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Flux quanti cation for riverine water-quality constituets has been an active area of
research. Statistical approaches are often employed to makestimation for days without
observations. One such approach is the Weighted Regressiaon Time, Discharge,
and Season (WRTDS) method. While WRTDS has been used in many istigations,

there is a general lack of effort to identify factors that iuence its estimation bias.
This work was aimed to (1) synthesize and compare WRTDS estirian bias for
constituent concentrations and uxes for rivers and strears in the Chesapeake Bay
watershed (including headwater sites) and (2) identify ctrolling factors from ve broad
categories (watershed size, sampling practice, concentitéon and discharge conditions,
land use, and geology). Five major constituents were consated, namely, suspended
sediment (SS), total phosphorus (TP), total nitrogen (TNgrthophosphate (PQ;), and
nitrate-plus-nitrite (NQ). For both concentration and ux, estimation bias follows lie

general order of SS> TP > PO, > TN  NOy. Median TN and NQ, bias statistics
were near zero, with an equal distribution of small positiveand negative bias. TP,
POy, and SS each showed a median positive bias across sites of 18% for ux and

<7% for concentration. Particulate constituents, especiy SS, tend to have larger
bias at sites with smaller sampling frequencies, shorter sapling record lengths, and
smaller watershed sizes. Results of multivariate models slwed that both ux and

concentration biases are most affected by concentration ad discharge variabilities and
the length of concentration record. In comparison, ux biasof particulate constituents
is more affected by ow variability, whereas ux bias of disslved constituents is
more affected by concentration variability. Moreover, arigsis using classi cation and
regression trees provided additional information on how t factors affected ux bias:

when all site-constituent combinations are considered, e ux biases are more likely
associated with sites that have large concentration and dharge variabilities, small
lengths of concentration record, and small sampling frequecies. These results may be
useful for identifying sites with large biases, modifying amitoring practice at existing
sites to reduce those biases, and choosing new monitoring lcations in the Chesapeake
watershed and beyond.

Keywords: water quality, ux bias, nutrients, sediment, WRT DS, statistical estimation, river monitoring,
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INTRODUCTION each day in the observed record by evaluating the dependencie
of concentration on time, discharge, and season using samples

Surface water quality is of increasing concern around th@eemed to be most relevant to the day of estimatiefir{ch
world, with important consequences to the ecological heefth et al., 2010: Hirsch and De Cicco, 2)1Gonsequently, WRTDS
rivers and downstream lakes, estuaries, and oceans. Aecurgan better represent the temporally-varying seasonal and
quanti cation of the concentration and ux of materials discharge-related patterngvipyer et al., 2012; Hirsch, 2014;
transported by streams and rivers is critical to the manageme Chanat et al., 2016; Lee et al., 2018ince its publication,
of water resources. Water-quality ux, expressed asthéboéss \WRTDS has been adopted in a range of surface water-quality
passing a river gauging location over a given period of time, castudies in the United StatesSprague et al., 2011; Zhang et al.,
play an essential role toward the establishment of reswmati 2013, 2015: Green et al., 2014: Corsi et al., 2015: Stackpoole
targets (e.g., total maximum daily loads), calibration afevshed et al., 2017; Stets et al., 2018; Zhang and Blomquist,) 208
models (e.g., SPARROW), and evaluation of water-qualitydsen e|sewhere\(rzel and Ogrinc, 2015; Rankinen et al., 2016; Van
and changesJtow and Borsuk, 2003; Bowes et al., 2008; Shemfeter and Basu, 2017; Purina et al., 20M/RTDS has been
and Linker, 2013; Zhang et al., 2015 used to compute water-quality loads for a variety of constitae

For many river monitoring programs, discharge is availablgncluding total nitrogen (TN), nitrate-plus-nitrite (NQ),
at a daily resolution but water-quality constituent contr@ion  total phosphorus (TP), orthophosphate (RQand suspended
(e.g., nitrogen, phosphorus, and sediment) is sampled &ediment (SS).
more sparse frequencies. For example, sites in the Chesapeakerecently, several studies have explored the relative
Bay watershed, which has comparatively intense long-terfperformance of WRTDS vs. other statistical methods. The
monitoring in the United States, have 20-40 samples per year thatt such study was done byloyer et al. (2012)who compared
include at least 12 regular monthly samples and eight targetayRTDS and the 7-parameter LOADEST model (LZpfin et al.,
storm ow samples Chanat et al., 20)6In comparison, water- 1989, 1992; Cohn, 20D5The authors concluded that WRTDS
quality data at many other locations tend to have even smallgyroduced ux estimates for all site-constituent combinatio
temporal resolutions and often do not have targeted stormhat were more accurate than L7. For 67% of the combinations,
ow samples. WRTDS and L7 both produced estimates of ux that were

