.09 313.60 1.056 pH1d 0.57 95.05 0.338 mtfa, stfa 0.59 92.13 0.332 pH1d, mtfa, 
stfa

18

FC Simazine 114 0.07 350.58 1.078 SC1d 0.59 99.64 0.332 mtfa, stfa 0.59§§ 101.55§§§. 0.332§§ SC1d, 
mtfa, 
stfa

17

FC Simazine 146 0.02 454.53 1.101 SC, TBY 0.58 126.85 0.339 mtfa, stfa 0.58§§ 134.16§§§. 0.340§§§. SC, TBY, 
mtfa, 
stfa

4

FC Triclopyr 98 0.30 236.10 0.767 TBY1d 0.46 83.31 0.329 mtfa, stfa 0.48 81.41 0.322 TBY1d, 
mtfa,stfa

19
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Table 4. Model-performance results for 12 National Water Quality Network site-pesticide combinations during water years 2013–18 using three general indicators of 
reliability—the generalized coefficient of determination, Akaike’s Information Criteria, and scale.—Continued

[Blue-shaded cells represent a comparison of indicator results between (1) B models and A models and (2) C models and B models. The lightest color indicates an improvement in model performance when 
using (1) B models versus A models or (2) C models versus B models. The darkest color represents a decline in model performance when using (1) B models versus A models or (2) C models versus B models. 
The intermediate color indicates no change. These changes in model performance are also noted by the symbols §, §§, and §§§. Site abbreviations: FC, Fanno Creek at Durham, Oregon; HAZ, White River at 
Hazleton, Indiana; KR, Kansas River at DeSoto, Kansas; LAR, Little Arkansas River near Sedgwick, Kansas; MR, Missouri River at Hermann, Missouri; RR, Red River of the North at Grand Forks, North 
Dakota. Variable abbreviations: TEMP, daily mean water temperature; TBY, daily median turbidity; SC, daily mean specific conductance; mtfa, midterm flow anomalies computed using 30 days of daily 
streamflow; stfa, short-term flow anomalies computed using 1 day of daily streamflow; pH1d, short-term pH anomalies computed using 1 day of daily pH values; pH, daily median pH; TBY1d, short-term tur-
bidity anomalies computed using 1 day of daily turbidity values; SC1d, short-term specific conductance anomalies computed using 1 day of daily specific conductance values. ID, identification; R2, generalized 
coefficient of determination; AIC, Akaike’s Information Criteria*]

Site ID 
(table 1)

Pesticide

(A) Standard surrogate model (B) Base SEAWAVE-Q model§ (C) SEAWAVE-Q model (with surrogates)§

Number of 
observations

R  2 AIC Scale
Variables 
in model

R  2 AIC Scale
Variables 
in model*

R2 AIC Scale
Variables 
in model*

Surrogate 
variable 
group†

FC Triclopyr 145 0.33 353.84 0.776 pH, SC, 
TEMP, 
TBY

0.42 115.67 0.331 mtfa, stfa 0.46 112.91 0.318 pH, SC, 
TEMP, 
TBY, 
mtfa, 
stfa

16

FC Triclopyr 145 0.31 355.76 0.786 pH, SC, 
TBY

0.42 115.67 0.331 mtfa, stfa 0.46 111.33 0.319 pH, SC, 
TBY, 
mtfa, 
stfa

14

FC Triclopyr 147 0.33 355.2 0.772 pH, SC, 
TEMP

0.41 117.73 0.332 mtfa, stfa 0.46 111.05 0.316 pH, SC, 
TEMP, 
mtfa, 
stfa

13

*The seasonal wave term, three time variables, and the Log(Scale) term were used in the SEAWAVE-Q models but not listed in this table.
†The model variable group used in SEAWAVE-Q model (with surrogates) and associated with table 2.
‡Pesticides analyzed for water years 2013–17.
§Model performance improved when using (1) B models versus A models or (2) C models versus B models. This was the case for all results in the B model column and, except where noted by a §§ or §§§ 

footnote, for all results in the C model column.
§§No change in model performance when using C models versus B models
§§§Model performance declined when using C models versus B models.
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Bentazon
Adding surrogates to the base SEAWAVE-Q model 

moderately improved estimates of bentazon concentrations. 
All four generalized R2 values improved but only explained 
3 percent more of the variation in the data. The AIC values 
for three of four site-pesticide-surrogate instances decreased 
somewhat, indicating a small improvement in these instances 
of the model’s performance. The fourth AIC value increased 
but not by more than 2 AIC units, indicating there is little evi-
dence that one model performs better than the other. All four 
scale values for bentazon decreased slightly (table 4).

Bromacil
All three generalized R2 values for bromacil remained 

unchanged with the addition of surrogates to the base 
SEAWAVE-Q models. AIC and scale values, however, 
decreased at all three site-pesticide-surrogate instances, 
indicating some improvement (table 4).