Over the last few decades, many regression-based Wninimally biased compared to observed uxes; however, for
estimation approaches have been developed by investigat@go, of the combinations, WRTDS produced estimates of ux
(Dolanetal., 1981; Cohnetal., 1989, 1992; Kronvang andBruhthat were considerably less biased (by at least 10%) than L7.
1996; Crowder et al., 2007; Johnes, 2007; Birgand et al., 20 addition, Hirsch (2014)further compared WRTDS with
2011 and Stenback et al., 2011; Park and Engel, Y0These poth the L7 model and the 5-parameter LOADEST model
approaches generally estimate daily concentrations andsuxg|5) using subsampling of six nearly-daily monitoring recsrd
based on statistical relations between observed cond@mtra of NO, and total phosphorus TP. The author showed that
and a set of explanatory variables, which typically includgithough L5 and L7 often produced nearly unbiased estimates,
time, discharge, and season. The estimation bias of theggey sometimes produced highly biased estimates. These
approaches depends on several factors, including the type §évere biases may arise in three conditions: (1) lack of t of
constituent (dissolved or total), the calculation methdde the Concentration_discharge re|ati0nship (On |Og_|og |e¢‘a
length of data record, variabilities of discharge and ux#® (2) substantial dierences in the shape of this relationship
size of watershed, and the sampling strateBylertson and across seasons, and (3) severely heteroscedastic resiByal
Roerish, 1999:; Littlewood and Marsh, 2005; Moatar et a'.,;201§0ntrast, WRTDS was found to be more resistant to these
Raymond et al., 2013; Worrall et al., 2013; Williams et alissues due to its more exible structure, although it was not
2019. For these approaches, a single regression model is usuadiiyays immune to these issues. Furthermoféanat et al.
established for the entire record based on common assumgtion2016)expanded upon the above e orts by comparing WRTDS
of homoscedasticity of model errors and xed relations beéw and L7 for 80 sites in the Chesapeake Bay watershed. The
concentration and each covariate. These assumptions, f@Wwevauthors reported that WRTDS had greater explanatory power
can be frequently violated in reality and pose obstacles fahan L7, with the greatest degree of improvement observed
unbiased ux estimation—see examplestirsch et al. (2010) for records longer than 25 years—particularly for SS and
andZhang et al. (2016) TP—and the least degree of improvement for records shorter

To overcome these obstaclesysch et al. (2010put fortha  than 10 years, for which the two models performed nearly
method called “Weighted Regressions on Time, Discharge, angqually. Based on these results, the USGS adopted WRTDS as
Season (WRTDS).” Like many of its predecessors, WRTDS us@@ primary model for estimating constituent uxes for sites

time, discharge, and season as explanatory variables: in the Chesapeake Bay Nontidal Water-Quality Monitoring
Network (Chanat et al., 2036 Finally, Lee et al. (2016)
INC)D oC 1tC 2n(Q)C 3sin.2 t/C 4co0s.2 t/C" evaluated the accuracy of WRTDS, L7, and several other

methods across a broad range of sampling and environmental
where C is concentratiort, is time in decimal yearsQ is daily  conditions. The authors reported that most methods provided
discharge, i are tted coe cients, and " is the error term. accurate estimates of specic conductance and TN but less
However, it functionally develops a separate regression hfiode accurate estimates for NQ TP, and SS. WRTDS and other
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methods that allow for exible concentration-discharge The initial network formed around 1985 with coordinated
relations exhibited better estimation accuracy. The argho monitoring at nine sites located at the fall line of nine
also concluded that high- ow sampling can result in improvedmajor tributaries. In 2004, the network was formalized and
estimation accuracy, which is supported by several othesubsequently expanded. Currently (2018), the network has 115
investigations $prague, 2001; Chanat et al., 2016; Zhang anmonitoring sites Figure 1). These sites span four orders of
Ball, 201Y. magnitude in drainage area (1.7-70.189%nDetails of these
While WRTDS has been used in many investigationsites are listed ifable 1and Table S1(Data Sheet Sp
worldwide, there is a general lack of e ort to identify factor Sites in this network have been sampled using standardized
that in uence the method's estimation bias. In this regard,protocols and quality-assurance procedures designed to canput
the overall objectives of this work were: (1) to providepollutant loads and assess changes in pollutant loads over
a comparison of WRTDS estimation bias for water-qualitytime. Primary water-quality constituents involved TN, NO
constituent concentrations and uxes for a range of riversla TP, PQ,, and SS. Routine samples are collected monthly, and
streams in the Chesapeake Bay watershed, and (2) to investigaight additional storm-event samples are collected per year t
the relative importance of various factors in determininggth obtain at least 20 samples per yeaarfgo and Batiuk, 20)6
magnitude of WRTDS bias. To limit the scope of the work, weSamples are collected by nine agencies and are analyzed by ve
focused on evaluating WRTDS models recently published for thiaboratories according to standard operating procedureg tha
10QC stations in the Chesapeake Bay Nontidal Water-Qualityconform to Nontidal Monitoring Network protocols and quality
Monitoring Network (Moyer et al., 201)7 While that prior  control speci cations (J. S. Environmental Protection Agency,
work provides the daily estimates of water-quality congtitut  2010; Tango and Batiuk, 20/16
concentration and load for the various sites, our currentrkvo
quanti es the WRTDS estimation bias for each site-constitt  WRTDS Estimation Bias
combination and provides a pioneering exploration of the fasto Water-quality concentration and daily river discharge alatave
a ecting the estimation bias using machine learning techu@g. been compiled and analyzed bjoyer et al. (2017jo estimate
In the latter regard, a number of potentially in uential faws  daily concentrations and uxes using WRTDS. Functionalby, f
are considered, which fall into ve broad categories, namel each day in the observed record, WRTDS develops one separate
watershed size, sampling practice, concentration and digeha regression model to estimate constituent concentratiompré-
conditions, land use, and geology. While prior studies havscreens the entire concentration data set and selects sathple
typically used a sub-sampling methodology from relativebhhi  are su ciently “close” to the estimation day in three dimdoss,
frequency data to quantify the e ects of factors such as veaied  i.e., time, season, and discharge. The selected sampleseate u
size, sampling strategy, and length of recorbi{nes, 2007; to build a weighted regression model and the tted coe cients
Birgand et al., 2010, 2011; Defew et al., 2013; Kumar eDal3;2 are used to estimate concentration on the estimation day by
Horowitz et al., 2014; Elwan et al., 2),18ur analysis approach substituting known values of time and daily discharge. To
is unique as the candidate factors are evaluated simultsigo expedite the estimation, the steps above are conducted on a
using machine learning techniques. The results from thiggmb grid network formed by time and log-discharge. For the time
are expected to provide useful information on the accuracy oéxis k-axis), grid values are spaced 1/16th of a year apart
estimated constituent concentrations and uxes in a widega from the beginning year to the end year of the record. For
of tributaries to Chesapeake Bay. This would be valuabledo ttithe log-discharge axis/{axis), 14 grid values are spaced with
Bay management and research community in several aspeatgjual distance for the discharge range from ve percent below
including the development and calibration of the Chesapeakthe minimum discharge to ve percent above the maximum
Bay Watershed ModelShenk and Linker, 20)3n the context discharge in the record—seeéirsch and De Cicco (2015¢r
of the Chesapeake Bay Total Maximum Daily Loads §&. Zhang et al. (2016&pr examples of the grid. For each grid point,
Environmental Protection Agency, 2010; Linker et al., J013WRTDS develops a separate weighted regression model, which
and the exploration of estuarine processes that are primarilgesults in an estimated concentration “surface” as funiof
driven by river inputs. These results can help the Chesapealiene and log-discharge. Daily concentration is then estada
Bay Program partnership re ne sampling and site selection fousing a bi-linear interpolation of this regression surfaatjch
its Nontidal Water-Quality Monitoring Network, which may be is then multiplied by daily discharge to compute daily ux.
useful to the design and operation of water-quality monitgyi Full estimation details are described litirsch and De Cicco

networks elsewhere. (2015) WRTDS is currently (2018) implemented through the
Exploration and Graphics for RivEr TrendEGRED R package
METHODS (Hirsch and De Cicco, 20}5
An important point to note is that WRTDS is a highly
Sites and Data exible method, which can be over tted to the data,

The Chesapeake Bay Nontidal Water-Quality Monitoringparticularly to the more extreme values in the data set.
Network is a partnership implemented among the States in thdoward that end, WRTDS uses a “leave-one-out-cross-
Chesapeake Bay watershed, the U.S. Environmental Protectivalidation” approach to compute the estimated concentrations
Agency, the U.S. Geological Survey, and the Susquehantidrsch and De Cicco, 20)5 For each observation in the

River Basin Commission (https://cbrim.er.usgs.gov/intgrl).  concentration record, WRTDS runs the weighted regression
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FIGURE 1 | Map of the Chesapeake Bay watershed and sites in the Chesapéa Bay Nontidal Monitoring Network.

for that specic discharge and time, but with that specic estimated daily ux, relative to observed daily ux, on the
observation left out of the data set. This cross-validatiorsubset of days having observed concentration data. It is
approach provides a more realistic evaluation of the modelde ned as
ability to make predictions. ] ) )

In this work, we downloaded the published R workspaces (Méan of estimated daily ux - mean of observed daily zux)
for the Chesapeake Bay Nontidal Water-Quality Monitoring mean of observed daily uxr
Network for all applicable sites and constituentsiaer  (mean of estimated daily ux / mean of observed daily ux)—1
et al.,, 201). There are 100, 68, 90, 77, and 90 sites for
TN, NOy, TP, PQ, and SS, respectively, totaling 425This metric was selected for model evaluation for two reason
site-constituent combinations. For each site-constituen(1l) water resource managers are often interested in average
combination, we used the uxBiasStat function in the annual and long-term mean uxes and (2) it is a standard output
EGRET R package version 2.6.0 to quantify the bias irof WRTDS. We note that there are other metrics that may
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TABLE 1 | List of explanatory variables and their de nitions, units, 1ad data sources.

Variable De nition Source @ Unit Min Median Max

WATERSHED SIZE

Area_km2 Drainage area of the monitoring station NWIS kn? 17 609 70189
SAMPLING PRACTICE

N_yr Length of the record in years NWIS Year 5.0 12 32
N_perYear Average number of samples per year NWIS Year 1 7.3 18 40
NhighQ_perYear Average number of storm ow samples per yeQr NWIS Year 1 0.063 3.6 8.7
CONCENTRATION AND DISCHARGE CONDITIONS

Qmed_mpy Median daily discharge NWIS m/year 0.092 0.24 0.44
Q.CoV Coef cient of variation of daily discharge NWIS Unitless 0.49 15 3.2
Cmed Median concentration NWIS mgl/l 0.0030 0.51 36
C.CoV Coef cient of variation of concentration NWIS Unitless 0.11 0.91 5.8
CQ.cor Absolute value of correlation between paired concemation and discharge NWIS Unitless 0.00036 0.49 0.93
BFI Base- ow index® NWIS Unitless 0.18 0.47 0.83
LAND USE

Urban_pct Fraction of urban land NLCD Percent 1.2 55 98
Forest_pcld Fraction of forest land NLCD Percent 1.9 7.3 74
Crop_pct Fraction of cropland NLCD Percent 0 6.2 89
Pasture_pct Fraction of pasture land NLCD Percent 0.058 19 75
GEOLOGY

Unco_pct Fraction of unconsolidated area NWALT Percent 0 0 100
Carb_pct Fraction of carbonate area NWALT Percent 0 13 100
Crys_pct Fraction of crystalline area NWALT Percent 0 4.1 100

See Figure S1 (Data Sheet S1 ) for variable distribution. Se€eTable S1 (Data Sheet S2') for site-speci ¢ values of the variables.

aNWISD National Water Information System (http://dx.doi.org/10.5066/F7P55KJIN); NLCD National Land Cover Database (https://www.mrlc.gov/data); NWALD U.S. conterminous
wall-to-wall anthropogenic land use trends ffalcone, 2015).

bA concentration sample is considered as a storm ow sample if its assoated daily discharge exceeds the 95th percentile of the daily discharge recorfor that speci ¢ year (Chanat
etal., 2016).

CEstimated for each station using the Lyne-Hollick Iter methodL{yne and Hollick, 1979; Nathan and McMahon, 199) through the R package EcoHydRology version 0.4.12-(ika et al.,
2014).