Imidacloprid
Adding surrogates to imidacloprid base SEAWAVE-Q 

models had mixed results on the model's performance. Three 
generalized R2 values (out of four) increased, explaining a 
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Figure 2. Observed and 
fitted atrazine pesticide 
concentrations at two National 
Water Quality Network sites 
during water years 2013–18; 
fitted concentrations were 
estimated by using the base 
SEAWAVE-Q and SEAWAVE-Q 
(with surrogates) models at, 
A, White River at Hazleton, 
Indiana, and B, Kansas River at 
DeSoto, Kansas.
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median of only 2 percent more of the variation in the data. 
Likewise, AIC values increased for three of four site-pesticide-
surrogate instances, indicating a decline in those instances 
of the model’s performance when surrogates were added 
(table 4). The scale values remained unchanged or decreased 
only slightly.

Simazine
For simazine, the addition of surrogates to the base 

SEAWAVE-Q model resulted in little improvement on the 
model's performance. The generalized R2 values remained 
unchanged for two out of three site-pesticide-surrogate 
instances (table 4). The third generalized R2 value increased, 
explaining only 2 percent more of the variation in the data. 
AIC values increased for two of three site-pesticide-surrogate 
instances, indicating a decline in those instances of the mod-
el’s performance (table 4). Likewise, two of the three scale 
values increased or remained unchanged.

Triclopyr
Adding surrogates to the base SEAWAVE-Q model 

moderately improved all three model criteria for triclopyr. All 
four generalized R2 values increased, explaining a median of 
4 percent of the variation in the data. Likewise, AIC and scale 
values decreased for all four site-pesticide-surrogate instances 
(table 4).

Summary and Conclusions
During water years 2013–18, the U.S. Geological 

Survey National Water-Quality Assessment Project sampled 
the National Water Quality Network for Rivers and Streams 
year-round and reported on 221 pesticides at 72 sites across 
the United States. Pesticides are difficult to measure, their 
concentrations often represent discrete snapshots in time, and 
capturing peak concentrations is expensive. Three types of 
regression models were developed to estimate daily concentra-
tions for two selected pesticides at each of six National Water 
Quality Network for Rivers and Streams sites and included 
(1) a standard regression model that included surrogates 
and periodic functions (sine-cosine) of pesticide applica-
tion use; (2) the seasonal wave with flow adjustment model 
that included a seasonal component and flow anomalies but 
excluded surrogates; and (3) the seasonal wave with flow 
adjustment model that included a seasonal component, flow 
anomalies, and surrogates. Because of low observation num-
bers, results from this study can be considered a pilot effort 
with the possibility that some models are overfit.

The use of continuously measured water-quality proper-
ties such as turbidity and specific conductance as surrogates 
for measuring suspended sediment and chloride concentra-
tions, respectively, has applicability based on well supported 

theories. Pesticide concentrations, on the other hand, are not 
known to correlate well with such water-quality properties 
but instead with the timing of pesticide applications. The 
SEAWAVE-Q model was designed to represent the timing of 
pesticide applications by accounting for flow anomalies and 
including a more complex variable for seasonal patterns; thus, 
the base SEAWAVE-Q model dramatically improved pesticide 
concentration estimates when compared to standard regression 
models. In all site-pesticide-surrogate instances, generalized 
R2 values increased by 3 to 56 percent (median of 25 percent) 
when compared to the standard surrogate regression models 
and thus improved the models by explaining more of the 
variability.

The addition of surrogate variables such as pH, specific 
conductance, turbidity, and water temperature to the base 
SEAWAVE-Q model to improve estimates of pesticide con-
centrations has no theoretical basis and is purely empirical. In 
general, the SEAWAVE-Q (with surrogates) model resulted in 
only modest improvements to model-performance values; gen-
eralized R2 values increased by only 0 to 10 percent (median 
of 3 percent). In some instances, combinations of the variables 
produced more appreciative improvements in model results. In 
those instances, we hypothesize that the surrogates correlated 
with some unknown measure that directly relates to pesticide 
transport (such as turbidity’s relation to agricultural drainage 
pipes or water temperature’s relation to groundwater versus 
surface-water sources).

In all cases examined for this study, SEAWAVE-Q pro-
vided better estimates of daily pesticide concentrations than a 
standard surrogate regression modeling approach. The addi-
tion of surrogates to the base SEAWAVE-Q model tended to 
marginally improve estimates of pesticide concentrations but 
did help more in selected cases; however, this improvement 
came at a cost. The more complicated models incorporating 
surrogate variables had a greater likelihood of having missing 
observations because of sensor fouling or failure. The greater 
the number of surrogate variables included in a model, the 
greater the likelihood that one sensor would fail resulting in 
a missing observation for which estimates cannot be made. It 
may be desirable for situations where the addition of surro-
gates substantially improves estimated pesticide concentra-
tions to simultaneously maintain a base SEAWAVE-Q model. 
This simpler model could be used to estimate concentrations 
for days with missing surrogates. These estimates would have 
greater uncertainty than those from the better model but could 
still provide usable estimates.

At the time of this investigation, SEAWAVE-Q is limited 
in temporal resolution to daily estimates. Pesticide concen-
trations can vary throughout the day, especially in smaller 
streams during storm events. As it stands, SEAWAVE-Q 
cannot estimate these short-term fluctuations, but refine-
ments to the software to allow estimates at shorter time steps 
(such as hourly) may allow the SEAWAVE-Q model to better 
capture short term flow variability and its effect on pesticide 
concentrations.
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