4The variable “Forest_pc%owas excluded from the statistical modeling analysis due to its high corrlion with the other land use variables.

be used for model evaluation, e.g., the Nash-Sutcli e cogm relative to the “true” annual value that would have been coregut
but we focused on the bias statistic in our current work. Indirectly, had daily concentration observations been add. In
experiments with records having dense (in some cases neatlyis work, we have evaluated patterns of both the ux bias dred t
daily) sampling, this statistic was found biirsch (2014)to be  concentration bias. These bias values are summarizéakile S1
a useful, although non-linear, predictor of bias in annualk u (Data Sheet SR

estimates made using WRTDS on sub-sampled concentration

data, relative to more accurate estimates computed dirérciiy Explanatory Variables

]ngdf:t!‘“?t of concentration observations; segsch (2014) To explain the observ_ed patterns in WRTDS_ estimation bias, a
We also modi ed theuxBiasStatfunction to quantify the bias set of explgnatory var!ablee 0 17) were consideredigble D'.
in estimated concentration, de ned as, These vanaples fall '|nto the categories Qf Watershed size (
D 1), sampling practicen(D 3), concentration and discharge
conditions g D 6), land use § D 4), and geology n( D
3). For each monitoring site, land use variables, expressed in
daily concentration) -1 the unit of percent, were quanti ed using the National Land
Cover Database (NLCDMulti-Resolution Land Characteristics
For the purpose of our work, the terms “ ux estimation bias” Consortium, 2018 We chose to use the NLCD data for year
and “concentration estimation bias” refer to the ux biagstic 2001 because it is roughly in the middle of the WRTDS
and concentration bias statistic, respectively. These o®etrianalysis period (1985-2016). Geology variables, also expresse
provide a comparison between estimated daily load (or dailyn percent, were obtained from the U.S. conterminous wall-to-
concentration) and observed daily load (or daily concetitrd ~ wall anthropogenic land use trends (NWALT) datasealcone,
for the entire period of analysis and, for ux, provide useful 2015. Similarly, we chose to use data associated with year
indices of the bias in annual ux estimates derived from WRID 2002. Watershed size information was extracted from the

(mean of estimated daily concentration / mean of observed
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published R workspacesvipyer et al., 201)7 BFI, the ratio by their sum, so the scaled scores summed to be one. We adopted
between base ow and total river ow, was calculated using th a multiple-model approach to consider the variable importance
Lyne-Hollick Iter method (Lyne and Hollick, 1979; Nathan scores from all three models. Speci cally, we calculated the
and McMahon, 199p through the R packageEcoHydRology average of scaled scores from the three model types for each
version 0.4.12 Kuka et al., 2004 All the other variables explanatory variable and used these average scores to rank
were calculated using the river discharge and concentratiothe variables.
records stored in the published R workspacé&oyer et al., Finally, dichotomic tree plots were developed from the CART
2017, which were originally retrieved from the U.S. Geologicaimodel output using thefancyRpartPlotfunction in the rpart
Survey National Water Information System (NWIS; http://dx. R package (version 4.1). These plots show whether estimation
doi.org/10.5066/F7P55KJN) and the Chesapeake Bay Progrdnias is large or small while an explanatory variable exceeds a
Water Quality Database (https://www.chesapeakebay.nat/wh algorithm-determined threshold. Such tree plots can provide
downloads/cbp_water_quality _database_ 1984 presentlthén complementary information to the variable importance scores,
calculation of NhighQ_perYear, a concentration sample idecause the latter cannot reveal any information on how the
considered as a storm ow sample if its associated daily diggh  variables in uence the bias.
exceeds the 95th percentile of the daily discharge record for
that speci ¢ year Chanat et al., 20)6 The distributions of all RESULTS
explanatory variables are shown kigure S1(Data Sheet S|L
and their site-specic values are summarized Fable S1 Distribution of WRTDS Estimation Bias
(Data Sheet Sp Flux estimation bias is summarized with boxplotshigure 2A

The explanatory variables were analyzed in terms ofh general, sediment-associated constituents tend to hagera
multicollinearity. Speci cally, we calculated the Spearimaank  ux biases than dissolved constituents—the median bia®¥edl
correlation between each two variables as well as the @ianthe general order of SS TP> PO; > TN  NOy. Median TN
in ation factor (VIF). In general, multicollinearity is cosidered and NO bias statistics were near zero, with an equal distribution
severe if VIF> 10 (Kutner et al., 2000t Our results show that of small positive and negative bias. TP,/2@&nd SS each showed
only Forest_pct has a VI¥ 10, which is strongly correlated with a median positive bias across sitesdi8% for ux (Figure 2A)
Crop_pct (correlationD 0.67). Thus, Forest_pct was excludedand < 7% for concentrationKigure 3A). The bias for TN ux is

from subsequent statistical analysis. almost identical to that of N@Q ux, re ecting the dominance of
o _ NOy in TN ux. These two constituents also show very narrow
Statistical Modeling ranges in bias with medians of0.3%. The bias for TP ux

Three statistical approaches were used to examine the moderately larger than that of ROux, because TP ux is
relationship between WRTDS estimation bias and the compilechore dominated by particulate P in many river systems. The two
set of explanatory variables. These approaches are generalivedstituents also show wider ranges in bias than TN and(NO
additive model (GAM), classication and regression treebut their 3rd quantiles are still below 16%. The bias for SS ux
(CART), and random forest (RF)Hastie et al., 2009 GAM  has the widest range among all constituents, with a median of
is a relaxed version of linear models by adding the exipilit 18%, a third quantile of 47%, and a maximum of 89%.
of additive models. As a semi-parametric model, GAM allows Flux estimation bias is further broken down to subgroups
the linear terms in the model to be any desired function ofto provide clues on the eects of sampling frequency
the covariate or covariates rather than strictly lineardtions.  (Figures 2B,Q, sampling record length Hgures 2D,B,
CART is a non-parametric model that recursively partitionsand watershed sizd-igures 2F,G. For N_perYear, the median
data and uses a very simple model within each partitionvalue, i.e., 18 yeat, is used as the cuto , which is also close to
Its advantages include quick insight into data patterns andhe sampling protocol of 20 yeat. For N_yr, the median value,
relationships using simple tools such as tree plots. Its basie., 12 years, is used as the cuto. For Area_km2, the median
algorithm involves growing the tree and pruning the tree. RF iz/alue is 609 krfy but 200 kn? is used as the cuto to capture
an ensemble non-parametric model that builds multiple decisio the patterns at small watersheds. Several important patterns
trees and merges the trees together to get a more accurate dmave emerged. First, the general ranking of constituent ux
stable prediction. RF is a exible, easy to use machine legrnirbias—i.e., SS TP> PO;> TN NOy—remains valid for these
algorithm that is widely used for its simplicity and its abylto  di erent subgroups of sites. Second, ux bias for TN and NO
handle both classi cation and regression tasks. is still centered around zero with narrow ranges. By corntras
We used theR packagesngcv(version 1.8)rpart (version the other three constituents, especially SS, show contgastin
4.1), andandomForestversion 4.6) for implementing the GAM, patterns between di erent site conditions: ux bias tends te b
CART, and RF models, respectively. The modeling analysis wksger for sites with smaller sampling frequenciésggre 2C
done for each individual constituent and for all constitien vs. Figure 2B), shorter sampling record lengthsFigure 2E
considered together. Model output was diagnosed, and thes. Figure 2D), and smaller watershed sizeEigure 2G vs.
relative importance of each explanatory variable was exdact Figure 2.
which represent the relative signi cance of each variable in Concentration estimation bias is summarized with boxplots
determining the estimation bias. For each of the three modeh Figure 3 using the same y-axis scale asFigure 2 to aid
types, we scaled the variable importance score of each variabbmparison with ux bias. First, the general ranking of uxds
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FIGURE 2 | Boxplots showing the estimation bias for constituentux for (A) all data and (B-G) their subsets. The subsets correspond to different groups b(B,C)
sampling frequency,(D,E) sampling record length, and(F,G) watershed size. Numbers in the brackets indicate numbers adipplicable sites for each boxplot.

remains valid for concentration bias for all daféigure 3A) and  shorter sampling record length&igure 3Evs. Figure 3D), and
for di erent subgroups Figures 3B-G. Second, as was the casesmaller watershed sizdsigure 3Gvs.Figure 3F). However, such
with ux bias, concentration bias for TN and NQis centered contrast appears to be no longer applicable to TP and.PO
around zero in all plots. Third, the other three constitugnts

especially SS and TP, show generally smaller concentraisn b|mportance of the Explanatory Variables
than their ux bias. The median concentration bias for TP and|n contrast to the boxplots presented above, multivariate

POy is 3% or smaller, close to the nearly unbiased status of Tpproaches (i.e., GAM, CART, and RF) allowed the potential
and NG, estimates. SS concentration bias has a median of 7% aaccts of the explanatory variables to be evaluated simutiasky

3rd quantile of 22%, about only half of those statistics forsS  and ranked in terms of their relative importance in deternmigi
bias. Fourth, SS still shows contrasting patterns betweeretit ~ \WRTDS estimation bias Figure 4 and Table 2. For ux

site conditions: its concentration bias tends to be largersites  estimation bias Figure 4A and Table 2, C.CoV is the most
with smaller sampling frequenciesigure 3C vs. Figure 3B),  in uential variable, followed by Q.CoV, N_yr, Cmed, BFI,
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CQ.cor, Area_km2, and Qmed_mpy. The land use and geolodyor the category of watershed size, none of the ve constitsien
variables appear to be the least in uential in determining ux has Area_kmz2 in the top- ve variable list. For the category of
bias. For concentration biagigure 4B and Table 2, C.CoV  sampling practice, N_yr is on the top- ve lists of TP, RGnd
is again the most in uential variable. The top-eight variebl SS, and NhighQ_perYear is on the top- ve lists of P&hd SS.
remain almost the same as in the case of ux bias; the onlifor the category of concentration and discharge conditjienery
new top-eight variables for concentration bias are two lasd u variable is on the top- ve lists for at least two constituents.
variables (Crop_pct and Pasture_pct), which replace Area_kmarticular, C.CoV has a high ranking for TN, NQand PQ,
and Qmed_mpy. Consistent with ux bias, concentration biaswhile Q.CoV has a high ranking for SS and TP. For the category
seems to be least in uenced by the geology variables. of land use, Urban_pct is on the top- ve lists of TN and TP, and
The relative importance of explanatory variables appears tGrop_pct is on the top- ve list of TN. Finally, for the categorf o
be constituent-speci c. For brevity, we focus only on colgint  geology, Unco_pct is on the top- ve list of NGand Crys_pct is
ux bias and the top- ve variables for each constitueifaple 2.  on the top- ve list of SS.
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A  Flux Bias B Concentration Bias
C.CoV C.CoV
Q.CoV N_yr
N_yr Q.CoV
Cmed Cmed
BFI BFI
CQ.cor Crop_pct
Area_km2 CQ.cor
Qmed_mpy Pasture_pct
Crys_pct Area_km2
N_perYear Qmed_mpy
NhighQ_perYear Urban_pct
Pasture_pct Carb_pct
Crop_pct Unco_pct
Urban_pct N_perYear
Carb_pct * NhighQ_perYear
Unco_pct L Crys_pct
0.00 ' 010 ' 0.20 ' 0.30 005 ' 015 ' 025 '
Variable importance Variable importance
FIGURE 4 | Variable importance ranking from the highest to the lowestdsed on the three model types developed for constituenfA) ux bias and (B) concentration
bias for all site-constituent combinations. Se€Table 2 for numeric rankings used to calculate variable importanceas described in section Statistical Modeling.

TABLE 2 | Numeric ranking of explanatory variables' importance for w bias of all constituents, concentration bias of all condtients, and ux bias of each
individual constituent.

Variable All data All data TN NOx TP POy SS
(ux) (concentration) (ux) (ux) (ux) (ux) (ux)

WATERSHED SIZE

Area_km2 7 9 12 11 7 9 6
SAMPLING PRACTICE

N_yr 3 2 13 15 3 1 3
N_perYear 10 14 11 12 13 11 11
NhighQ_perYear 11 15 9 13 14 4 4
CONCENTRATION AND DISCHARGE CONDITIONS

Qmed_mpy 8 10 8 3 11 3 10
Q.CoV 2 3 10 6 2 8 1
Cmed 4 4 3 4 6 10 16
C.CoV 1 1 2 2 8 2 8
CQ.cor 6 7 6 5 1 5 14
BFI 5 5 5 7 4 13 2
LAND USE

Urban_pct 14 11 1 9 5 12 12
Crop_pct 13 6 4 8 9 7 7
Pasture_pct 12 8 16 10 12 6 9
GEOLOGY

Unco_pct 16 13 14 1 16 16 13
Carb_pct 15 12 7 16 15 14 15
Crys_pct 9 16 15 14 10 15 5

The ve most important variables in each case (i.e., orders 1-5) are hi¢jghted in red. SeeTable 1 for variable de nition.

Insights From CART Trees we used the CART model output to develop dichotomic tree
While the relative variable importance ranking can helpplots to better visualize the e ects of key variables. Thestsplo
identify the most in uential variables, they cannot providey are presented ifrigures 5-7 andFigures S2S4(Data Sheet SIL
information on how the variables in uence estimation bidkus, for di erent constituents. For brevity, we elaborate on N@nd
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FIGURE 5 | Regression and classi cation tree developed for constitueh ux bias for all site-constituent combinations. In each nodethe top number represents the
average bias (percent) of cases and the bottom numbers repsent the number of cases and the percentage of cases (in braak). Of the 425 cases for all

site-constituent combinations, 16 were excluded due to mising values in land use and/or geology variables.

SS below to represent a dissolved constituent and a parteculatew threshold of 0.75, again with small C.CoV corresponding
constituent, respectively. These tree plots reveal changes to small bias (mean: 0.88%) and large C.CoV corresponding
WRTDS estimation bias when an explanatory variable exceetts large bias (mean: 8.5%). The latter child node is then
an algorithm-determined threshold. (Note that these ploerev  split by N_yr with a threshold of 10 years, with large N_yr
based on CART only, whereas the variable importance scores @rresponding to small bias (mean: 4.8%) and small N_yr
section Importance of the Explanatory Variables were based arorresponding to large bias (mean: 17%). Back to the right
all three statistical models.) at the top node of the tree, the child node is further split
Figure 5 shows the CART tree plot for ux bias with all by Q.CoV with a threshold of 1.4, with small Q.CoV leading
constituents and sites considered. The rst split is based oto small bias (mean: 12%). The next levels of split are
C.CoV with a threshold of 1.7. The top node, with a meanassociated several variables, with smaller bias corresppal
bias of 9.2%, is split to child nodes of small bias (mean: 4.5%)naller Crys_pct, smaller BFI, larger N_yr, larger N_peryear
for small C.CoV and large bias (mean: 25%) otherwise. land larger NhighQ_perYear at the various splits. Overall,
other words, cases with larger concentration variabgitere the subgroup with the highest bias (mean: 56%) has the
more di cult to accurately estimate, an inference consigte characteristics of large C.Co\> (.7), large Q.CoV X1.4),
with the variable importance rankingF{gure 4, Table 2. For small N_yr €11 years), and small N_perYeat Z0 year?).
small C.CoV cases, the node is further split by C.CoV with &his result highlights the importance of sampling practice in
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FIGURE 6 | Regression and classi cation tree developed for constitueh ux bias for nitrate-plus-nitrite (NQ,). In each node, the top number represents the average
bias (percent) of cases and the bottom numbers represent theumber of cases and the percentage of cases (in bracket). Ohe 68 cases for NG, one was excluded
due to missing values in land use and/or geology variables.

determining ux bias for cases where C.CoV and Q.CoV are botlsmall Unco_pct € 34%) and large C.CoV>(0.72), although it
relatively large. should be noted that the subgroup with large negative biasaim
The CART tree for NQ ux bias is considerably simpler  8.1%) corresponds to large Unco_pet34%).
(Figure 6). At the top node, NQ ux has a mean bias of 1.5%, The CART tree for SS ux biag~{gure 7) is quite di erent
which is split by Unco_pct with a threshold of 34%. For sitedrom the tree for NQ. At the top node, SS ux has a mean
with Unco_pct>34%, NQ ux bias becomes strongly negative bias of 26%, which is split by Q.CoV with a threshold of 1.4,
with a mean of 8.1%. For sites with Unco_pet34%, NQ ux leading to child nodes of small bias (mean: 13%) for small ¥.Co
bias is slightly positive with a mean of 2.8%. This importanerol and large bias (mean: 35%) otherwise. This important role of
of Unco_pct is consistent with the variable importance rankingQ.CoV is consistent with the variable importance rankingutes
result for NG (Table 2. The latter child node is further split for SS Table 2. For the latter child node, it is further split by
by C.CoV with a threshold of 0.72, with small C.CoV leading toN_yr with a threshold of 11 years, with large N_yr correspargdi
small bias (mean: 1.1%) and large C.CoV leading to large bi&s small bias (mean: 25%) and small N_yr corresponding to
(mean: 9.2%). The node with mean bias of 1.1% is then furthdarge bias (mean: 51%). These two child nodes are further
split by two variables, with small bias corresponding to largesplit by NhighQ_perYear, Pasture_pct, and Crop_pct, with
NhighQ_perYear and large Area_km2. Overall, the subgroufarge NhighQ_perYear, small Pasture_pct, and large Crop_pct
with the highest bias (mean: 9.2%) has the characteristics obrresponding to low biases at the various splits. Back to the
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FIGURE 7 | Regression and classi cation tree developed for constituen ux bias for suspended sediment (SS). In each node, the top nurber represents the average
bias (percent) of cases and the bottom numbers represent theumber of cases and the percentage of cases (in bracket). Ohe 90 cases for SS, four were excluded
due to missing values in land use and/or geology variables.

left at the top node of the tree, the child node is furthershowed that sediment-associated constituents (SS and TP)
split by Crys_pct, Qmed_mpy, and NhighQ_perYear, withtend to have larger ux biases than dissolved constituents
small biases associated with small Crys_pct, small Qmed_mpgy;N and NOy), as observed in several previous investigations
and small NhighQ_perYear at the various splits. Two landMoyer et al., 2012; Chanat et al.,, 2016; Zhang and Ball,
use variables appear on the SS tree, but they seem to h&@l7}). The breakdown of estimation bias into dierent
opposite e ects: large Pasture_pct leads to large bias, whiteibgroups highlighted the eects of sampling practice
large Crop_pct leads to small bias. Overall, the subgroupnd watershed size: ux bias for particulate constituents,
with the highest bias (mean: 61%) has the characteristiespecially SS, tends to be larger for sites with smaller sagnpli
of large Q.CoV $1.4), small N_yr €11 years), and small frequencies, shorter sampling record lengths, and smaller

Crop_pct € 5%). watershed sizes.
In addition, accurate quantication of constituent
DISCUSSION concentration is critical to understanding in-stream proses

such as biogeochemical cycling. This work provided new
Accurate quanti cation of constituent ux has major information on concentration estimation biagigure 3), which
implications to ecological conditions of downstream reggjy has not been commonly reported in the literature. We found
waters (e.g., lakes, estuaries), particularly from a makmbe that concentration bias follows the general ranking of ukab
perspective. Our analysis of WRTDS estimation biigre 2  in terms of median—i.e., S§ TP > PO; > TN NOx. In
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addition, constituents with nearly unbiased ux estimatée., has the characteristics of small Unco_pet34%) and large
TN and NGO, have nearly unbiased concentration estimates fo€.CoV > 0.72). For SS uxFKigure 7), the subgroup with the
most sites. Constituents with positively biased ux estiegt highest bias (mean: 61%) has the characteristics of large\Q.C
i.e., TP, PQ, and SS, tend to have less biased concentratiofr 1.4), small N_yr €11 years), and small Crop_pck §%).
estimates than corresponding ux estimates. These resulfBhese results suggest that resource managers should sedrdi e
should lend more con dence to research that uses WRTD®xpectations on di erent constituents—i.e., large Nidases for
to generate concentration estimates. Lastly, we found thaiversand streams with large concentration variabilitiesl small
only SS has strongly contrasting patterns in concentratiopresence of unconsolidated area and large SS biases fa river
bias between dierent conditions of sampling practice andand streams with large discharge variabilities, small trengf
watershed size. concentration record, and small presence of cropland. For SS,
Characteristics of individual monitoring sites have stgon monitoring priority should be given to sites with large Q.CoV
e ects on WRTDS ux estimation bias. While prior studies and small Crop_pct, where bias is expected to decrease by
have typically used a sub-sampling methodology from relbtive increasing N_yr. For N sites with large Unco_pct>(34%)
high-frequency data to quantify the e ects of factors such asre generally located in the Coastal Plain areas on the Eastern
watershed size, sampling strategy, and length of rectwtr(es, Shore and Western Shore (e.g., Choptank River, Mattaponi
2007; Birgand et al.,, 2010, 2011; Defew et al., 2013; KumRiver, and Nanticoke River—sEgyure 1). These watersheds are
et al., 2013; Horowitz et al., 2014; Elwan et al., 008r underlain by unconsolidated sediments (e.g., clay, sand) an
analysis was aimed toward a simultaneous evaluation of thgroundwater ows through spaces between the sediment grains
candidate variables. When all constituents are considdseth  (Fenneman and Johnson, 194@he subsurface transport of
ux bias and concentration bias are most a ected by the saméOy may complicate its concentration signals manifested in the
top- ve variables, namely, C.CoV, Q.CoV, N_yr, Cmed, and BFtivers, resulting in the relatively high biases at these-liging
(Figure 4andTable 2, stressing the importance of concentration coastal locations.
and discharge variability, the length of concentration et Overall, these ndings may be useful for identifying siteshwit
and the relative contribution of base ow vs. rapid ow in large biases, modifying monitoring practice at existingssiie
determining bias. None of the watershed size, land use,alogg reduce those biases, and choosing new monitoring locations i
variables appears on these two lists. When each constituenttlee Chesapeake Bay watershed and beyond. WRTDS is shown
analyzed separately, ux estimation bias appears to be a ecteéd be appropriate for the majority of sites in this network.
by di erent combinations of variable categorie¥aple 2, but Compared with the previously used LOADEST method, WRTDS
almost all candidate variables appear on the top- ve list for ahas generally enhanced our method capability to estimate
least one constituent. For the top variables listed abov€p¥ riverine concentrations and uxesMoyer et al., 2012; Chanat
has high rankings for TN, N@ and PQ, while Q.CoV has high et al., 2015 However, WRTDS estimation for small watersheds
rankings for SS and TP. Such contrast shows that the ux biaguch as headwater watersheds) may not be as satisfactory as
of particulate constituents is more a ected by ow variabjiit for large watersheds, particularly for sediment and phosphorus
whereas the ux bias of dissolved constituents is more aeédtte  (Figures 2F,Q. For such watersheds, sampling design that was
concentration variability, re ecting the distinction ofdnsport aimed toward understanding the subtlety of nitrogen proesss
mechanisms between particulate and dissolved constituémts needs to be improved with modi ed sampling practice to better
addition, N_yr has high rankings for TP, RQand SS, suggesting capture the dynamics of sediment and phosphorus. In this
the importance of the length of concentration record forregard, high-frequency (e.g., 15-min to hourly) water-lifya
these constituents. samples can be particularly useful, which can be collected
The CART tree plots provided additional insights on howdirectly (e.g., nitrate sensors) or derived through suates (e.g.,
the variables in uence ux bias. For all constituents cafesied  turbidity, pH, speci ¢ conductance)Hellerin et al., 20061t has
(Figure 5), the subgroup with the highest bias (mean: 56%)een established that the surrogate approach can generate ux
has the characteristics of large C.Co¥ 1(7), large Q.CoV estimates that have reduced uncertainfiagtram et al., 2009;
(>1.4), small N_yr €11 years), and small N_perYeaxZ0 Pellerin et al., 2014; Stutter et al., 2RIWRTDS, as many
year 1). The implication is that resource managers shouldother statistical approaches, is subject to the limitatiordata
expect large ux biases for river and streams that havevailability. For SS and TP, more concentration samples teeed
large concentration and discharge variabilities, smaligtes be collected to better represent storm ow conditiorispfague,
of concentration record, and small sampling frequencies2001; Ide et al., 2012; Chanat et al., 2016; Zhang and Ball,
Thus, river monitoring may target the sites where C.CoV2017. Currently, the Chesapeake network engages a sampling
and Q.CoV are relatively large—for these sites, it can bprotocol that collects at least 20 samples per year, with eight
particularly useful to increase the length of concentrationsamples targeted toward storm ow condition€lfanat et al.,
record and/or the sampling frequency in order to reduce the201§. To further reduce estimation bias, more investment may
ux bias. be needed to increase the number of water-quality obsemati
The CART tree plots also demonstrated that ux estimationcollected each year during storm ow periods. Given that
bias of each constituent is determined by a unique set diunding resources may not be available to enhance storm ow
candidate variables={gures § 7 and Figures S2—-S For NO,  sampling and/or high-resolution sampling at all locations lret
ux ( Figure 6), the subgroup with the highest bias (mean: 9.2%network, monitoring can be strategically re ned by allooat
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funding resources to monitoring locations where estimatidas  with sites with large concentration and discharge varitibg,
is most a ected by the availability (i.e., length and freqoygn small lengths of concentration record, and small sampling
of water-quality samples. For example, when all constituentsequencies. Overall, these ndings may be useful for idgimtgf
are considered, the subgroup with the highest bias has thates with large biases, modifying monitoring practice asixg
characteristics of large C.Co¥% (..7), large Q.CoVX1.4), small sites to reduce those biases, and choosing new monitoring
N_yr (<11 years), and small N_perYear Z0 year?l). Thus, locations in the Chesapeake Bay watershed and beyond. Given
it may be most fruitful to increase N_yr and/or N_perYear atthat funding resources may not be available to maintain or
sites that have large C.CoV, large Q.CoV, and small N_yr. Morenhance the sampling at all locations in this monitoring
broadly, for many monitoring sites in the United States andnetwork (or others), monitoring can be strategically redhe
beyond, where only river discharge data are available ahieble by allocating resources to locations where estimation Igas
Q.CoV may serve as a preliminary guideline—i.e., if new watemost a ected by the availability (i.e., length and frequenof/
quality monitoring was to established, priority should beegito  water-quality samples.
locations where Q.CoV is small.

In future work, we recommend including sites from DATA AVAILABILITY
other geographical regions to place these results into a
more generalizable context to inform river monitoring and River monitoring data used in this research are available
management. This is feasible, since WRTDS has been adopt@dine through the U.S. Geological Survey National Water
in surface water-quality studies in many regions. In addfiti Information System (https://nwis.waterdata.usgs.govévand
the modeling approaches adopted in this work can be adapte@hesapeake Bay Program Water Quality Database (https://
to other water-quality constituents, such as chloride, joets, www.chesapeakebay.net/what/downloads/cbp_water_gualit
and organic carbon. Furthermore, this work is limited to axd  database_1984_ present). The published R workspaces for the
concentration estimates and it remains unclear how the bfas Chesapeake Bay Nontidal Network stations are availabl@enli
these estimates interacts with the accuracy of temporaldsen through the U.S Geological Survey ScienceBase (https://dbi.or
which is another important aspect of surface water-qualityl0.5066/F7RR1X68).
research. Lastly, this work focused entirely on traditipna
discretely sampled data. In this regard, future research mayUTHOR CONTRIBUTIONS
explore how estimation bias might be a ected by the addition of

high-frequency data. QZ conducted the statistical analyses, developed the models,
produced the tables and gures for the manuscript, and
CONCLUSIONS led the writing of the manuscript. All authors contributed

to the interpretation of results and the writing of
We synthesized and compared WRTDS estimation bias for véhe manuscript.
common water-quality constituents for a range of rivers and
streams in the Chesapeake Bay watershed (including headwaleUNDING
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